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Foreword

“Knowing, in order to predict”. It was this leitmotiv alone that Auguste Comte,
in the 19th century, considered suitable for the then rapidly developing empirical
sciences. This view remains unchanged until today—not only in the empirical
sciences themselves, but also in the philosophy of science. A scientific theory
is and should be evaluated primarily on the grounds of its capacity to correctly
predict observable phenomena. The aim of predicting takes precedence over the
other important aim of science, namely to produce and purposefully manipulate
phenomena by technical means in the laboratory, moreover, it even includes the
latter. For if scientists successfully produce and manipulate certain phenomena in
an experiment, they can ipso facto predict how that experiment will evolve under
certain conditions.

We live in a scientifically-dominated world: The more science progresses, the
more important correct scientific predictions become. To a sometimes even fa-
tal extent we have made ourselves dependent on science and its resuits. Our
scientifical-technological interventions into nature, yet also into social processes,
cover ever larger spatial and temporal distances, and the consequences are ever
more drastic given the increasing effort that would be required to reverse the
effects—if that is possible at all. That is the reason why we ought to be very
well informed about the consequences of our actions, in particular those based on
science and technology.

The sciences, under pressure from economic constraints, tend to show them-
selves at their best, praising their “unlimited” possibilities. Its limits, in particular
its forecasting limits, that is something science talks about only reluctantly. The
philosophy of science, too, has hardly dealt with this topic so far. This will prob-
ably change with the impressive study by Gregor Betz.

This study puts a fundamental insight into action. For, alongside the growth of
ordinary knowledge in the sciences, grows the realization that the sciences in fact
face rather tight boundaries regarding their predicitive capacities. We have well
justified, partially mathematically underpinned empirical knowledge about when,
and why, and to what extent sciences fail predictively. This knowledge only has to
be deduced from the results of different disciplines, it has to be systematized and,
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eventually, applied to the analysis of the predictive failure of individual sciences.
That is exactly what Gregor Betz does, in an admirably thorough and transparent
manner.

Those disciplines which cannot banish the investigated phenomena to the lab-
oratory suffer in particular from forecasting limits. The reader of this book learns
why. Last but not least, this affects economics. The failure of economic forecasts
is the main subject of Gregor Betz’s study.

This is more than just an illustrative example which allows one to discuss the
reasons of predictive failure in a particularly transparent way. It is an extremely
sensitive example of utmost importance. Public debates about economic policy
are obviously dominated by economists who declare with great confidence and
hardly contested authority which policy measure will cause which consequence.
In short: Economists attempt to predict the macroeconomic development of a
national economy, or even the entire world economy. Yet, can macroeconomic
developments be properly predicted in the first place? Gregor Betz answers in the
negative, warranting his answer with conclusive arguments.

This alone is quite an achievement. And many philosophers of science would
be content with such a result. Not so Gregor Betz. For the realization that
economics faces insurmountable forecasting limits provokes a highly explosive
follow-up question: What are the implications of economic processes being es-
sentially unpredictable for economic policy-making? What does this mean for
the rationality of economic policy decisions? Can policy-makers rationally accept
the risk which consists in all economic policy measures being blind to the future?
And how should citizens, both as the political sovereign in a democracy and as the
ones being affected by economic policies, react to the impossibility of economic
predictions? This study, instead of avoiding this challenge, tries, in its third part,
to confront it with partially surprising, even provocative theses.

An enormously important debate is kicked off. I wish Gregor Betz’s book
many readers and a — at any rate controversial — discussion.

Holm Tetens



Preface

Having completed this study almost two years ago, here is its quintessence as I
would put it today: This book is about the future. And this book is about us.
Our limits; and the difficulties of acting rationally given these limits. Its message
carries a critique of a Weltanschauung according to which “we can make it”, in
brief: hubris. Humility, in contrast, must be the companion of all deliberations
about our actions and their long-term consequences.

This said, I would like to place the following notes and acknowledgments in
front of the study, touching a more personal string.

“What do you make of economic arguments like those we hear in talk-shows,”
I asked the student who sat next to me in the bus, “Do you have an idea about how
we could verify recommendations regarding economic policy?” Not too sure, ei-
ther, my neighbor replied: “Statistics, I guess.” It was the summer of 1998 and the
bus full of undergraduate students was heading for La Villa, Italy, in the heart of
the Dolomite Alps where we were going to attend a summer school. “Sustainable
development” was the course I had chosen.

The Dolomites are a landscape without horizon. There are but saw-like rows
of clear and sharp peaks that attempt to cut the sky in two, waiting to be van-
quished. It was at the end of two remarkble weeks that charismatic professor F.
J. Radermacher told us to study economics in order not to be fooled by so-called
experts—though these, being an economist himself, were not precisely the words
he had chosen.

That had, curiously enough, never occured to me before. Back home, the first
thing I did was to buy a macroeconomic textbook (Samuelson & Nordhaus, by
chance). I devoured it. The mathematical analysis applied to social phenomena,
the diagrams, the entire mode of reasoning; never having been tought economics
at school I felt as if a door had been pushed open. I was captivated.

Ever since these days my relation to economics has been highly ambivalent:
fascination and admiration of its clarity and its rigor on the one hand, doubt and
scepticism in the light of its (unacknowledged) limits, sometimes even contempt
for its ideological misuse on the other hand. The decision to make this ambiva-
lence one of the central topics of my philosophical studies ripened and was finally
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reached not long after La Villa when I attended my first lecture on the philosophy
of science: a lecture by Holm Tetens at Freie Universitit Berlin, entitled “Limits
of science”.

Holm Tetens was a teacher, and eventually a friend, who shared my interest
in understanding both the limits and the role of economics. It is him, first and
foremost, whom I thank—for his curiosity, his marked preference for sharpened
theses, his healthy scepticism vis-a-vis philosophy, the time spent in discussion
with me.

There are other people and institutions to whom this book owes a lot and who
have helped me at very different stages of its genesis. Johannes Miinster, for in-
stance, urged me to back up my empirical statements much more carefully at an
early stage; Julian Reiss gave me reassuring feedback in the final phase. Nancy
Cartwright enabled me to spend six months at the Centre for the Philosophy of
Natural and Social Sciences in London (a stay generously financed by the Ger-
man Academic Exchange Service) where we discussed in particular chapter 7
and where I wrote the third part. Collaborating with Stefan Rahmstorf, I visited
the Potsdam Institute for Climate Impact Research which was not only important
with regard to my climatological case studies but gave me an opportunity to test
my claims regarding probabilistic decision frameworks.

Throughout my studies, the Studienstiftung des deutschen Volkes has sup-
ported me: not only financially but, even more importantly, ideationally by al-
lowing me to participate in summer schools, language courses and PhD seminars
where I faced so many challenging questions and views, met interesting people,
made friends. Thank you!

I dedicate this book to my parents.

Gregor Betz
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Chapter 1

Introduction

Economic policy making literally matters to all of us. Economics is supposed
to provide the necessary knowledge which enables policy-makers to take effective
economic policy decisions. This is why it is so important for all of us to understand
how reliable this kind of knowledge is. What can we reasonably expect from
economics and where are its limits? One particular scientific objective in the
policy-context is to make correct predictions. And the following inquiry is about
the limits of such macroeconomic predictions as well as about their sociopolitical
consequences.

This study’s overall line of reasoning is subdivided into three steps. Its first part
consists in assessing the predictive performance of macroeconomics and is going
to diagnose that economic forecasts fail consistently (part 1). As a next step, I
will present several alternative, non-exclusive and mutually reinforcing explana-
tions for macroeconomic forecast failure (part 2). The diagnosed and explained
forecast failure finally has important implications for rational decision making
and, in particular, compels us to revise the way we discuss and eventually take
economic policy decisions (part 3).

This introduction, in view of preparing the reader for the argumentation which
unfolds over the three main parts, first of all exposes and to some extent justifies
the type of my argumentation. By presenting a very short theory of forecasting,
it introduces, in a second place, the terminology and some basic principles which
are going to be applied throughout the whole study.

1.1 The general approach of this inquiry

In one sentence, this study might be described as a piece of comparative, empirical-
analytical theory of science in the tradition of the Enlightenment. The further
explication of these three characteristics will clarify my general approach.
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Theory of science as an empirical-analytical science

Describing my approach as empirical-analytical entails that it is not a priori: it is
not classical epistemology. For I believe that there are no relevant a priori limits
neither of economics nor of any other empirical science. In doing so, I take a
statement (about a limit of science) to be a priori, if and only if it holds irrespective
of what the world is like, i.e. if it can be derived from purely analytical statements
only.

As a first point to notice, a priori arguments that establish fundamental limits
of science typically fail. As early as in the late 1920s, after the first heydays of
economic forecasting, Oskar Morgenstern argued in Wirtschaftsprognose.: FEine
Untersuchung Ihrer Voraussetzungen und Moglichkeiten for a very strong con-
clusion, namely that “economic prediction is principally impossible for factual
reasons” (Morgenstern, 1928, p. 108)'. He thus not only attempted to show that
there are a priori limits of economic forecasting but that economic forecasting is
altogether impossible for a priori reasons. In other words, Morgenstern argued
that economic forecasts necessarily fail. Although none of his arguments actually
warrant this strong conclusion (see Betz, 2004) some of them can be reinterpreted
as explanations of forecast failure and will be referred to in part 2.

More recently, Nicholas Rescher presented in Predicting the Future some a
priori arguments which seem to prove some fundamental limits of prediction. The
following paradox is meant to show that the very idea of a perfectly predicting
machine, i.e. a machine that answers any question about the future correctly, is
inconsistent,

{We] could wire our supposedly perfect predictor up to abomb in such a
way that it would be blown to smithereens when next it answers ‘yes’.
And we now ask it: ‘Will you continue active and functioning after
giving your next answer?” (Rescher, 1998, p. 213)

Additionally, Rescher (1998, p. 218) presents a classical infinite regress of
justification in order to demonstrate that even if there were a perfect predictor, we
would never come to know it (or her or him). Here is a concise reconstruction of
that argument,

(1) We only know that P is a perfect predictor, if it is justified to belief
that all of P’s predictions will turn out true.

(2) Such a warrant can only be given by a perfect predictor who is
known as such.

! This as well as all the following quotes with German references are my translation. The

original version of longer quotes is given in the appendix.
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(3) Thus: We cannot know whether something or somebody is a per-
fect predictor or not.

I will skip the discussion of whether these arguments are sound and really high-
light a priori limits of prediction?; the point I would like to stress is rather: their
conclusions do not tell us anything about the possibility of economic prediction
in particular. They are of no relevance with regard to our central questions since
what we aim at in economic forecasting is obviously not the construction of a
perfect predictor.

In fact, one can give several arguments which conclude that there are no rel-
evant a priori limits of forecasting and which thereby show that arguments like
those of Morgenstern and Rescher have to fail. Consider, first of all, the argument
from abstractness: It states that if there were any a priori limits of forecasting,
then they would have to be so abstract in order not to be empirical that they would
not be interesting or relevant. For any such a priori statement would by definition
of “a priori” apply to our world as well as to every other possible world, as for
instance the possible world consisting of merely one planet completely covered
by moss. Whatever the forecasting limits are that our and that green world have in
common: they are of no interest when we want to assess and understand economic
forecasting limits.

A second argument is based on the following idea: One can consistently de-
scribe and even simulate a scenario where economic agents behave exactly like
presupposed in a simple economic model, say for instance Solow’s growth-theory>.
In that scenario, economic prediction is feasible, namely by making use of Solow’s
theory. In addition, all analytically true statements hold (by definition) in that
scenario, too. But then, the impossibility of macroeconomic forecasting cannot
be derived from purely analytical statements only. The scenario just described
is a counter-example. The complete argument can be reconstructed in a model-
theoretic way, but readers not familiar with model-theory may just skip the recon-
struction.

(1) There is an artificial, i.e. computer-simulated, world where

— households and firms behave as Solow’s growth-theory pre-
supposes, and, thus, Solow’s growth-theory is true,

2 Just notice that the paradox only shows that there cannot be a vulnerable (1) perfect pre-
dictor. What if the predictor were indestructible? As to the second argument, premiss (2)
is anything but obviously true for why should one not know by the very functioning of the
predictor (suppose it is a machine) that it makes correct predictions — maybe not in our
complex, but at least in a somehow simpler and more ordered possible world.

3 Which may count as the first modern theory of economic growth and is exposed in any
textbook about growth theories.
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— macroeconomic prediction is feasible, i.e. it is not true that
macroeconomic prediction is impossible (—p).

(2) This artificial world is a model (in a model-theoretical sense) of
our economic vocabulary and can be expanded to a model, Mg, of
our ordinary language that makes Solow’s growth-theory as well
as all analytical statements, A, true.

(3) Thus: Not for all models M: (Faq A) = (Fu p),1e. AE p.

(4) A+ p= AE p. (Consistency)

(5) Thus: A¥ p.

Quine’s attack of the analytic-synthetic distinctions yields, last but not least, a
third argument against a priori limits of forecasting. Quine argued — and most
philosophers would say: successfully — that there is no sharp distinction between
empirical and analytical statements. Our net of beliefs faces empirical tests as
a whole and any of its components could principally be revised in order to re-
establish coherence. Clearly, if there are no statements which are true by virtue
of their meaning and irrespective of what the world is like, then statements about
limits of science, in particular, cannot be of that kind, either.

(1) There are no analytical statements which cannot be revised given
new empirical evidence.

(2) A priori limits of science which hold irrespective of empirical facts
are by definition analytical statements which cannot be revised
given new empirical evidence.

(3) Thus: There are no a priori limits of science which hold irrespec-
tive of empirical facts.

Besides of being non-a priori, my approach is also non-metaphysical. What I
have in mind here is not only the claim that there are no metaphysical limits of
forecasting but also that one cannot explain forecast failure in metaphysical terms.
Successful explanations of forecast failure are empirical.

Consider for instance the metaphysical scenario Nancy Cartwright depicts in
The Dappled World according to which the macroscopic world “is for the most
part an unruly mess”. (Cartwright, 1999, p. 110) In the Dappled World, pre-
dictability is the exception — rather than the rule. But might this general state-
ment serve as an explanation of forecast failure?* I do not think so, mainly for two
reasons. First of all, the metaphysical scenario does not tell us why the planetary
system on the one hand is largely predictable whereas the economic system, on
the other hand, is not. Why is that the case and not the opposite? Why is the

4

I do not want to suggest that Cartwright actually considers it as an explanation.
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economic system not an exception to the metaphysical rule, too? What makes the
sun-system an exception? Since the metaphysical scenario does not answer these
questions, it is hardly a satisfying explanation of macroeconomic forecast failure.

In addition to these difficulties, I cannot see how somebody could come to
know that the World is such-and-such, for instance an unruly mess. As long as we
interpret Cartwright’s scenario as genuinely metaphysical, we have no reason to
believe it. Alternatively, it could be read as a general statement which summarizes
the typical experiences that humans engaged in all kinds of epistemic practices
have made for centuries. But as such, it would of course be an empirical statement
which solely rephrases instead of explains that forecasts typically fail.

Being non-a priori and non-metaphysical, this study is written from a, as Put-
nam (1981) called it, “internalist perspective”. All its results, including the diag-
nosed forecast failure and its explanations, hold conditional to the way we con-
ceive the world in general and the economic system in particular. In other words:
It might be that one day an ingenious scholar comes up with a revolutionary new
way to talk about economic phenomena and that what is referred to as “econ-
omy” according to that new language exhibits stable regularities which enable us
to make correct predictions. Possibly none of the reasonings presented in part
2 would be true within that new framework. On the other hand, our results, in
particular the obstacles to economic forecasting identified in part 2, are real and
urgent as long as we talk about the economy the way we talk about it today and
have talked about it at least during the last 200 years. And, of course, as long as
future economies are sufficiently similar to ours.

Equally, the notions “truth”, “world”, “reality” and so on are used in their
internalist, non-metaphysical meaning. In line with my philosophical conviction
that metaphysical notions (of truth etc.) are as relevant to our lives as the skeptical
hypothesis (that everything might just be dreamed etc.) — namely of no relevance
at all —, this study is also a demonstration of the ultimate importance of the
internalist perspective.

A further characteristic of my approach which the term “empirical-analytical”
tries to capture is that case studies will play an indispensable role in the course of
the argumentation. However, this study is not just a piece of empirical science, not
just another empirical study of economic forecast performance. For the argumen-
tation, notably in parts 2 and 3, seriously involves methodological reasonings, too:
The explanatory arguments are typically based on empirical and methodological
premisses. As I will make explicit in due course, some of these arguments rely
on Cartwright’s analysis of the scientific method, specifically her work on the
role of models as mediators between experiments and theories and the concept of
nomological machines.
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Comparative theory of science

As I have just said, case studies will form an important ingredient of this inquiry.
These cases will not only be drawn from economics but from a different science,
too, in order to enable us to make interdisciplinary comparisons. Whereas com-
paring forecast limits of economics with forecast limits of another science will
be illuminating, comparing explanations of forecast limits will be indispensable.
Since examining whether an argument that seems to explain economic forecast
failure applies mutatis mutandis to another science with similar or different fore-
casting limits is a way to check whether the argument really explains or not, ex-
planations should be cross-disciplinarily stable. If, to cite an example, poor data
quality explains forecast failure it should do so in economics as well as in physics:
i.e. it should not be the case that forecasts in some branch of physics perform rel-
atively well irrespective of the underlying data’s quality.

In order to secure some coherence, we will pick the non-economic case stud-
ies from one (admittedly large) discipline only: thermodynamics. This choice
combines the advantages of coherency and manifoldness as cases ranging from
Lavoisier’s experiments to modern climate modeling fall under that science. The
analogies we will be able to draw between thermodynamic and economic case
studies will prove to be fruitful.

Theory of science in the tradition of Enlightenment

This characterization is about the fundamental objectives of my study and conse-
quently its addressees. Although, as we have seen above, the argumentation in-
volves methodological reasonings, the ultimate aim is not a methodological one.
That is, I do not try to give a complete account of the methods of economic fore-
casting nor do I want to reconstruct them in a rational way. By no means do
I suggest measures to improve macroeconomic forecasts. This is, I believe, the
forecasters’ business. Yet, I would of course be delighted to see that one idea or
another from this study turned out to help a forecaster to improve his predictions.’

Instead, this study forms a part of the philosophical project that aims at as-
sessing critically and in a fair way the limits of science so as to enable interested
laymen to make an informed judgment about what one can and cannot reasonably
expect from science. It is hence an attempt to increase public understanding of sci-
ence. Over and above that, this project questions the role science can and should
play in our societies, and makes suggestions how to deal with it. Ultimately, it

> The first thing to do in order to use this study for forecast improvement would be to assess

empirically which of the alternative explanations of forecast error is actually the most im-
portant one. As a next step, the forecast methods would have to be modified in order to
avoid the problems highlighted by that explanation.
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thus arises out of very practical, political concerns and aims at changing -— not
science, but its place in our society.

In this sense I consider my approach as standing in the tradition of Enlighten-
ment. It is, in the words of Bernard Williams, the Enlightenment’s “commitment
to honesty and transparency and its rejection of power that falsely presents itself

as cognitive authority” (Williams, 2002, p. 231) I subscribe to.

1.2 A very short theory of forecasting

Typology of predictions

A prediction is a statement on the future. Thus, predictions can be classified ac-
cording to the type of statement they assert, namely whether it is an ontological, a
qualitative or a quantitative one. Correct ontological predictions rank among the
most famous successes of science: deviations of Uranus’ observed orbit from what
it was calculated to be according to Newton’s laws, for instance, lead to the predic-
tion of a further planet, Neptune, whose eventual discovery counted as a triumph
of Newton’s theory. To be precise, an ontological prediction is not a prediction of
(the emergence of) a new entity. The ontological statement, e.g. Neptune’s exis-
tence, is supposed to be timeless. What is predicted is, in contrast, the discovery
of that very entity. Although ontological predictions are of great importance in
natural science, they do not seem to play an important role in economics and are
therefore of no particular interest to our study.®

Qualitative predictions give an account of a future state in classificatory or
comparative terms. An individual is predicted to fall under a certain class, “By
spring, this company will go bankrupt”, or compared with another individual,
“Next summer will be drier than this year’s”. As opposed to qualitative ones,
quantitative predictions describe the future by making assertions about certain
variables. “By spring, share prices of that company will drop by n%” or “Next
summer, rainfall will amount to n liter per square-meter” are for example two
quantitative predictions — with share prices and precipitation as predicted vari-
ables respectively. Quantitative predictions, or forecasts, as we will use the term,
are the kind of predictions our inquiry is concerned with.

A (future) state can be characterized by a variable in different ways which gives
rise to different types of forecasts. A point forecast predicts the exact future value
of the predicted variable, X, at time t,

F
t—lXt =,

§  The prediction of the emergence of a new kind of firm or an entire economic sector might

be considered as an economic ontological prediction.



8 Introduction

where ¢ — 1 denotes the time when the forecast is made. An interval forecast
merely specifies the upper and lower boundaries of the predicted variable’s future
value,

T < t_.lXtF < Z3.

Yet, a directional (or trend) forecast specifies the future direction of change of the
predicted variable,
1 X{ — X1 S0,

and, finally, a density forecast predicts the probability density function the pre-
dicted variable will obey,
i1 PE(X) = ...

Such a density forecast, by integrating t_le (), allows to infer the probability that
some interval forecast is correct. An interval forecast whose probability of being
correct is known will also be referred to as probability forecast (PF).

The above forecasts are positive forecasts as opposed to their negative coun-
terparts which we obtain by simply negating the positive forecast. Accordingly,
a negative point forecast consists in stating that the predicted variable will be un-
equal to some specific value, a negative density forecasts predicts that a given
density function does not characterize the predicted (random) variable.

The forecasts we have considered so far are categorical: They state what is
going to be the case — full stop. Conditional forecasts (CF), in contrast, state
what is going to be the case — if some antecedent condition is fulfilled. Let F
stand for some categorical forecast and C be some conditional statement, then the
conditional forecast Fio is defined as,

Fo < (C—-F). (L.1)

This definition applies no matter whether F' is a point, interval, directional, density
or probability forecast and irrespective of what kind of statement C is. Yet, C
typically is a statement on the future, too. Another more specific point is that
a conditional density forecast entails — due to the logical connection between
density and probability forecasts — a conditional probability forecast (CPF), i.e.
a forecast of the conditional probabilities of some (future) events.

From the definition of conditional forecasts (1.1) follows that a conditional
forecast plus its conditional statement imply a categorical forecast,

(Fc/\o) = F.

If C is a statement on the future, then we say that the categorical forecast is en-
tailed by the conditional one and the co-prediction of its antecedent condition.
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A co-prediction, generally, is a prediction associated with a categorical forecast.
Thus, a statement on the future which is entailed by a categorical forecast given
some background knowledge (a model, for instance) is a co-prediction, too.

Forecasts can be classified according to several further characteristics. Con-
sider a forecast, ;, X f; , which has been made at time #; and predicts the variable’s
value at t5. Its forecast horizon is the difference t3 — ¢;. The time period into
which t; falls is called the forecast period. The forecaster is the individual or
institution who has derived the forecast.

Forecasts are inferred from some past data: the predicting data. The predic-
tive inference which enables one to derive the forecast from that data is typically
based on a predictive model.” Forecasts can hence be classified according to the
different types of predictive models — or generally: methods — they rely on. If
a predictive model and some predicting data is not used to infer a forecast but a
statement on the past (relative to the predicting data), then this statement is called
a retrodiction. The performance of retrodictions may justify a predictive model’s
reliability as long as the predicting data does not already include the fact that
ought to be retrodicted. Retrodictions, in order not to be circular and in order to
warrant a predictive model’s reliability, thus have to be out-of-sample. In-sample
retrodictions, in contrast, are mere pseudo predictions.

Correctness and Credibility

“Prediction”, Rescher (1998, p. 65) puts it, “is always to some extent a leap into
the future.” Whether or not a predicted statement is true will only turn out (if at
all) once it is no longer a prediction. Thus, if the truth-values of predictions can
only be evaluated ex post, how do we evaluate forecasts ex ante then? When is it
sensible to incorporate a categorical forecast into our body of knowledge, when is
it reasonable to base our actions on it, in other words: When should we consider
it as credible and not merely as a prophecy?

To answer these questions, we have to restart with truth. Strictly spoken, a
forecast, at least a point forecast, will almost never be true. All one can reasonably
expect is approximate® truth. A forecast which is approximately true is a correct
one. A forecast has failed if it turned out to be incorrect. Forecasts of a certain
kind (defined by the predicted variable, forecast period, similar forecast horizon,
method, or ...) are said to be successful if they are typically® correct. Forecasts
of some kind, accordingly, perform well if they are successful and poorly if not.

7 That is why Makridakis (1984) says that forecasting consists of “fitting a model to a set of

data” (p. 2).
What this exactly means is one subject of the next subsection.
Again, to be specified below.

8
9



10 Introduction

So far, so good, but how do we get from this to forecast credibility? I suggest to
assume the two following principles: First of all, the consistent failure of some
kind of forecasts is a sufficient condition for not considering such forecasts as
credible. And secondly, their consistent success is sufficient for their credibility.
Accepting or rejecting a forecast as credible therefore involves an inductive step
which bears the risk of error. But here, a

justification of induction need not issue in any preassurance of its suc-
cess. Initially, it is a matter of faute de mieux argumentation [...]. And
ultimately we have recourse to retrojustification [...]. (Rescher, 1998,
p. 66)

At the end of the day, the justification of the two principles above is a pragmatic
one.

Now, what if forecasts of some kind have neither consistently failed nor per-
formed well? What if there is no empirical evidence at all? In such cases, further
evidence becomes crucial: A forecast, then, is as credible as it is sensible to accept
the assumptions, i.e. the data and the predictive model, it is derived from.10

As to conditional forecasts, the first thing to note is that a CF is correct when-
ever its corresponding categorical forecast is correct, for (1.1) implies that ' =
F¢. So conditional forecasts seem to become true more easily than their categor-
ical counterparts. Moreover, every categorical forecast can be transformed into a
conditional one which is necessarily correct. Just take a set of assumptions which
are sufficient to deduce the categorical forecast as the antecedent and there you
go. But in the sense that such a conditional forecast is an analytical statement, it
does not tell us anything about the world.

The relatively weak truth-conditions of CFs are the reason why the earlier def-
inition of credibility cannot simply be extended from the categorical to the con-
ditional case. To see why, consider a conditional forecast whose antecedent con-
dition has not been realized yet; for example the proverb of the German city of
Marburg which says that if one of the city’s graduated theology students is a vir-
gin, the leaning tower of one of the city’s churches will sit up. Such a conditional
forecast has on any occasion been correct and hence successful because the an-
tecedent condition has never been met. But should we therefore incorporate it into
our background knowledge, i.e. consider it as credible? Everybody agrees: That
would be premature. Then, what does it take a conditional forecast to be credible?

As long as the antecedent condition is not satisfied, success is not sufficient to
consider a CF as credible. Now, what if the antecedent condition is satisfied? First

10" 1In this respect Morgenstern was wrong when stating that “there is no other benchmark for

the prediction than its truth” (Morgenstern, 1928, p. 115).
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of all, this might give rise to a falsification of the conditional forecast. From (1.1)
directly follows that
(—IF AC ) = -Fg¢,

that is the conditional forecast is incorrect if its antecedent condition is met but
the categorical forecast nevertheless fails. If this has consistently been the case for
similar CFs, then we should consider the conditional forecast as non-credible. On
the other hand, if the corresponding categorical forecasts have consistently turned
out to be correct as long as the antecedent conditions were fulfilled, then, I suggest,
we have good reason to consider the CF as credible. For what we ultimately rely
on when we accept a CF is that once its antecedent conditions are fulfilled, the
resulting categorical forecast will be correct. That is what CFs are supposed to
tell us. The CF is no more and no less credible than the corresponding categorical
forecast in case the antecedent condition is satisfied; those are the test-cases of
every CF.

Similar to the unconditional case a CF might be considered credible for other
reasons than those just cited. If one has very good reasons to accept every as-
sumption that was necessary to derive the CF, then one has, of course, equally
good reasons to accept the CF itself.

These reasonings have important implications. In some sense, the availabil-
ity of credible categorical forecasts has turned out to be a precondition for the
availability of credible conditional forecasts. For assume that there were no cred-
ible categorical forecasts at all, i.e. forecasts consistently failed irrespective of
the circumstances. This would entail that whenever the antecedent conditions of
a conditional forecast had been satisfied, the corresponding categorical forecast
would have failed, too. And as a consequence, conditional forecasts would either
consistently fail and not be considered as credible or not be tested at all so that
their credibility would purely rest on the credibility of their underlying assump-
tions.

Eventually, I shall make some remarks with regard to negative forecasts. As ev-
ery (informative) positive forecast entails at least one negative forecast, the avail-
ability of credible positive forecasts implies the availability of credible negative
forecasts. Or, the other way around, no credible negative forecasts without credi-
ble positive ones. Still, the inverse does not generally hold. One might not be able
to derive a credible positive forecast in spite of having excluded some possible
future states. The failure of negative forecasts thus is a much stronger claim than
the non-availability of credible positive forecasts.
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Absolute error measures

We have previously defined correctness of a forecast as approximate truth and suc-
cess as consistent correctness. This subsection is supposed to make these concepts
empirically operational by providing a measure of forecast performance.

To assess a positive categorical point forecast ex post all one seems to have
to do is to calculate the difference between the predicted value and the actual
outcome, i.e. the individual error of the forecast, ¢, = ;1 X f — X;. The smaller
the error, the closer the forecast comes up to the truth. With a threshold which
defines how close is close enough for approximate truth, we thus can evaluate
forecasts empirically.

Yet, things are slightly more complicated as a good or a poor performance of
a single forecast might simply be due to chance. We have to know that some kind
of forecast is consistently correct in order to infer its credibility. Accordingly,
we may not only stick to one forecast, but have to evaluate a whole sequence of

forecasts, such as for example X¥ = (., XF ,XF . ... 1 n X )1 What
is the error-term which characterizes not the individual forecasts’ but their overall
performance?

A first way to think about this problem, exploiting the spatial connotation of
approximate truth, is in geometrical terms: What is the distance between the fore-
cast sequence X 7 and the corresponding sequence of actual outcomes? Well, that

is the length, according to some norm || . . . || defined on the n-dimensional vector
space, of their difference vector, which, in turn, is nothing but the sequence of in-
dividual forecast errors, € == (e;, €141, . - . , €140). Thus, by defining a norm for the

error sequences one automatically creates a metric which measures the distance
between some forecast sequence and the corresponding actual outcomes (explic-
itly: d(XT', X) := |le|}) and which, consequently, quantifies the overall forecast
performance.

Every metric and every norm by definition fulfills a fundamental equation, the
so-called triangle inequality. Now, the geometrical stance towards forecast assess-
ment, i.e. the measurement of forecast performance via the error sequence length,
assumes that it is reasonable to apply the same inequality to forecast measures. Is
that the case? Applied to forecast evaluation the triangle inequality reads,

el + lle'll = lle + €'l

where e and ¢’ are the error sequences corresponding to two different forecast
sequences X¥ and X ¥ ', The inequality then states that the overall error of the

' Whenever I loosely tatk about the performance of this and this forecast in the following

chapters, it is ultimately a sequence of forecasts (determined by the context) I refer to.
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combined error sequence'? cannot be greater than the sum of the two sequences’

overall errors. This excludes in particular that large errors are over-proportionally
‘punished’: For assume that the individual errors of the combined sequence are
twice as large as the uncombined forecasts’ errors. Then the triangle inequality
prohibits to assign a more than twice as large overall error to the combined se-
quence than to each of the uncombined sequences. It is anything but clear why
this should be the case and some forecast error measures do indeed violate the tri-
angle inequality, as we will see below. Although the triangle inequality is clearly
no mantra for forecast evaluation, the geometrical stance still provides an intelli-
gible interpretation of some forecast error measures and a helpful framework to
organize them.

The natural way to measure distances and length is by adopting a Euclidean
metric. Applied to forecast performance, this yields the root square error measure

(RSE),
d(F, X) = |le] = RSE := /) ()2

However, a further obstacle arises immediately: The forecast sequences we want
to compare are rarely of the same length whereas that is what is required by
the metric-approach. It is not possible to define a metric for vectors of differ-
ent spaces, but we can try to neutralize the effect of the dimension on the overall
measure. Specifically, we demand that an adjusted metric attributes the same over-
all error to some error sequence {e;, €411, - - -, €14n) as to the doubled sequence
(€4, €441y -« - s €t4my €ty €441, - - - » Ctyn ). The root mean square error (RMSE) mod-
ifies the RSE in order to satisfy this condition,

RMSE = 1/ 2=

n
Since AA is a metric if A is a metric, RMSE defines a metric (for each n-dimen-
sional space) in the mathematical sense. Although the formula to calculate RMSE
is rather complicated, we have shown that its construction within the geometrical
framework is fairly straightforward. Another straightforward way to define a met-
ric is to sum the individual absolute errors and to account for size by dividing by
n. This yields the so-called mean absolute error,

MAE := %Zleil.

Like RMSE, MAE is adjusted for the forecast sequence’s dimension. MAE and
RMSE are probably the two most frequently used error measures in the literature

12 Which must not be confused with the error sequence of the (combined) mean forecasts.
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Figure 1.1: Geometrical illustration of RMSE and MAE in the three-dimensional space of error
sequences (€1, 2, €3).

on economic forecast evaluations, for sure in part 1 of this study. Due to the
squaring of the individual errors, RMSE ‘punishes’ large errors more than smaller
ones.!3 Consider for example the two error sequences (1,1, 1, 1) and (2,2, 0,0).
Obviously, they both have the same MAE. But they differ in their RMSE. The
second sequence with fewer but higher error terms has a RMSE of \/2_ /2 while the
first’s RMSE of 1/2 is clearly smaller. As a rule of thumb, RMSE ~ 1.25- MAE
(Oller & Barot, 2000, p. 30). Figure 1.1 illustrates RMSE and MAE by plotting
their geometrical interpretation for a three-dimensional error sequence.

We could go on inventing and discussing different metrics for the next hun-
dred pages. Yet, the metrics above are the main absolute forecast error mea-
sures which fall under the geometrical perspective. That is the reason why we
will now change our point of view: The second, alternative stance towards fore-
cast assessment is the statistical one. According to this perspective, a forecast
sequence’s performance is still determined by the corresponding error sequence
(€1, €141, - - -, €ten)- The error sequence is, however, no longer considered as a
vector in an n-dimensional space but as a finite sample of some random variable
e, i.e. the forecast error, instead.

This new point of view allows us to characterize a forecast error statistically,
namely by its expected value (the mean error), its variance and its standard devi-
ation. The mean error contains information about whether the predicted variable
is systematically over- or underestimated. A forecast with a non-zero mean error

13

Yet not too much more in order to comply with the triangle inequality.
14

Note that the inductive step discussed in the previous section is to some extent built into this
approach: Forecasts of some kind are supposed to be characterized by one single random
error variable. Now assume that “forecasts of the same kind” is defined without reference
to the forecast period. Hence, the empirical investigation into the random error variable,
i.e. the statistical evaluation of a finite sample, yields results that eo ipso characterize the
error of future forecasts.
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is called biased. We may consider the mean error as a measure for the forecast’s
overall accuracy Hendry (2001). This so defined measure of accuracy does not
tell us anything about the forecast’s precision. Consider for example two forecasts
with error samples (1,0, —1,0) and (—1,4, —5,2). They both are unbiased and
are consequently perfectly accurate. But the first forecast is more precise for it is
less volatile than the second one. The natural statistical measure for this volatility
is the variance of a random variable: It is defined as the expected deviation from
its mean. The variance as a measure for volatility might also be replaced by its
square root, the so-called standard deviation. Let e be the random error variable
of a forecast, then

1. the forecast’s accuracy is measured by the mean error E(e) = u = % e

2. the forecast’s precision is measured by the variance of its error V(e) = E(e—
1) = o or by its standard deviation o.

Following Hendry (2001), we can join these measures for accuracy and pre-
cision together in “a natural combination” (p. 27) in order to obtain an overall
measure for the forecast’s performance. This combination is,

¢ =0+,

where ¢ denotes the new error measure. But what is ¢? How does it relate to
the other forecast error measures? Is it a metric? To answer the first question, we
substitute the formulas for standard deviation and mean into the above equation

and obtain, .
¢ = n Z(ei)27

which is nothing but the mean square error (MSE), the square of RMSE! But is
MSE a metric? No, because MSE does not satisfy the triangle inequality as an
easy counter-example shows: Let e = ¢ = (2) be the error sequences of two

forecasts X and X ', then
MSE(XT) + MSE(X™) = 8 < 16 = MSE(XF + XT).

The fact that MSE is no metric is no disadvantage as such as we have said
earlier; it merely indicates that MSE does not fall under the geometrical stance.
But can our metrics on the other hand be integrated into the statistical approach?
That is at least the case for the RMSE because the MSE is simply its square.

Accordingly,
RMSE = /2 + o2
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If the forecast is unbiased, that is 1 = 0, then the RMSE is equal to the forecast
error’s standard deviation o. But in contrast to the RMSE, the MAE cannot be
expressed as a simple function of the forecast error’s mean and variance.

So far, we have become familiar with the most important forecast error mea-
sures. But the statistical stance does more than simply provide error measures. It
helps us to clarify at least partly the problem of the inductive inference which is
involved when judging whether some forecast is credible or not. That inference
from consistent success to future success and thus current credibility is invalid if,
for instance, consistent (past) success is merely due to chance. The question is,
in terms of the statistical approach: Is the past success of this-and-this kind of
forecasts significant? What we need is a measure of how representative our sam-
ple really is with regard to a certain conclusion — the so-called null hypothesis
Hy — we inferred. The statistical significance is such a measure: Making more
or less restrictive assumptions concerning the examined random variable, a posi-
tive significance test establishes for a given sample with a predefined probability
(in most cases more than 95%) that Hy has not been inferred spuriously, i.e. is
not in reality false but merely passed the statistical test because of pure chance or
random fluctuation of the examined variable.

Such significance tests that can be applied to forecast evaluation have recently
been developed during the 1990s (Mariano, 2002). They differ in making differ-
ent assumptions concerning the statistical properties of the forecast error. And
because these significance tests are rather new, not all the reported studies in part
1 have implemented such tests.

Relative error measures

The error measures we have discussed so far characterize absolute errors. They
do not take into account the size of the predicted variable, the forecast period, its
volatility, nor any further characteristics. This is, in general, sensible because it
allows to study how forecast errors vary when for instance the predicted variable’s
volatility increases. Yet, we are in a position where we want to compare the
performance of forecasts which have been made in different periods and countries,
and whose predicted variables thus are of different size and volatility. The aim
of our comparisons is not to study the effect of volatility on forecast errors but
to see whether forecasts have improved over time or whether one forecaster has
consistently outperformed others. Ideally, the effects of all relevant factors which
possibly distort the result would be taken into account by the statistical analysis
itself — but the available sample size is not large enough to do so. That is why
forecasters and econometricians try to adjust the forecast error measures to the
different possibly relevant factors. I will now briefly outline how error measures
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can be adjusted to variable size and volatility.

The standard adjustment to the predicted variable’s size consists in expressing
individual forecast errors in relative terms (percentage) when calculating the over-
all error. A corresponding modification of the MAE, the mean absolute percentage
error, does so,

1 €
MAPE = — —|.
An error measure which divides the absolute errors by the predicted variable’s

average value, X, instead of its corresponding current value is another way to
adjust to predicted variable size,

1 e;
MAPE2 := — =].
nZ[X

Both error measures are metrics in the strict mathematical sense. Likewise modi-
fications can also be applied to the RMSE and the MSE.

There are two ways to adjust an error measure to the predicted variable’s
volatility. Both adjustments assume that the more volatile the predicted variable,
the higher the difficulty to forecast it. The first method consists in dividing the
error measure, say RMSE, by a measure for the predicted variable’s volatility,
most commonly its standard deviation. The obtained fraction weights the RMSE
according to the “difficulty to predict” the variable. The second method com-
pares the forecast under examination with some naive benchmark forecast: a “no
change” or an “average change” extrapolation, for instance. In this second case,
the RMSE of the evaluated forecast is not divided by the variable’s standard devi-
ation but by the RMSE of the naive benchmark. The lower this fraction, the better
the forecast performed compared to the naive model. A fraction greater than one
indicates that the forecast is outperformed by the naive benchmark. Now, in the
end, both methods amount to the same because the naive model will generally per-
form much better in calm than in turbulent times: Division by the naive model’s
error is hence another way to take the difficulty to predict a certain variable into
account. But naive models are not only a useful device to account for forecasting
difficulty, they also yield a natural benchmark any credible prediction should beat.

The basic error measures introduced hitherto plus the different possible com-
binations of adjustments together yield several dozens of forecast error measures.
Yet, these are by no means all error measures which can be used to assess fore-
cast performance.!® In fact, it makes perfect sense for forecasters and the users of
forecasts to assess forecast errors by very specific measures for such errors might

15 A further prominent family of more elaborated.measures for example consists of variations

of Theil’s U-measure, see Loungani (2001, p. 422).
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cause very different, case-specific costs: Error measures can also be thought of as
cost functions (Granger, 2001). But, over and above that, empirical evaluations of
macroeconomic forecasts typically make use of the basic measures which I have
introduced, namely RMSE, MSE and MAE, and their aldjustments.16

16 Whereas econometricians underline the advantages and make use of the MSE (see the con-
tributions to Hendry & Ericsson (2001) and Clements & Hendry (2002a), in particular
McCracken & West (2002)), most empirical studies, as for example those reported in the
International Journal of Forecasting, make use of RMSE and MAE. Camba-Mendez et al.
(2002, p. 391) confirm this observation.
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Chapter 2

Recent performance of economic forecasts

Summary

This chapter assesses the current performance of macroeconomic forecasts. It
reviews the findings of empirical forecast evaluations and discusses them thor-
oughly while distinguishing absolute and relative performance, the performance
of specific methods and that of different forecasting institutions. All things con-
sidered, the evaluation diagnoses a comprehensive failure of macroeconomic fore-
casts. The last section summarizes the main conclusions that can be drawn from
the discussed studies.

2.1 General performance of macroeconomic forecasts

The assessment of economic forecast performance in this and the following chap-
ter will focus on categorical point-forecasts of main macroeconomic variables,
namely GDP and price level, as well as on some financial forecasts. Macroeco-
nomic forecasts typically predict growth rates instead of absolute values: nominal
GDP growth (or simply “growth”™), price level changes (the “implicit price defla-
tor” or simply "inflation”) and real GDP growth which, being defined as nominal
growth minus inflation, links both of the former. Unless explicitly specified, the
forecast horizon of all forecasts in this and the following chapters is equal to one
year. This section reports the forecasting literature’s findings on macroeconomic
forecasts’ general performance before the subsequent sections discriminate be-
tween different forecasters, and predictive methods. Table 2.1 gives an overview
of the empirical studies the assessment is based on.

Forecast performance in absolute terms

The forecasting literature confirms, but not without exceptions, the following gen-
eral statements concerning the absolute errors of macroeconomic forecasts: The
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Evaluated Forecast Evaluation
GDP/CPI Period Country  prim. sec. Reference
1 +/+ 1960-75 US, UK - + Armstrong (1984)
2 +/+ 1953-90 US + + Zarnowitz (1992)
3 +/+ 1968-90 US + + Zarnowitz & Braun (1992)
4 ++ 197191 us + + McNees (1992)
5 ++ 1965-89 uUSs + —  Joutz & Stekler (2000)
6 +/+ 1971-98 13 + - Oller & Barot (2000)
7 ++ - - + Makridakis & Hibon (2000)*
8 +/+ 1991-2000 5 + — Blix et al. (2001)
9 ++ 1989-98 63 + — Loungani (2001)
10 +/+ 1970-2000 US, UK - +  Burns (2001)
11 +/— 1970-2000 UK + Osborn et al. (2001)
12 +/+ 1990-2000 UK - + Coyle (2001)
13 ++ - - - + Fildes & Ord (2002)*
14 +/~ 1990-98 4 + —  Camba-Mendez et al. (2002)
15 +/~ 1966-2001 G + — Dicke & Glismann (2002b)
16 +/~ 1964-2001 G + — Dicke & Glismann (2002a)
16/12  1950-2000 12 9 Total: 16

Table 2.1: Literature basis. Explanation: Other countries than those explicitly mentioned in-
clude mainly OECD-countries except 9. A “primary evaluation” is a statistical evaluation of a
forecast’s performance while “secondary evaluation” denotes a survey of such primary evalua-
tions. Studies marked with a “*” discuss so-called forecasting-competitions.

MAE of growth forecasts is slightly larger than 1% while the inflation forecasts’
MAE is slightly less than 1%. The corresponding RMSEs are larger, satisfying
roughly the rule of thumb mentioned in the introduction (see p. 14 above). If we
assume that the long term growth equals about 2%, the MAE is roughly equal to
half the size of the forecasted variable.

Let us have a closer look at the studies which establish these conclusions.
The initiator of the ASA-NBER survey of US-American forecasters has evalu-
ated the recorded statistics in two extensive studies published in the early 1990s
(Zarnowitz, 1992; Zarmowitz & Braun, 1992). The survey, named after its host-
ing institutions, namely the American Statistical Association (ASA) and the Na-
tional Bureau of Economic Research (NBER), was launched in 1968 and collected
macroeconomic forecasts from on average 20 forecasters and institutions each
quarter. Since 1990, the survey is conducted under the auspices of the Federal
Reserve Bank of Philadelphia. Zarnowitz compares the ASA-NBER data with
other prominent forecast samples, notably the data from the Research Seminar in
Quantitative Economics of Michigan University, the official government forecasts
from the Council of Economic Advisors (CEA) and the forecasts from the Liv-
ingston survey, the oldest compilation of (rather informal) forecasts. The MAEs
of all nominal growth forecasts, calculated for each survey over the whole pe-
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riod, range within 0.8 and 1.2 (ASA-NBER: 1.2). The corresponding values for
RGDP (1.0 £ MAE < 1.6; ASA-NBER: 1.1) and inflation (1.0 < MAE < 1.4;
ASA-NBER: 1.2) are slightly higher.!

McNees (1992) studies the forecast record of nine major forecasting institu-
tions in the US from 1971-1991. Forecasts of nominal GNP (1.2 < MAE < 2.1)
are found to be slightly more accurate than real growth forecasts (1.2 < MAE <
1.6). The inflation forecasts are clearly more accurate with an MAE between 0.5
and 0.8.

Likewise considering but the US, Joutz & Stekler (2000) examine the forecast
record of the Federal Reserve Bank. Their sample consists of quarterly nominal
and real GDP growth forecasts between 1965 and 1989. These forecasts are trans-
formed into the corresponding predictions of annual growth and inflation with a
one year horizon. Joutz & Stekler’s findings once more confirm our general state-
ment: The MAEs of nominal (1.68) and real growth (1.66) are clearly larger than
1% while the inflation forecast’s MAE (1.16) is smaller.

Oller & Barot (2000) have studied “the accuracy of European growth and in-
flation forecasts”. The authors’ sample includes OECD forecasts of GDP growth
and inflation for 13 European countries plus the corresponding forecasts of one
national institute for each of these countries from 1971 to 1998.2 Qller & Barot
observe “unacceptably large” (p. 295) forecast errors: As the RMSEs vary be-
tween 1.3 and 2.6 with a mean of almost 1.9 we may infer according to our rule
of thumb that the MAEs vary between % ~ 1 and %‘765 ~ 2 with a mean of about
1.5. The mean of the inflation forecast errors is slightly lower (RMSE = 1.6, thus
MAE = 1.3).

A very extensive survey is conducted by Blix et al. (2001) from the Swedish
Central Bank. It includes more than 52,000 forecasts from more than 250 differ-
ent institutions, most of them from the private sector. The examined growth and
inflation forecasts for the United States, Japan, France, Germany, Italy and Swe-
den cover the decade from 1991 to the year 2000. The authors find an average
RMSE of 1.07 for growth and 0.61 for inflation forecasts. Again, we calculate the
corresponding MAEs of i:—gg =~ (.9 and % = (.5 respectively. Notice that no
study reports lower forecast errors than these ones.

Loungani (2001) extends the geographical perspective further including real
GDP forecasts for 22 industrialized and 41 developing and transition-countries

! That Zarnowitz diagnoses, in contrast to most other studies, a higher MAE of inflation than

growth forecasts might be explained by the facts that (i) his sample period is relatively large
and (ii) inflation forecasts are characterized by lower MAE today than 40 years ago, as we
will see in the next chapter.

However, forecasts of several different research institutes had to be considered for some
countries as no single institute covered the whole period.
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1970 1980

Figure 2.1: ASA-NBER record: Forecast distributions and actual percentage change of real
GNP, 1968-1990. (Adapted from: Zarnowitz & Braun, 1992, p. 54)

in his sample. The sample period covers the decade from 1989 to 1998. The
forecasts examined by Loungani are so-called consensus-forecasts reflecting the
“mean” forecast of private sector institutions. They are provided by the same orga-
nization, namely Consensus Forecasts Inc., which delivered the data for the study
of Blix et al. (2001). Loungani reports mean absolute forecast errors of 1.4 for in-
dustrialized and of 2.1 for developing countries. He states that the mean growth in
the industrialized countries under examination was 2.3 so that the relative MAE
(the MAPE2) is % =~ 60%. At a first glance, developing countries’ forecasts
seem to be characterized by larger errors; but when accounting for variability in
the following section we will qualify this observation.

Forecast performance in relative terms

So far, some main studies have been introduced and their general findings have
been stated in absolute terms. These results shall be qualified in the following. In
fact, the MAE averaged over a long period and different institutions and countries
is but a very rough rod which omits important factors that influence forecast per-
formance. In particular, it is obvious that forecast errors depend on the specific
behavior of the forecasted variable: Volatile variables are more difficult to forecast
than stable ones. The volatility of major macroeconomic variables actually varies
over time and we should expect that forecast performance varies with it. Figure
2.1 shows the ASA-NBER quarterly RGDP forecasts for a five quarter horizon
from 1968 until 1990. While the continuous line represents the actual output, the
vertical bars correspond to the forecast’s statistical characteristics: Each bold bar
plots the forecast sample’s mean plus/minus the standard deviation, and each thin
bar with its small horizontal lines indicates the whole range of forecasts in the
ASA-NBER sample.
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A high standard deviation of forecasts indicates a high uncertainty among the
forecasters and a lower forecast precision. It inevitably results in higher forecast
errors. This said, it is evident from figure 2.1 that forecast performance is much
better during calm periods than in turbulent times. Consider the different periods
marked by grey bars A and B. When the actual-outcome curve is steep (A) as in
1972-74, in 1980 or in 1982, the bold bars do not even touch this curve! On the
other hand, in periods with rather low volatility (B), uncertainty among forecast-
ers has decreased and the bold bars fit much better to the curve than before, i.e.
forecasts are not only more precise but also more accurate. Similar conclusions
hold for nominal GNP and inflation.

The lesson to be learned is that forecast evaluations should try, at least when
aiming at inter-temporal comparisons, to account for this period-dependence of
forecasts. The above studies use at least one of the two equivalent methods from
the introduction — in short: division by standard deviation or comparison with
naive benchmark — in order to measure the relative performance of forecasts. In
sum, they come to the result that macroeconomic forecasts do mostly outperform
the naive benchmark. Yet, they do so with marginal lead, and it is not always clear
whether their lead is significant or not.

Here is what our authors say in some more detail: Zarnowitz (1992, pp. 399
and 526) concludes that the annual forecasts of GNP, RGNP and the implicit price
deflator from the ASA-NBER survey outperform different naive benchmarks.
Whereas Joutz & Stekler (2000) and Blix et al. (2001) come to the same con-
clusion®, McNees (1992) and Oller & Barot (2000) obtain more differentiated
results by introducing an interesting modification in the naive no change model
for growth. They distinguish whether the basis for the no change model is (i) the
output of the quarter ¢ when the forecast is made although the forecaster might
not know this value and has but preliminary evidence for it or (ii) the output of
the preceding quarter £ — 1. Option (i) results in a “lead”-benchmark while op-
tion (ii) yields a “lag”-benchmark. As the authors show (and as we would expect),
forecasters have much more difficulty in beating the lead- than the lag-benchmark.
According to McNees, less than 10% of the RGNP forecasts did not improve upon
the lag-model. However, only half of them were able to beat the lead-benchmark.
Decreasing the forecast horizon to half a year, more than 90% of the RGNP fore-
casts were outperformed by the lead-benchmark. Oller & Barot (2000) use a naive
“average change” model and a lead-model similar to McNees’. They find that a
majority of 6 (out of 13) OECD and 10 (out of 13) national institute forecast se-
ries outperform the average change benchmark. However, “only a few forecasts”

3 Blix et al. find but a single forecaster, a french bank, which is outperformed by the no

change benchmark.
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could keep up with the lead-straw man! Loungani (2001), finally, both accounts
for variability and compares the growth forecasts with a naive no change model
(on the basis of annual data). He finds that (i) when accounting for volatility
the forecasts for the developing countries are slightly better than those for the in-
dustrialized countries and (ii) one-year-ahead growth forecasts are only slightly
better than the naive model; small modifications as increasing the forecast hori-
zon by considering forecasts already released in April instead of October lead to
the result that the naive model wins!

The role of forecast horizon

There is a general agreement in the forecasting literature that the absolute fore-
cast error positively depends on the forecast horizon. Zarnowitz & Braun (1992,
p- 26) show how both the RMSE and MAE of GNP, RGNP and inflation forecasts
are increasing with larger forecast horizons. McNees (1992, p. 26) demonstrates
that forecast performance is improving even in the course of a quarter. In addi-
tion, Joutz & Stekler, Loungani, as well as Makridakis & Hibon (2000) confirm
the positive dependency. More specifically, Loungani establishes a strictly mono-
tonic relationship not only between forecast horizon and absolute forecast error
but also between forecast horizon and relative forecast error. His findings imply
that growth forecasts are outperformed by a naive no change benchmark for hori-
zons larger than one and a half years (p. 423). However, this result may not be
considered as a consensus because, as reported above, McNees (1992) found that
the relative performance of a forecast decreases with a declining horizon. Be that
as it may, since evaluated forecasts do not cover horizons larger than two years and
as even one year horizon forecasts only closely outperform naive benchmarks, we
may infer that economic practitioners and academics agree that macroeconomic
forecasts cannot reasonably be derived for horizons larger than two years. And
this is a conservative estimation.

Directional forecasts: predicting turning points

Hitherto, we have studied the performance of point forecasts. It might, however,
be the case that trend forecasts perform much better than their non-directional
counterparts. But how can we assess directional forecast performance? One way
to do so is by observing whether forecasts succeed in predicting turning points, i.e.
changes in direction. Now, the empirical literature agrees overwhelmingly that
trend forecasts consistently fail according to this criterion. Almost every study
on macroeconomic forecast evaluation mentions the failure of these forecasts to
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predict turning points* and no study at all reports contrary evidence. Let us have
a closer look at some of the findings.

Oller & Barot ask whether macroeconomic forecasts indicate at least the cor-
rect sign of next year’s growth, i.e. whether they “issue correctly timed signals”.
And they continue, “The sad answer is, only in rare cases”. (p. 306) This conclu-
sion is inferred by comparing the GDP forecast once again with a naive no change
benchmark of the (easier-to-beat) lag-type.> How well do the professional fore-
casts of the OECD and the national institutes perform against this straw man? In
eight out of 26 cases, the professional forecasts were outperformed by the naive
benchmark! In addition, half of the 18 remaining professional forecasts are not
correlated with actual growth. Oller & Barot conclude that “this contradicts the
claim [...] that macroeconomic forecasters may be better at direction than at nu-
merical accuracy” (p. 307).

Loungani examines the specific forecast performance during recessions. He
identifies a total of 60 recessions (defined as a year in which real GDP declined)
in his sample period and finds that the consensus forecast has predicted negative
growth in only three of these 60 cases (p. 424). Thus, in 57 cases (=95%) positive
growth had been predicted when negative growth actually occurred! This has to
be considered as another strong evidence for directional forecasts’ failure.

2.2 The performance of different forecasters...

Having studied the overall performance of macroeconomic forecasts so far, we
will now turn our attention to the forecasters: Are there any differences in their
forecast performances? A rough categorization distinguishes three types of fore-
casting institutions: (a) official, (b) academic, and (c) private forecasters. Official
forecasters include international organizations as for instance the International
Monetary Fund (IMF) or the World Bank, central banks, government agencies
or advisors like the CEA. The category of academic forecasters is made up of na-
tional research institutes and universities. Finally, there is the large industry of
professional forecasting services. Two prominent surveys of private forecasters in
banks, investment fonds and other firms are those by Blue Chip and Consensus
Forecast Inc.

These are the general findings of the empirical studies: First of all, the vast
majority of studies confirms that there exists either only a small or no difference
at all among the forecasters with regard to their forecasting performance; no study
mentions negative evidence on this point. In line with this, no single forecaster
4 Namely: Blix et al. (2001), Burns (2001), Loungani (2001), Joutz & Stekler (2000), Mc-

Nees (1992), Osborn et al. (2001), Oller & Barot (2000) and Zarnowitz (1992).
Notice that such a naive no change benchmark cannot predict turning points at all!

5
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can be considered as the best performing one. Finally, it is controversial whether
pooling forecasts improves performance. But notably recent studies suggest that
this is not the case.

As to the first point, McNees (1992), examining all three types of forecast-
ers, finds that there are small differences among the best performing institutions.
In addition, no single forecaster outperforms the other institutions consistently
in all variables and over the whole sample period. In contrast but not in con-
tradiction to this dense winner-field, there are some forecasters who constantly
perform badly. In agreement with McNees, Oller & Barot (2000) find that official
(OECD) forecasts are very close to those released by national research institutes.
An almost perfect correspondence between private sector consensus forecasts and
institutional forecasts by the IMF, the OECD and the World Bank is observed by
Loungani (2001). Furthermore, the Fed’s forecasts do not differ significantly from
the ASA-NBER survey according to Joutz & Stekler (2000). Blix et al. (2001)
find strong similarities between forecast errors of academic, official and private
forecasters, too. They interpret this finding as indicating a herd-behavior of fore-
casters who tend to make the same forecasts as well as the same revisions. This
conclusion is also shared by Coyle (2001), former organizer of The Independent’s
“Golden Guru” forecasting competition.

Given the rather similar performance of forecasters, does pooling yield better
forecasts? According to Zarmnowitz & Braun (1992), it is widely accepted that
joining individual forecasts together into one consensus forecast (calculating the
average forecast) increases the forecast performance. Their survey of the ASA-
NBER data for the 1970s and 80s reconfirms this statement. More recently, this
view has been shared by Oller & Barot: While the authors find that some of the
studied forecasts do not outperform a naive benchmark, they concede that pooling
the forecasts of the OECD and the national institutes results in a group forecast
that clearly outperforms the straw man. On the other hand, Blix et al. (2001) find
no improvement comparing the group forecast error with the mean error of the
individual forecasts.

How can these contradicting observations be consolidated? Consider some
forecasts with an error sequence {ej,...,e,). The error of the corresponding
consensus forecast is accordingly,

EZ%ZQ.

Now, it follows immediately that the MAE (see section 1.2) of the error sequence
is greater than or equal to the MAE of the consensus forecast’s error which is
in fact simply |€]. As the RMSE is generally greater than the MAE, consensus
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forecasts are characterized by lower overall errors than the original forecast se-
quences. Yet, if herding occurs, the individual forecast errors have the same sign.
In that case, the MAEs of the forecast sequence and the consensus forecast are
equal. According to our rule of thumb, the RMSE of the forecast sequence thus is
about a quarter larger than the consensus forecast’s RMSE. Hence, pooling does
not improve forecast performance as measured by the MAE (and only slightly
improves it as measured by the RMSE) under herd-behavior. If herding had thus
become a general practice during the 1990s, the contradicting empirical results
would be reconciled. And indeed, Kacapyr (1996) reports that it has become a
common strategy not to rely on one single source alone in producing a forecast.
This development might even have been encouraged, if not triggered by the find-
ing that pooling increases performance. But as soon as sufficiently strong herding
had occurred, pooling turned out to be of no use anymore.

2.3 ...and different forecasting methods

In this section, we will have a closer look at different forecasting methods and their
specific performance. Practitioners indeed use a large variety of different meth-
ods to generate macroeconomic forecasts which range from personal judgment
and simple extrapolation to forecasting with sophisticated models incorporating
hundreds of equations. As far as I can tell, there is no canonical taxonomy of
forecasting methods; quite the opposite, we find fairly different categorizations in
the literature. Kacapyr (1996) for instance distinguishes three main methods: in-
dicator based forecasting, time series methods and econometric forecasting. Zar-
nowitz (1992) adds to these the survey based forecasting. Clements & Hendry
(2002b), however, list seven different methods: informal forecasting, expert judg-
ment, extrapolation methods, indicator based forecasting, survey methods, time
series methods and, finally, econometric modeling. These categories, however,
are not mutually exclusive: Extrapolation can be considered as a subcategory of
time series models; surveys that yield business climate indices have a lot in com-
mon with other indicators as for example stock prices. Expert judgment, as long as
not only a single expert is concerned, prerequisites a survey, etc. In the following,
I attempt to give a more structured overview of economic forecasting methods.
The dichotomy of predictive data and predictive inference (see p. 9 above) pro-
vides a matrix to categorize forecasting methods. Economic forecasts of a variable
X can be based on two types of data: the past values of X on the one hand, and
these values plus the past values of other (economic) variables, including survey
data, on the other hand. With regard to the different inferences used for economic
forecasting, we can distinguish two main categories: in the first place, inferences
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Method of inference
Pattern extrapolation Law based
Data Informal Formal
Past record of . ivari i
] ! Charting Un'lvarxate time
predicted variable series models
Arbitrary economic  Indicators and Multivariate time Econometric
variables €CONnomic surveys series models models

Table 2.2: Matrix of economic forecasting methods.

based on economic theory, and, in the second place, methods that do not rely on
economic theory like pattern recognition and extrapolation. This second category
is subdivided into formal inferences based on statistical methods and informal,
heuristic inferences. Table 2.2 plots the resulting matrix and fills it with the meth-
ods mentioned earlier. These methods shall be introduced briefly in the following
paragraphs before their specific forecasting performance will be compared.

Time series models

Univariate time series models use the record of past values of a certain variable to
predict its future values: Let X be the variable to be predicted, (X7, ..., X)) its
sample record, and k£ some number. The crucial assumption states that the value
of X at time ¢ is a function of its last k values,

Xt :f(Xt—hXt-2>'")Xt-kval7"'aam)7 (2'1)

where (a1, ...,an) is a set of parameters and k is the so-called lag-term. By
application of statistical techniques, the parameters are calculated in such a way
that the equation (2.1) fits the data sample (X3,...,X,). The fully specified
equation can then be used to predict the future values , X% +1 and, recursively,
nXS+2>nX5+3> ce

Multivariate time series models do not only use the predicted variable’s own
record, but also that of other economic variables to derive forecasts. Formally,
the value X, is supposed to depend on its past record plus the past values of
[ other variables X*, X**,..., X"*. Defining X, := (XF, X}, ..., X}"), the
multivariate equivalent to (2.1) is,

Xi= fX, Xicay .., Xy an, oo, am). 2.2)
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As for the univariate case, one can specify the parameters a; via statistical
methods. The future values of X can then be obtained recursively in analogy to
the univariate case. In contrast to the latter, this multivariate method not only
yields the forecast of the predicted variable X, but also of all the other variables
included in the model. They are co-predicted.

The plurality of time series models arises from the forecaster’s freedom to
chose the lag-term, the set of other variables to be included and finally the specific
form of the functional relation, i.e. whether f is a linear function, a polynomial, an
exponential function, logarithmic, periodic or whatever. The forecaster typically
improves his time-series model via trial and error.

This said, time series methods obviously do not rely on economic theory.

Charts, Indicators and Surveys

Although charting on the one hand and economic forecasting with indicators on
the other hand are two different methods, they resemble each other in many as-
pects and face similar problems. For this reason I present them jointly. Charting
refers to a method used by financial analysts with the objective of forecasting the
future development of financial variables, notably stock market prices. Chartists,
as these analysts are called, plot past financial data in a diagram and then try to
identify and recognize well known patterns in the chart that can be extrapolated
into the future. Malkiel (1999) gives an amusing introduction into the art of char-
tism. What follows is based on his account.

Have a look at figure 2.2: This is the typical way in which chartists draw prices
of a single stock. Each unit on the x-axis represents a trading day while the y-axis
measures the stock price. A vertical line indicates maximum and minimum prices
of the stock while the small horizontal line represents the final price at that specific
day. Now, we see a quite regular pattern in this diagram, it is the most famous
pattern of chartism at all: the so-called head-and-shoulder formation. This pattern
resembles a human torso with the two exterior bows interpreted as shoulders and
the major bow in the middle as the head. An important feature of this pattern is that
the curve slightly touches the “neckline” several times but never falls below it. The
chart forecast states: (i) If the curve crosses the neckline after having finished the
head-and-shoulder formation, then the stock price will continue to fall. Or, with
the metaphors of the stock market, crossing the neckline is a bearish signal. But
the bear can be trapped! If the forecast (i) fails and the price increases dramatically
although having crossed the neckline, chartists predict (ii) an enduring rise of the
particular stock price as depicted in figure 2.3.

This example illustrates that chartists base their prediction on the same kind
of data which is used in univariate time series models, i.e. the past record of the
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Figure 2.2: Head-and-shoulder formation: predicting falling prices. (Source: Malkiel, 1999,
p- 122)

predicted variable. But chartists try to discover typical patterns in the graphical
representation of the data with their own eyes! There are some intrinsic flaws of
this method. They all relate to the problem of data interpretation: As real charts
rarely are as clear as ours, what still counts as a head-and-shoulder formation, and
what does not? Data might be ambiguous so that different patterns with contra-
dicting implications could be recognized in the chart. Charting seems to have the
favor of clairvoyance with chartists ‘seeing’ future in typical patterns occurring in
chaotic processes.

Nowadays, chartists do no longer have to draw charts: They rely on computer
power. In fact, the idea of pattern recognition in a time series is perfectly real-
ized in a time series model. Hence, chartists became what is known as technical
analysts, checking share price series with computer programs for underlying pat-
terns. Although time series analysis does not have the above mentioned problems
of chartism, only a small minority of financial analysts in fact use technical anal-
ysis. By the end of chapter 7, we will see why.

The macroeconomic counterpart of charting is the wave theory of business
cycles (see Kacapyr, 1996). Wave theorists interpret business cycles as the in-
terference of enduring waves with different wave length. Similar to astrologers,
they explain severe recessions or depressions as “conjunctions” of the waves’ val-
leys. But macroeconomic forecasts do not have much to do with this. However,
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Figure 2.3: Bear trap: promising further share price rise. (Source: Malkiel, 1999, p. 123)

charts still have a role to play. In opposition to financial charting, economists
do not plot GDP charts but charts of other economic variables that are thought
to “lead” growth. Forecasting with indicators involves the idea that at least one
leading variable anticipates the movement of the variable to be predicted. This
does not necessarily require a causal relation. The monthly number of demands
for building-permits might for instance represent a leading variable for growth.
But demanding a permit clearly does not cause economic growth.

A famous economic indicator system is the leading economic indicators in-
dex from the Conference Board, compiled by the US Department of Commerce
(see The Conference Board, 2003). It is supplemented by an index of coincid-
ing and lagging variables whose movements coincide with or, respectively, follow
the growth dynamic. Since the indicator method is basically a graphical, non-
quantitative analysts, it faces the same problems as chartism. Kacapyr (1996)
cites as its general problems the interpretation of ambiguous movements, in par-
ticular the question when a change in the leading indicator is substantive so that
a forecast may be derived. Although different rules for interpreting indicators
have been elaborated, none has resolved these problems in a satisfying way. A
final problem emerges according to Kacapyr because the multitude of indicators
actually applied will hardly lead to consistent but rather to contradicting forecasts.
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Some economic forecasters conduct surveys in order to assess the consumer or
business climate.® Since the expectations of economic agents influence their be-
havior, i.e. their investment or consumption decisions, economists hope to extract
useful information from such survey data. Yet these business or consumer climate
surveys can be considered as another version of the indicator method, and they do
indeed face the same problems.

Econometric models

In contrast to the forecasting methods introduced so far, econometric methods rely
on economic theory. Here comes an example of how to construct an econometric
model and how to use it for forecasting: The following equations define a small
mathematical macroeconomic model,

I = I(Y,K)
S = S(Y)
¥ = ali=5) (2.3)

K = I(Y,K)- 6K

Translated to everyday English, these equations state that (i) the investment
I depends on the total production Y, i.e.the GDP, and the capital stock K, (ii)
the total private savings S are a function of the GDP, (iii) the economic growth
(X being a short cut for %) is determined by the difference between investment
and savings multiplied by a parameter «, and finally (iv) the change in capital
stock equals the difference between investment and capital deterioration where
4 is the deterioration rate. These functional dependencies are further specified in
economic theory by statements relating to the different derivations. In fact, (2.3) is
hardly an economic model without such specifications but we will skip them here
for the sake of presentation and because we will encounter a particular instance of
this model-type in chapter 8.

The above equation system is highly abstract. The theoretical model can be
transformed into an econometric model by specifying the functional relationships
including the introduction of parameters so that the left-hand side of each rela-
tionship could in principle be calculated from its right-hand side. Furthermore, an
error term -— a random variable — is attributed to each relationship. We conse-

6 As for example the monthly survey conducted by the European Commission.
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Figure 2.4: Predicting probability distributions: The Bank of England’s fan charts for inflation
and growth. (Source: Bank of England, May 2003, p. iii)

quently obtain,

I = I{IY,K,a1,...,0n) +uy
S = S(Y,b1,...,by) +ug
~ 4
Y = a(l-5)tuy 24)
K = I(V,K) - 0K + ug

This econometric model with parameters (aj, ..., am,b1,...,bn, @, d) and the

error terms is then fitted to the data, a sample of past values of 7, S, ¥ and
K. In applying the same statistical methods as used in time series models (see
above) numerical values of the parameters and the stochastic properties of the
error terms, namely their mean and variance, can be obtained. The numerically
specified model finally renders it possible to calculate future values of the endoge-
nous variables, i.e. to make forecasts.

In fact, econometric methods not only allow for deriving point forecasts but
also density forecasts because of the introduced random variables. This proce-
dure is for example implemented by the Bank of England as illustrated by figure
2.4 showing its inflation and growth forecasts. However, such probability den-
sity forecasts will not be considered in this part because there are no results of
empirical evaluations to report. Besides the fact that only a few forecasters have
recently started to issue density forecasts, their evaluation is very tricky for sys-
tematic reasons.” The credibility of economic probability forecasts will therefore
be appraised indirectly in chapter 11 given the performance of non-probabilistic
forecasts and its explanations.

It should be clear from what has been said so far that econometric methods,
when used for forecasting, require extensive calculations. These are commonly
performed by computers and that is the reason why the rise of econometric fore-

7 Inasingle sentence: The problem is that probability forecasts cannot be strictly falsified.
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casting coincided with the rise of information technology. Computer power al-
lows for calculations largely beyond those implied by our simple model. In fact,
well-known econometric models such as the DRI/McGraw-Hill model incorpo-
rate more than a thousand equations specifying functional relationships between
economic variables.

Before comparing the forecasting performance of the different methods, we
should briefly discuss another characteristic feature of econometric models. Eco-
nometricians typically stress that econometric models can not only be used for
categorical but also for conditional forecasting (for example Turner, 2001; Bar-
rell, 2001). This is easily understood if we consider the distinction between en-
dogenous and exogenous variables.® All the variables of our example model are
endogenous. Now, assume that the change of GDP not only depends on the dif-
ference between saving and investment but also on government spending, G. An
equation accordingly modified for economic growth for instance is,

Y=a(l-85)+g-G,

where g is a further parameter. Since the modified model includes no equation
determining the future values of GG, we cannot calculate any future values (of
the endogenous variables) without co-predicting public spending! This cuts both
ways: Forecasting G makes the categorical forecast more reliant on further ex-
plicit assumptions. On the other hand, we can now generate conditional forecasts
predicting what would happen if government spending were increased over the
next 10 years, or if government spending did not change, or ...

Forecasting performance of methods

There are two different ways to assess and compare the performance of forecasting
methods to which I will refer as the laboratory- and the field-test. The laboratory-
test consists in collecting (i) a large sample of time-series and (ii) a large sample of
forecasting methods in order to apply the methods to the different time-series. The
errors of each method are averaged and yield the method ranking. This procedure
is also known as forecasting competition. In contrast to the laboratory-approach,
field-tests require to collect published forecasts and to categorize them according
to their underlying method. While this second procedure usually suffers from
incomplete samples it has the advantage of being based on real forecasts. In the
following, I will present results from tests of both types.

8 For a given model, a variable is said to be endogenous if and only if its values are prede-

termined by the model once an initial state is given. If a variable’s value is not determined
by the model but nevertheless included in one or more equations, this variable is called
exogenous.
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Forecasting competitions have been carried out since the late 1960s. Reid
(1969) and Newbold & Granger (1974) performed the earliest competitions in-
volving different time series methods. The best known competitions, however,
probably are the so-called M-Competitions named after their initiator Spyros Ma-
kridakis. The first M-Competition dates back to 1982; Makridakis compared 15
different predictive methods over a total of 1001 micro- and macroeconomic time
series. The calculations were performed by forecast specialists. The second M-
Competition was launched at the beginning of the 1990s and was, in contrast to
M1, a real-time competition. This means that participants did not generate out-of-
sample forecasts of past, already observed variables but they really had to predict
future values. The six macroeconomic time series were taken from the US. Fi-
nally, the third M-Competition took place in 1999 and included 3003 different
time series, among them more than 700 macroeconomic time series. A total of 24
predictive methods were evaluated. The M-Competitions compared time series
methods only, but the sample of M3 included such different methods as extrapo-
lation and univariate time series methods on the one hand and neural networks as
well as sophisticated expert systems that automatically pick a time series method
given the sample data on the other hand.

The M-Competitions gave rise to plain results which have been reproduced by
the three competitions and confirmed by several other studies as Fildes & Ord
(2002) and Makridakis & Hibon (2000) report. The following three conclusions
are of special interest to us: (1) Statistically sophisticated models perform as well
as simple ones. Complexity (of the method) does not necessarily lead to more
accuracy, and the difference between the methods’ errors was generally small.
(2) Combining different forecast methods yields a lower error than the average
individual method. (3) The ranking of the methods depends upon the chosen
forecast measure.

These results suggest to draw an analogy between the performance of forecast-
ers and methods: There are small differences both between methods and forecast-
ers. And pooling individual forecasts (necessarily) improves the performance as
long as there is no herding-behavior — which is quite rare among mechanically
applied methods. Still, before we jump to conclusions, we should consider other
forecasting methods as well.

Carrying out a field-test, Armstrong (1984) confirms the results from the pre-
ceding paragraphs. He reports findings on the forecast performance of economet-
ric methods compared to formal or informal extrapolation methods from a dozen
of studies mainly dating from the 1970s. Armstrong concludes (i) that no study
established a significant superiority of econometric models over time series meth-
ods and (ii) that econometric models do not even tend to be superior since there
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were as many studies that found econometric models to be more accurate as there
were studies that came to the opposite result. Another question raised in that
paper is whether complex econometric models outperform less complex ones. In-
cluding also evidence from other social sciences than economics in his sample,
Armstrong essentially confirms the M-Competitions’ conclusion: There is no sig-
nificant superiority of complex models over simple ones. Here, too, Armstrong
faced conflicting, out-balancing evidence.

The ASA-NBER survey not only contains forecast series but also information
about the forecasting methods that were used to produce the forecasts. The survey
distinguishes four methods: leading indicators, anticipations surveys, economet-
ric models with the two subcategories own and third-party models, and informal
models. Participants of the survey had to indicate which methods they used and
were asked to rank them according to their importance for the forecast genera-
tion. Zarnowitz (1992, pp. 403ff) analyzes this information for three short time
intervals: 1968-70, 1974-75 and 1980-81. Grouping the forecasts according to
the most important method they are based on, he finds that the RMSEs character-
izing the different methods range from 0.89 to 1.09 with third-party econometric
models yielding the best and ‘own’ econometric models the worst error. The other
methods lie almost exactly in between those two. In addition, Zarnowitz finds that
the picture does not change essentially for RGNP or inflation forecasts. For the
period from 1970 to 1985, Zarnowitz (1992, p. 528) compares the forecasts based
on major econometric models (as for instance those by the Wharton Econometric
Forecasting Association or DRI/McGraw-Hill) on the one side with sophisticated
formal time series models on the other in a mixed laboratory- and field-test. He
concludes that both perform equally well.

Camba-Mendez et al. (2002) evaluate the indicator-system used by the OECD.
Different sophisticated indicator models are compared with a univariate time se-
ries model and a no change benchmark. The authors find that the different indi-
cator forecasts do not perform any better than the simple univariate time series
model. Furthermore, the indicator forecasts are, in the short term, largely outper-
formed by the naive straw man.

2.4 Forecasting financial variables

Forecasting financial variables could be an extremely profitable business. Yet,
forecasting exchange rates or stock markets is much more difficult than predicting
growth or inflation. Financial forecasts are commonly evaluated against a random
walk benchmark. Such a random walk model (without drift) is in fact nothing
but our well-known naive no change model. For if a variable follows a random
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walk, the best prediction we can make is the no change forecast. In the early
1980s, Meese & Rogo (1983a,b) evaluated different exchange rate models that
were based on “fundamentals” (such as GNP or interest rate) against the random
walk model and concluded that no model consistently and significantly outper-
formed the random walk. This result was a shock for the financial economics
community as Clarida et al. (2001) and Meese & Rogoff (1988) report. It has
become known as the random walk hypothesis and it was widely accepted in the
following two decades.

In a recent study that reexamines the random walk hypothesis Degrér et al.
(2001) evaluate 30 different exchange rate models which predict the exchange
rate of the Swedish Krona for forecast horizons up to 12 quarters and which are
based on fundamentals as GDP, inflation, interest rate, budget deficits etc. Now,
these fundamentals are exogenous variables so that, as we have seen above, co-
predictions of these fundamentals are required in order to derive the exchange rate
forecast. The exchange rate models can hence be evaluated retrospectively under
two assumptions: (i) perfect foresight, i.e. the exchange rate forecast is calculated
using the a posteriori known actual outcome of the fundamentals as co-prediction
or (ii) best available forecast, i.e. the exchange rate forecast is calculated using the
predictions of the fundamentals available at that time. The authors find that even
under idealistic assumption (i) only a few models beat the naive straw man. Under
the second assumption, none of the models under examination do so! Degrér et
al. conclude, reaffirming Meese & Rogo (1983a): “None of the models could
convincingly outperform a random walk alternative.” (p. 10)

Mariano (2002) reports the results of an interesting (laboratory) evaluation of
stock market predictions by Sullivan et al. (1999). The authors altogether examine
8,000 different trading rules taken from the literature on stock market trading or
from previous similar studies. Such trading rules implicitly rely on forecasts of
stock prices and yield the more profit, the more successful the underlying forecast.
The sample period the trading rules have been calibrated to covers 90 years from
1897 to 1986. For this sample period, the best trading rule delivered significantly
higher returns than a naive straw man: a simple buy and hold strategy. In other
words, in-sample forecasts outperformed the naive benchmark. Yet, the litmus
test is their out-of-sample performance in the following decade (1986-97). The
authors find “no evidence of superior performance of the best trading rule” (cited
from Mariano, 2002). Malkiel (1999), in an engaging plea, joins this position.
However, he does not bother examining thousands of different trading rules but,
in what I called a field-test, simply compares the performance of professionally
managed equity funds that apply a mixture of these trading rules with the overall
development of the stock market: Even without accounting for trading fees, the



40 Recent performance of economic forecasts

average equity fund is outperformed by the simple buy and hold strategy.

The random walk hypothesis has been the subject of different critiques. Mark
(1995) was one of the first to undermine the random walk hypothesis in showing
that although exchange rates are not predictable in the short run, models based
on fundamentals may outperform a random walk at longer horizons. Meanwhile,
economists have tried to improve their forecasts by the introduction of nonlinear-
ities into the models. But this did not necessarily improve their performance: Cao
& Soofi (1999) found no significant superiority of non-linear models compared to
a random walk. However, a recent study claims to have beaten the random walk
model consistently and significantly for the first time: Clarida et al. (2001) exploit
the internal structure of the forward exchange rate, i.e. the exchange rate set today
for a foreign currency transaction with payment or delivery at some future date,
and apply a non-linear model to produce short-term out-of-sample retrodictions of
spot exchange rates of different currencies. Although the superiority of the model
compared to the random walk is striking, one retrospective study hardly estab-
lishes the claim that financial forecasts succeed consistently. It still seems to me
an open question — to be further discussed in chapter 7 — whether that evidence
even indicates financial forecast credibility.

2.5 Common problems

Empirical forecast evaluations face typical problems of which we have already
encountered some. These are clearly perceived and described by economists and
forecasters themselves, as for instance by Oller & Barot (2000) or by McNees
(1992). Before stating the robust observations that can be drawn from the dis-
cussed studies, I shall give a short synopsis of such common problems.

First of all, there is the variety of error measures. Not only do different error
measures complicate the comparison of empirical studies, but the results obtained
from the forecast evaluation may vary with the specific measure that is chosen.

But even if a measure is agreed upon, economists risk to get lost in dimension-
ality when evaluating forecasts because forecast performance seems to depend on
many different factors: such as the predicted economic variable, the forecaster,
the forecast horizon, the time period when the forecast is made, and the choice of
what counts as actual outcome (forecasts tend for example to be more accurate for
preliminary than for revised data).

It is impossible to account for all these factors in the course of the evaluation
because the available data, i.e. the forecast sample, is too limited. If, for example,
we aim at identifying the role of the forecast horizon, we should ideally compare
forecasts that differ in forecast horizon only and are identical with respect to fore-
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caster, time period, actual outcome, method applied, etc. But this sub-sample is de
facto too small, if not empty, to give rise to statistically meaningfu! results. Any
forecast evaluation thus runs the risk of comparing apples and oranges and should
be judged with care. This said, we can now restate the main observations from
this chapter.

Main observations

Observation 1 (Absolute forecast error) The MAE (RMSE) of macroeconomic
growth forecasts is typically slightly larger (substantially larger) than 1%. Infla-
tion forecasts are characterized by smaller errors.

Observation 2 (Naive benchmark) Macroeconomic forecasts closely outperform
naive benchmarks. This is in general not the case for financial forecasts.

Observation 3 (Directional forecasts) Directional macroeconomic forecasts do
not perform any better than point forecasts. This holds in particular because of
the complete failure to predict turning-points.

Observation 4 (Forecast horizon) Forecast performance decreases in absolute
and relative terms with the forecast horizon. The economic future beyond a two-
year horizon (at most) has to be considered as unpredictable.

Observation 5 (Forecasters) No single professional forecasting institution con-
sistently outperforms all the rest of the forecasting institutions (including private
sector, government, academics).

Observation 6 (Methods) There are no significant differences between the dif-
ferent forecasting methods with regard to their predictive performance. Complex
methods perform as well as less sophisticated ones. ‘Theory-free’ methods are as
accurate and precise as methods based on economic theory.

Observation 7 (Problem of dimensionality) Forecast evaluations must be jud-
ged with care as they are tainted with problems that stem from the tension between
the high number of factors forecast performance actually depends on and the
comparatively small forecast record.



Chapter 3

A historical perspective on economic
forecast performance

Summary

This chapter assesses the performance of macroeconomic forecasts from a his-
torical point of view. After briefly outlining the history of economic forecasting,
it reviews and discusses empirical studies that consider whether economic fore-
cast performance has been improved over time. In the light of these empirical
studies, the answer to that question is negative. Likewise, there seems to be no
predictive progress as to the different forecasting methods, either. The last section
summarizes this chapter’s main observations.

3.1 The history of economic forecasting

A general history of economic forecasting remains to be written. This section does
not pretend to be more than a rough and certainly incomplete sketch of what could
be told as a rich and exciting story. But luckily, there is at least Mary Morgan’s
book reconstructing the history of econometric ideas (Morgan, 1990) which in
doing so necessarily touches the history of forecasting from time to time: What
follows owes a great deal to it.!

As Zarmnowitz & Braun (1992, p. 8) tell us, the oldest records of economic
forecasts date back to the 1830s and consist of directional forecasts of business
activities; they have more recently been used to reconstruct business cycles. Since
statistical methods like regression and correlation analysis were developed only
in the last decades of the 19th century, those early forecasts must have been based
on judgment, informal reasoning or simple extrapolation.

! Whenever mentioning a historical fact below without giving an explicit reference, I took it

from Morgan’s account.
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The rise of statistics brought about the first attempts to deal with business cy-
cles in a strictly quantitative way. William Stanley Jevons and Clément Juglar
should be considered as the first pioneers of econometrics whose work eventu-
ally gave rise to quantitative economic forecasting. While Juglar used statistical
methods in order to identify economic cycles (based on financial data), Jevons de-
veloped his own theory of business cycles according to which they are caused by
sunspot cycles. As we learn from Morgan (1990, p. 23), Jevons used his theory to
predict turning points on several occasions.

Henry Ludwell Moore followed Jevons when developing his own theory of the
business cycle in the early 20th century: While his first version puts down business
cycles to weather cycles, a later version linked these cycles to the movement of
Venus. In spite of the empirical inadequacy of their theories, Jevons and Moore
have to be credited for the further development and implementation of the young
statistical methods.

In contrast to Jevons and Moore, and more in line with Juglar, Wesley C.
Mitchell and Warren M. Persons focused on exact (statistical) description of the
business cycles and were reluctant to developing theories of the business cycle.
They attempted to set up measures of (macro)economic activity. Interestingly,
the first business indicators serving this purpose had been commercial ones and
emerged at the turn of the centuries in the US?; the Brookmire Economic Service
and the Babson Statistical Organization had been pioneers of the private forecast-
ing business (Wagemann, 1928, p. 6). Simple business barometers had already
been used for economic forecasting purposes and were commercially successful
by 1913.3 On a scientific level, however, it was the research of Persons in the
subsequent years that stipulated further work.

In 1917 and under the direction of Persons and Charles J. Bullock, Harvard
University appointed the Committee on Economic Research and charged it with
the task to develop a measure for the overall state of the economy. With main
contributions by Persons who used statistical time series methods for the first time,
the Harvard Business Barometer was constructed. It consisted of three indicators
— aleading, a lagging and an actual variable. Those variables are (A) speculation,
(B) pig-iron production plus a set of commodity prices and (C) financial markets
where (A) is the lead- and (C) the lag-variable. Figure 3.1 is a historical plot of
the barometer.

Since the Harvard ABC contained a leading variable, it was suited for eco-
nomic forecasting. In fact, economic forecasting based on business barometers
boomed in the Golden Twenties. Irving Fisher reported in 1925 that more than

2 This agrees with a remark by Morgenstern (1928, p. 1) who dates the emergence of macroe-

conomic forecasting back to the beginning of the 20th century.

3 Morgan (1990, p. 47) mentions this fact when discussing Mitchell’s Business Cycles.
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Figure 3.1: The Harvard ABC: a tripartite economic indicator system. (Source: Morgan, 1990,
p. 62)

40 commercial agencies which specialized on business forecasting existed in the
US (Fisher, 1925). An early evaluation of different monthly forecasts from 1929
certifies even a “modest success” (Zarnowitz & Braun, 1992, p. 10) and insti-
tutes devoted to business cycle research and the development of indicator systems
spread all over Europe. In Germany, for instance, Ernst Wagemann, director of
the Institut fiir Konjunkturforschung founded in 1925, developed a sophisticated
indicator system that was supposed to yield three-month forecasts (Wagemann,
1928). Figure 3.2 is the German counterpart to the Harvard ABC; the similarity
jumps to one’s eyes. It is worth noticing that the forecasts generated with these
business barometers were directional forecasts (Wagemann, 1927) what actually
fits in our discussion of indicator based forecasting in the preceding chapter.

However, not all economists shared the optimism of their colleagues with re-
gard to the economy’s predictability. The business cycle pioneer Mitchell or the
Dutch Central Bureau of Statistics, for instance, remained skeptic, or even refused
any forecasting attempts at all (see van den Bogaard, 1999). This skepticism was
finally confirmed by the complete failure to forecast the great depression — a
breakdown that echoed in the reluctance of major economists to use their models
for forecasting purposes.

The failure to predict the great depression as well as the rise of new meth-
ods caused the decline of indicator systems which had had their golden times in
the 1920s. However, the modern economic indicators discussed in the previous
chapter are direct descendants of the inter-war period’s business barometers.

It was the emerging science of econometrics which provided new predictive
methods in the 1930s. In developing the first econometric models, Ragnar Frisch
and, inspired by the former, Jan Tinbergen did not restrict themselves to merely
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Figure 3.2: German Business Barometer: twinning of the Harvard ABC. The figure displays
indicators for the years 1896-1913. (Source: Wagemann, 1927)

describing the economy via statistical methods, but tried to find formal relation-
ships that characterize the economy as a whole and that could explain its empirical
properties, in short: They set up mathematical models that were meant to be em-
pirically adequate.

Tinbergen, working at the Dutch Central Bureau of Statistics and probably in-
fluenced by the bad experience with indicator-based forecasting, focused on pol-
icy evaluation and hence conditional instead of categorical short-term forecasting.
Yet, in his 2nd report to the League of Nations from 1939, Tinbergen evaluated
the predictive performance of different econometric models which varied in their
investment function and covered the period between 1919 and 1932. For this pur-
pose, he built an econometric model composed of 71 variables and 48 equations.
Milton Friedman evaluated the final model of Tinbergen’s report and found its
predictive performance for a five-year horizon to be “unimpressive™.

In addition to the rise of econometrics, another development of importance
for economic forecasting took place in the inter-war period: the establishment of
national income accounts. Estimates of total national income date back to the
late 17th century, but despite a constant improvement, such estimates had been
fragmentary and insufficiently detailed for theoretical analysis for more than 200
years (Kendrick, 1970). Although the early business barometers were meant to
compensate this lack of measures for the whole economy, they had to rely on se-
lected variables that did not directly gauge the national economic output. This
had been one important source of skepticism regarding the business barometers
of the 1920s (van den Bogaard, 1999). Now, in the inter-war period, countries
started to establish continuous national income estimates beginning with Canada
and the Soviet Union in 1925. Until 1939, nine countries had followed their ex-

4 Friedman (1940), cited from Morgan (1990, p. 127).
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ample and a comprehensive League of Nations Report was published including
continuous time-series for more than two dozen countries. During the war, the es-
timates of national income were transformed into national income accounts. This
transformation made use of the fundamental idea that income and expenditure
represent two sides of the same coin, i.e. that they are different ways to measure
national production, and had largely been inspired by the theoretic development of
macroeconomics in the 1930s (see Kendrick, 1970). As Zarnowitz (1992) points
out, quarterly data for US GDP is available from the end of World War II. The
development of national accounting, i.e. of a more or less direct measure of eco-
nomic output, was clearly a major boost for macroeconomic forecasting. This
corresponds with the fact that Morgenstern (1928, p. 30) considered the lack of
such a unique measure of economic activity as a major obstacle to macroeconomic
forecasting in general.’

We now enter the recent period of economic forecasting that is characterized
by a constant proliferation of macroeconomic forecasts and a sophistication of
its underlying methods. This is no surprise, since the sufficient ingredients for
this boom were all present after World War II. As we have seen so far, the major
forecasting methods have their roots in the first half of the 20th century or ear-
lier: Time series methods have originated from statistics, indicator systems from
the business barometers, modern econometric models from the work of Frisch
and Tinbergen. In addition, the national income accounts provided continuous
macroeconomic data. The development of electronic data processing boosted eco-
nomic forecasting further.

The number of macroeconomic forecasts and forecasters grew steadily in the
post-war decades as is nicely illustrated by figures we can take from Zarnowitz
(1992). In 1959, the National Association of Business Economists (NABE) was
founded with an initial membership of 322. This number rose in subsequent
decades to 1682 (in 1969) and 2749 (in 1979), peaked at 3491 in 1983 and only
slightly declined to 3300 in 1989. In 2004, NABE appraises it at roughly 3000
(National Association for Business Economics, 2003). However, it should be no-
ticed that just a minority of the NABE members focuses on macroeconomic fore-
casting. Most business forecasters only use macroeconomic forecasts as inputs to
establish more specific forecasts.

The rise of macroeconomic forecasting triggered the systematic collection of
these forecasts and their evaluation. Yet, consistent, sufficiently large samples of
forecasts are still rare as Zarnowitz (1992) notes. The first survey of macroeco-
nomic forecasts, briefly mentioned in the previous chapter, was initiated by the

5 However, Morgenstern (1928, p. 74) also doubted that there could ever be something like a

composite general index of economic activity.
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journalist Joseph A. Livingston in 1946. He invited business economists to send
him their forecasts of several macroeconomic variables. Livingston pursued his
survey on a bi-annual basis until his death in 1992 when the survey was taken
over by the Federal Reserve Bank of Philadelphia. While being the oldest sur-
vey, Livingston’s compilation collects forecasts of non-professionals and the data
has therefore to be judged with care (Croushore, 1997). The first survey of pro-
fessional macroeconomic forecasters dates back to 1968: It is the ASA-NBER
survey introduced in chapter 2.

3.2 Predictive progress of Macroeconomics

With the brief history of economic forecasting in mind, let us now turn to the
more particular issue of how the predictive performance has evolved. Anticipating
the general conclusion of this section we may state that the longest comparable
time-records of macroeconomic forecasts, dating back to the 1950s, do not yield
any definitive evidence for an improvement in accuracy or precision. As in the
previous chapter, we will have a closer look at the different studies this conclusion
is drawn from in the following.

Evaluating forecasts in a historical perspective relies on the familiar methodol-
ogy of the preceding chapter: It consists in comparing error measures of appropri-
ately classified forecasts. Before we do so, recall figure 2.1 that shows the histor-
ical record of the mean ASA-NBER real growth forecasts. This figures reminds
us: Given the relatively short sample periods as well as the period dependence of
forecast errors, any historical comparison has to be made and judged with care.

This said, consider some bare numbers. Zarnowitz (1992) calculated the MAE
of nominal and real growth as well as inflation forecasts covering the period from
1953 to 1984 and averaged these forecast errors over a couple of (overlapping)
sub-periods. The collection does not only include the ASA-NBER data but also a
variety of other surveys — among others the Livingston survey, the forecasts from
the Michigan research seminar on quantitative economics (RSQE) and official
CEA forecasts. The conclusion drawn from this data asserts that the mean abso-
lute errors “display no systematic upward or downward trend” (p. 523). However,
when accounting for volatility by dividing the MAE by the predicted variable’s
standard deviation, Zarnowitz (1992) claims to find an improvement in RGNP
forecasts from the late 1950s to the mid 1980s. But this improvement is solely
due to a higher volatility in the more recent sub-periods as composed by Zarno-

witz.% So, I am reluctant to infer from it an improvement of forecast accuracy

¢ 1 wonder why Zarnowitz did not include the late 1980s in his historical comparison, that is

a period characterized by a lower volatility, although the data had been available to him.
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and precision. Including the late 1980s in their evaluation but considering differ-
ent sub-periods, Zarnowitz & Braun (1992, p. 36) find “no evidence here that the
[ASA-NBER] forecasts on the whole either improved or deteriorated in the 1980s
as compared with the 1970s.”

In contrast to Zarnowitz & Braun, McNees (1992) finds that absolute forecast
errors of real growth have improved in the two decades from 1970 to 1990. But
he stresses that this need not be considered as an improvement of forecast per-
formance since “much of the improvement merely reflects the fact that no turning
points occurred for the 92 months between November 1982 and July 1990” (p. 29).
Extending the examined period, McNees continues to investigate only the RSQE
forecasts from 1953 to 1991 and finds a clear improvement if these forecasts are
evaluated against a naive benchmark. This conclusion, however, is primarily due
to the bad initial performance of the RSQE models in the 1950s with RMSEs as
high as an average 3.2.

Zarmowitz & Braun as well as McNees evaluated economic forecasts at the be-
ginning of the 1990s; but what has happened since then? Is there any new evidence
that might settle the question whether macroeconomic predictions have improved
over time or not? Let us see what the more recent studies introduced in the last
chapter have to say. First of all, Oller & Barot (2000), evaluating GDP forecasts
for OECD countries from 1971 to 1998, diagnosed no significant change in accu-
racy and precision — neither in absolute terms nor relative to standard deviation.
In fact, the RMSE/standard deviation ratio remains more or less constant at 0.88.
In comparing this value to the equivalent ratio of the forecasts of the British Na-
tional Institute of Economic and Social Research of 1959-67, namely 0.8, the au-
thors convincingly demonstrate that forecast performance remained more or less
the same during the last 40 years. Unlike growth forecasts, inflation forecasts
have improved in terms of absolute errors according to Oller & Barot (2000), but
they do not find any evidence for better relative performance. Yet this observation
can be explained by the simultaneous decline in inflation in most OECD countries
during the 1970s and 1980s.

Examining the forecasts of the U.S. Federal Reserve Bank from 1965 to 1989,
the results of Joutz & Stekler (2000) are suited to be compared with those of
Zarmowitz and McNees. Joutz & Stekler divide the 25 years under examination
into five sub-periods of five years each and divide the calculated MSEs by the
predicted variable’s variance.” In contrast to the preceding studies, they evalu-
ate forecasts with a one quarter horizon and eventually conclude that there is no

7 They hence do not only differ from the former studies in the error measure but also in the

way they account for volatility. In fact, they assume that the difficulty to forecast is not
proportional to the standard deviation but to the variance of the predicted variable and —
since V = ¢2 — give volatility a heavier weight.
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clear evidence “that the quality of the forecasts has improved over time” (p. 23).
Since Joutz & Stekler also show that the Fed’s predictions are not significantly dif-
ferent from predictions of the ASA-NBER survey, their conclusion supports the
interpretation that the thin evidence of forecast improvement Zarnowitz (1992)
and McNees (1992) reported is solely due to the poor initial performance (of the
RSQE models) in the early 1950s.

The historical record of German GDP forecasts is more closely investigated in
two recent papers by Dicke & Glismann (20024,b). Dicke & Glismann evaluate
forecasts of the German Council of Economic Experts (GCEE) from 1964-2001
as well as the forecasts of a German business cycle institute in 1966-2001 that rep-
resents as (melior) pars pro toto the six leading national institutes. In contrast to
the studies discussed so far, forecast quality is measured by MAPE2. According
to the authors, this is justified by the facts that (i) an absolute error of 2% when
growth trend equals 5% is not as severe as an error of 2% when the economy ac-
tually grows by an average of 2%, and (ii) the growth trend has changed in the
period under examination. The authors show that neither the forecasts of the na-
tional institute nor the GCEE forecasts have improved in the course of the sample
period. Even worse, there is some evidence that the predictive performance of
the GCEE has worsened during the last four decades — a conclusion that is even
better confirmed if the economy’s volatility is taken into account. Unsurprisingly,
this result has been challenged by the GCEE. Weidmann (2002) attempts to de-
fend its predictions’ quality mainly by questioning the forecast measure chosen by
Dicke & Glismann. In addition, Weidmann uses preliminary instead of final GDP
data in order to calculate the forecast errors. Using MAE and MSE and account-
ing for volatility, he succeeds in showing that the predictive performance of the
GCEE has not changed systematically over time. However, Weidmann acknowl-
edges that even according to his alternative measures no evidence points towards
an improvement in predictive performance.

The discussion in this section has made clear that whether macroeconomic
forecasts have become more accurate and precise over time is a controversial is-
sue and a question hard to settle because of the intrinsic difficulties of any em-
pirical forecast evaluation mentioned in the previous chapter. However, it has
also become clear that there is no definite evidence of significant improvement
in macroeconomic forecast performance during the last 40 years. Whether or not
there was an improvement in the very first years after World War II — as the study
of McNees suggests — can be left open and does not seriously spoil the following
inquiry.

Let us conclude this section by listening to Lord Terence Burns, experienced
forecaster and a former main economic advisor of the British government, who
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rounds off our discussion and links it up with the next section:

Finally, from my interpretation of the research evidence as well as from
my own investigations, the profession appears to have made very little
progress in reducing the size of forecast errors over the past 30 years
or so, whether for the United Kingdom, the United States, or other in-
dustrialized countries. This result is tentative because some periods are
intrinsically more difficult to predict than others. It is also a surprise and
a disappointment, considering the huge increase in computing capacity
as well as the development of ideas in both economics and economet-
rics. (Burns, 2001, p. 174)

3.3 The use and performance of economic forecasting methods

Burns states in the above quotation that forecasting methods have become more
and more sophisticated. This fact is for example illustrated by the sheer size of
today’s econometric models compared with those used by Tinbergen. But what
role has econometric modeling played in comparison with other forecasting meth-
ods? And, secondly, how has the predictive performance of the different methods
evolved over time?

The ASA-NBER data contains, as mentioned earlier, information about the
predictive methods the surveyed forecasters applied. This enables Zarnowitz (1992)
to assess the relative importance of alternative methods. His clearest result states
that there is no single stand-alone method, i.e. different methods are always used
together in order to complement each other. The most frequently used method
is the informal approach involving a large portion of judgment. More than 70%
of the forecasters used this method and more than half of them ranked it first in
all three examined time-periods (see p. 38 above). The second most frequently
used method in the late 1960s was the leading indicator method. But the use of
this approach declined sharply in the subsequent years. Leading indicators have
always predominantly been used as a second or lower ranked method. The same
holds for anticipation surveys while here the decline is even sharper.

Roughly half of the forecasters used econometric models provided by other
institutions and about a quarter based their predictions on their own econometric
models, both ratios following a slight upward trend. In the same time, economet-
ric modeling has been judged more and more important for forecast production.
However, this trend is more apparent in the first half of the 1970s than in the
second. This fact might be due to the severe critique of econometric forecasting
issued by Lucas (1976) which will be discussed in chapter 9.
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In his study discussed in the preceding chapter, Armstrong (1984) came to the
result that more complex econometric models do in general not yield predictions
of higher quality. This conclusion can be interpreted — and so it is by Armstrong
himself — as showing that progress in model building does not necessarily bring
about progress in predictive performance.

Unfortunately, Zarnowitz (1992) does not analyze the historical record of the
different methods although the ASA-NBER data would allow for such an exami-
nation. We may nevertheless argue — on the basis of the established facts, namely
that (i) there is no significant difference among the methods with respect to their
performance, (ii) there is no difference among the forecasters with respect to their
performance and (iii) there is no improvement in overall forecasting accuracy —
in favor of the conclusion that the forecasting performance of the individual meth-
ods has not improved significantly over time. Had it improved significantly, the
facts (i)-(iii) could hardly be explained.

Main observations

Observation 8 (Forecasting boom) The forecasting literature and industry has
constantly been growing since the end of World War I1.

Observation 9 (Lack of improvement) The quality of macroeconomic forecasts
has not improved during the post-war period, in any case not during the last 40
years.

Observation 10 (Role of econometrics) Although not being a predominant me-
thod, econometric models have become more and more important for the produc-
tion of macroeconomic forecasts.

Observation 11 (Methods’ performance) It may be inferred from the evidence
that there has been no significant improvement in any macroeconomic forecasting
method either.



Chapter 4

Forecast performance in natural sciences

Summary

This chapter evaluates the predictive performance of thermodynamics in distin-
guishing between experimental and non-experimental contexts. Two historic case
studies, namely on the latent heat of fusion and the ideal gas law, warrant the con-
clusion that experimental thermodynamics is characterized by predictive progress
in depth as well as in scope. The non-experimental case is explored by examining
attempts to predict the climate. Climatology’s predictive performance is found to
be poor.

4.1 Progress on the experimental level: Specifying latent heat of
fusion

It is an undisputed common-place that (i) natural sciences provide some predic-
tions of utmost accuracy and that (ii) there has been some tremendous progress in
the predictive performance of natural sciences. This chapter is therefore not meant
to either prove or disprove these obvious facts. Instead, it aims at specifying the
reasons as well as the limits of natural sciences’ predictive success.

A paradigm underlying natural sciences is that natural phenomena can be stud-
ied under artificially produced, well controlled situations in shielded environ-
ments. This is the essence of the experimental method. However, natural sciences’
domain of inquiry is by no means restricted to such experimental situations. Ac-
cordingly, this and the following section focus on the predictive performance and
progress under experimental conditions while the third section is devoted to fore-
casting in natural sciences without experimental control.

Before embarking upon the empirical assessment, we should notice that there
is a close conceptual link between the method of experimentation and predictive
performance. A central methodological imperative of experimental science states
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that experiments must be replicable. But this alone already implies conditional
predictability! For predictions of the outcome of experiments hold conditional
to the experimental setting and some specific interventions. If these conditional
forecasts fail for some experiment, it will not be replicable and, as a consequence,
will not be considered as a valid experiment at all. Consequently, experimental
success implies predictive success, and progress on the experimental level is a
sufficient condition for predictive progress. Yet, it does not seem to be a necessary
condition, and it is thus an open question to what extent predictive progress in
natural sciences is actually due to improved experimental skills.

This question shall now be explored in a historical case study on the measure-
ment of latent heat.! The Scottish physicist Joseph Black (1728-99) discovered,
while deliberating on experiments by Fahrenheit on phase transitions in the mid-
dle of the eighteenth century, the phenomenon of latent heat, namely that a certain
quantity of heat is required to melt a solid (latent heat of fusion) or to vaporize
a liquid (latent heat of vaporization). Without clear concepts of heat and energy,
this discovery could then be stated in the following way: A certain mass m of ice
at a temperature of 0°C is completely transformed into water of 0°C if water of
mass m and temperature 7T is added to the ice. As soon as Tx is numerically
determined, this becomes a conditional prediction, including a point forecast of
the water’s temperature.?

Black attempted to measure the latent heat of fusion of water but never pub-
lished his results so that the credit for the calculation of the latent heat of water
is usually attributed to Karl Wilcke (1732-96) who, in 1772, independently deter-
mined the value to be 72°C; actually, Black found it to be 140°C Fahrenheit, i.e.
77.7°C (see Cardwell, 1971). The modern value is 79.7 cal/g, but we should no-
tice that it is of no importance for the predictive performance whether the obtained
values are close to the today agreed upon value or not. What is of importance is
that the experimental result is replicable. For an experimental setting that con-
sistently yields exactly the same, nonetheless ‘completely wrong’ value (relative
to what we currently believe to be the correct value) allows for much more accu-
rate and precise prediction than a setting that gives rise to highly varying values
although its mean outcome equals the ‘right’ value.

In order to determine the numerical value of latent heat, Wilcke mixed equal

This as well as the following case study is primarily based on articles of the excellent
Dictionary of Scientific Bibliography Gillispie (1971) which are not explicitly cited.

T’ is not exactly the latent heat of water which is nowadays defined as the ratio of energy
required to melt a certain mass of ice, and is measured in cal/g. Yet, as (i) the energy
required to raise the temperature of water by one degree is approximately constant and
independent of its absolute temperature, and (ii) as 1 cal denotes the energy needed to heat
1 g of water from 0 to 1°C, the absolute value of T'» approximates the latent heat of fusion
as measured in cal/g.
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masses of melting snow (0°C) and water at temperature T'. Thus, if no heat were
needed to melt the ice, the expected temperature of the mixture would be the mean
of the initial temperatures,
T+0 T
Tmix =0 =5
2 2

The observed temperature g, however, varied from this expected value. In addi-
tion, Wilcke noticed that the loss of temperature,

M="Tu 0 4.1)

remained constant for different initial temperatures 7. He therefore assumed that
some heat was used to melt the ice so that the hot water’s temperature was de-
creased by some amount, T, without increasing the cold (melted) water’s temper-
ature. The effective temperature that heats the cold (melted) water thusis 7' — Tr
and the observed equilibrium temperature equals,

T Tr

f 2

4.2)
Simple transformations and a substitution of (4.1) into (4.2) yield,

Tp = T —20
= 2T — 20
= oM.

Wilcke obtained the empirical value of M = 36% by experimentation and derived
that the latent heat of one unit mass ice is 72°C. This finally enabled him to make
specific conditional forecasts for similar experimental settings.

Wilcke’s method of mixing was commonly used during the whole first half
of the nineteenth century. It had been improved by using better thermometers
and more accurate balances so that its precision increased constantly. In 1843,
the French thermo-chemists Frédéric Hervé de La Provostaye and Paul Desains
obtained a value of 79,2 cal/g by the method of mixing. Four years later, Ger-
main Henri Hess (1802-1850) performed a series of experiments using the same
method and obtained, according to Médard & Tachoire (1994, p. 383), a value of
80,34 cal/g. The increasing number of decimals indicates that the measurements
have become more and more precise. Consequently, the outcome of such mixing
experiments could be forecasted with ever higher precision and accuracy.

Predictive progress in experimental situations is not simply a linear process
driven by more and more accurate instruments. In fact, a lot of different experi-
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Figure 4.1: The ice-calorimeter of Lavoisier and Laplace. The volumes a and b contain the ice,
and the probe is inserted in f. Only the ice in b is melted by the probe and its melting water is
collected in a case situated directly under the instrument. The outer ice-shield a has only one
purpose: To isolate the inner ice from the surrounding environment and to ensure that the ice in
b is melted by the energy released from the probe only. (Source: Lavoisier, 1789)

mental settings and instruments may compete with each other. The ice-calorimeter
developed as early as in 1780 by Antoine Lavoisier in collaboration with Pierre
Laplace was such a competitor to the mixing method. This instrument was de-
signed to determine the specific heat of substances and its corresponding mea-
surement theory involved the concept of latent heat of fusion: The probe is heated
and placed in an ice cube until it completely cools down to 0°C. The heat that
has been emitted from the body is then determined by weighing the amount of ice
that has melted (see figures 4.1 and 4.2). Lavoisier and Laplace saw that in order
to determine the heat emitted by the body numerically, they needed a ‘numerical
fixpoint’,

La quantité de calorique nécessaire pour fondre une livre de glace nous
a fourni cette unité: or, pour fondre une livre de glace, il faut une livre
d’eau élevée a 60 degrés du thermométre & mercure divisé en 80 parties,
de la glace a I’eau bouillante; la quantité de calorique qu’exprime notre
unité est donc celle nécéssaire pour élever I’eau de zéro a 60 degrés.
(Lavoisier, 1789, p. 291)

The authors expressed the latent heat of fusion in terms of the scale intro-
duced by René Antoine Réamur (1683-1757) around 1730, their value equals
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Figure 4.2: The original instrument of Lavoisier and Laplace that can be viewed in the Musée
des Arts et Métiers at Paris.

75°C. However, they do not specify how they obtained this value. Did they use
the ice-calorimeter itself? All we may say is that this would have been possible.
Lavoisier and Laplace themselves explain how to measure the heat emitted by a
liquid,

Quant aux fluides, on les renferme dans des vases de matie¢re quel-
congue, dont on a préalablement déterminé la chaleur spécifique: on
opére ensuite de la méme manieére que pour des solides, en observant
seulement de déduire, de la quantité totale d’eau qui a coulé, celle due
au refroidissement du vase qui contenait le fluide. (p. 290)

If this liquid would have been water at temperature 7" and of mass m, the latent
heat could have been calculated by Tr = —mﬂT where mice is the (adjusted) mass
of the melted ice.

One century later, in 1870, Robert Wilhelm von Bunsen reverted to the idea
of Lavoisier and Laplace and developed an ice-calorimeter that allows to measure
the specific heat with utmost accuracy (Bunsen, 1870). Figure 4.3 is a schematic
drawing of his instrument. In contrast to Lavoisier and Laplace, Bunsen did not
determine the quantity of heat emitted from a body when cooled to 0°C by weigh-
ing the corresponding amount of melted ice but by measuring the volume change
of the ice-water mixture that surrounds the body. For if a probe is inserted into
the instrument (cylinder a), a certain amount of ice melts, the volume contracts
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Figure 4.3: The ice-calorimeter of Bunsen. The glass cylinders a and b are filled with distilled
water between o and g and between A and 3 respectively. The remaining volume of b including
the tube ¢ and the scale s is filled with mercury. As final preparatory steps, the water in & is
frozen at 0°C and the whole instrument is embedded in a sufficiently big box filled with snow.
(Source: Bunsen, 1870)

and the mercury in the scale descends. The latent heat of fusion of water can be
calculated in three steps: (1) Measure the volumetric change that occurs after hot
water has been introduced in the cylinder. (2) Calculate the mass of the melted ice.
(3) Calculate the latent heat as indicated above for Lavoisier’s calorimeter. This
procedure (in step 2) requires knowledge of the specific weights of water and ice.
Bunsen performed experiments on his own to determine the specific weight of ice.
He was subsequently able to find the latent heat of fusion to be equal to 80,025
cal/g which is in fact the mean of two experiments that yielded 80,01 and 80,04
respectively. Bunsen has thus constructed an experimental setting that allowed
him to predict the outcomes with more accuracy than the old ice-calorimeter.

As already mentioned above, predictive progress is not linear. New instruments
sometimes do not allow for as accurate predictions as well-established ones but
nevertheless bear a large potential which might unfold over time. This is the case
for the calorimeter invented by the physicist Charles Person (1801-84) in 1850
(see Médard & Tachoire, 1994, p. 383). Measuring the latent heat of fusion, he
obtained a numerical value of 80 cal/g. This was less precise than the available
values, but he used an innovative method. The main idea of Person’s so-called
adiabatic calorimeter is to heat or cool the outer wall of the instrument so that
there is no heat flow between the instrument and its environment. The quantity of
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Figure 4.4: Blueprint of a modern adiabatic calorimeter with an electronic control system that
ensures absence of net heat flows: (A) is the calorimetric vessel, (B) and (C) are shields, (F)
and (G) heaters. (Source: Kagan, 1984)

heat that is exchanged between the calorimeter and a certain probe is then inferred
from the quantities of heat involved in the heating and cooling process. With the
whole calorimeter put in a reservoir filled with hot or cold water, Person heated
and cooled his instrument by raising or lowering it according to whether the tem-
perature of the calorimeter’s outer wall is lower or higher than the reservoir’s.
Via the use of a differential thermometer, the experimenter made sure that the
instrument’s temperature equals the environment’s temperature. Person’s ideas
were rediscovered in the late 19th century and are still used in modern adiabatic
calorimeters such as presented in figure 4.4.

A further rediscovery relates, according to Médard & Tachoire (1994), to an
old idea of James P. Joule that was used to improve calorimeters in the beginning
of 20th century. Joule’s original idea was this: The thermo-physical properties of
an object can be studied by (i) connecting the object with a second object whose
thermo-physical properties are well-known and (ii) measuring the heat flows be-
tween the two objects. So-called differential calorimeters implement this idea.
The development of thermoelectric elements allowed to measure temperature with
utmost accuracy and to produce micro-instruments that could be employed in ex-
treme situations such as high pressures. Initiated by Albert Tian (1880-1972)
and Edouard Calvet (1895-1966), this led to the development of modern high-
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Figure 4.5: A high precision DS-calorimeter produced by Netzsch. (Source: Netzsch GmbH)

precision instruments: Modern differential scanning calorimeters (DSC) heat two
tangent probes independently of each other so that the temperature is equal and in
fact no net heat flow occurs (Richardson, 1984). The difference in energy added to
the two probes allows to deduce the thermo-physical properties of one probe given
those of the other. DSCs can produce huge quantities of data with ease that could
not possibly have been obtained by adiabatic or drop calorimetry? alone. Modern
calorimeters like those in figure 4.5 allow for forecasts with a precision that is
worlds apart from the performance of 18th or 19th century experimental physics.
In the public database of the US National Institute of Standards and Technology,
the heat of fusion of water — to be precise: the standard enthalpy of fusion — is
given with an accuracy of four decimal places.

The history of latent heat makes clear that there is a progress in forecast per-
formance due to the improvement of experimental skills and techniques. But is
the diagnosed progress solely due to improved experimental skills? The answer
is yes, as a simple argument shows: Assume, for the sake of argument, that there
were some predictive progress that did not result from improved experimental
techniques. Accordingly, we should be able to predict the outcome of Wilcke’s
or Bunsen’s experiments with more accuracy and precision than they did. But
that is not the case. Wilcke’s mixing experiment does not allow for more accu-
rate predictions today than it did 200 years ago! Hence, the predictive progress

3 Which is in fact the modern variant of Wilcke’s good old mixture method, see Ditmars

(1984) for more.
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only consists in devising more precise instruments and more sophisticated, more
effectively shielded experimental settings.*

4.2 Progress on the theoretical level: The ideal gas law

Hitherto, we have studied how forecasts of one and the same phenomenon, namely
the melting of ice, improved over time due to the invention of techniques which
allowed for ever more precise replication of that phenomenon. Successful predic-
tion solely stemmed from successful replication. This kind of predictive progress
insofar as restricted to one particular phenomenon might be labeled progress in
depth. It does not involve any predictive model and is certainly not the only kind
of progress we would expect to observe in natural sciences.

In fact, we would expect that the sciences enable us to forecast more and more
different phenomena (For instance: not only to forecast the equilibrium tempera-
ture of a mixture of equal masses of ice (at 0°C) and water (at T) but of mixtures
of arbitrary masses, arbitrary temperatures, different substances, ...). The fol-
lowing case study on the ideal gas law suggests that such predictive progress in
scope which seems to require improved predictive methods and thus a theoretical
advancement, ultimately depends on and is limited by our experimental skills, too.
Advancement on the theoretical level which consists in the formulation of general
laws that may be used to derive (more) successful predictive models for (more)
different phenomena does not entail that the range of successfully predictable em-
pirical phenomena widens.

The British physicist and cofounder of the Royal Society, Robert Boyle (1627-
91), discovered, while experimenting with air and vacuum in the late 1650s, that
air is permanently elastic. This statement had been asserted more precisely in a
later edition of his New Experiments in the version which subsequently became
known as “Boyle’s law”. It states that the pressure P of a gas is inversely propor-
tional to its volume V: PV = const. Boyle’s law was discovered for a second
time by the French scientist Edme Mariotte who published the results of a series
of experiments in 1679. Mariotte used a mercury barometer to establish that the
ratio of the volumes of two gases is equal to the ratio of weights that exert pressure
upon them — a statement equivalent to Boyle’s law. Although Mariotte treats this
relationship as if it were well-known, there is no reference to Boyle, and in France
Boyle’s law is usually referred to as Mariotte’s law.’

4 I concede that the development of new instruments typically arises out of a better general

understanding of physical processes and that theoretical advancement in natural sciences
might thus indirectly contribute to predictive progress. Still, the primary cause is the im-
provement of technical skills.

By the way, Boyle’s law was, according to Cardwell (1971, p. 4), first discovered by
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While Boyle and Mariotte investigated the relationship between pressure and
volume of air, there has been little research on the role of temperature in this con-
text during the 17th and 18th century. Guillaume Amontons (1663-1705) seems
to have been the first to measure the thermal expansion of elastic fluids. Without
any thermometer or an established thermometric scale he estimated that air ex-
pands by one third between ‘cold’ water and its boiling point (see Cardwell, 1971,
p- 19). Yet there was still no agreement on the expansion coefficient of air at the
end of the 18th century (Cardwell, 1971, p. 122).

Thus, the scene was set for the French chemist Joseph-Louis Gay-Lussac (1778-
1850). He devoted his first investigations in 1801-02 to the thermal expansion of
gases and was able to conclude that “equal volumes of all gases expand equally
with the same increase in temperature” (Cardwell, 1971, p. 126) thus stating what
we call today “Gay-Lussac law”.® Or formally: % = const. In addition, Gay-
Lussac calculated that air when heated from 0°C to 100°C expands by a volume
equal to 3/800 of the volume at 0°C. Similar experimental research was carried out
by the English physicist and chemist John Dalton in 1802, who found the coeffi-
cient to be equal to 1/266. However, Dalton did not postulate a linear expansion
between the two temperature points of his observation and consequently did not
accept Gay-Lussac’s law.

Since Boyle’s law holds under condition of constant temperature and Gay-
Lussac’s law requires constant pressure, there is a single unifying law of which
both become two special cases. This single law is the ideal gas law, namely

pV = RT 43)

where R is a universal constant. This equation was a concise, summarizing state-
ment of the experimentally observed regularities obtained by Boyle, Gay-Lussac
and others. The empirical data could be fitted into this equation. In the same time,
the universal law allowed to derive infinitely many predictions for yet unobserved
phenomena. Still, it is another question whether it widened the scope of success-
fully predictable phenomena. For not only was it an open question whether the
ideal gas law yields correct predictions for, say, extreme pressures, but improved
experimental skills were also necessary to fabricate such conditions.

The French chemist Pierre Louis Dulong (1785-1838) was working on heat
throughout his career. In a paper in 1815, Dulong and his colleague Aléxis T.

Richard Towneley and Boyle himself called this law ‘Towneley’s hypothesis’.

As in the case of Boyle’s law, it is not clear who really discovered Gay-Lussac’s law for the
first time: The French experimental physicist Jacques-Alexandre-César Charles seems to
have found the Gay-Lussac law already in 1787, but he neither published his results nor cal-
culated the expansion coefficient. In addition, his experimental procedure was significantly
improved by Guy-Lussac.
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Petit (1791-1821) confirmed the Gay-Lussac law for a temperature range between
-40°C and 200°C (see Cardwell, 1971, p. 137). Fifteen years later, Dulong worked
with the physicist Dominique Francois Jean Arago (1786-1853) in a commission
charged with studying the pressure of steam under high temperatures. This re-
search was prompted by the French government’s concerns relating to the security
of boilers in steam engines. In the course of their study they proved the validity of
Boyle’s law for high temperatures and pressures up to 27 atmospheres. Research
on the behavior of stearn under high pressures had been conducted half a century
before Arago and Dulong’s research by the inventor of the steam engine himself,
James Watt (1736-1819). Watt knew that water might boil under low pressure at
temperatures less than 100°C and aimed at determining the pressure of steam gen-
erated at 50°C or 70°C. He performed several experiments at temperatures above
100°C and then extrapolated his results to lower degrees. His findings are shown
in figure 4.6 which nicely illustrates — by the comparison with modern data —
how the range of predictable phenomena has indeed increased.

In light of its application to steam, it has always been clear that the ideal gas law
is not empirically adequate for all temperatures. A clear limit of scope is reached
when a gas is liquefied: The relationship breaks down in phase transitions. It is
therefore no surprise that several experimenters in the first half of the 19th century
found more or less conclusive evidence on different deviations from the ideal gas
law. Among them were the Danish physicist Hans Christian Oersted, the German
Gustav Magnus (1802-1870) and Johann Natterer (see also Darmstaedter, 1908).
However, the most important experimental physicist and chemist in this context
is Henri Victor Regnault (1810-1878) who, in his studio in Paris, produced data
of unseen quality and quantity. After a series of experiments, he finally came to
the conclusion in 1853 that the coefficient of thermal expansion is not a constant
for all gases but varies for different gases in contradiction to the ideal gas law. In
addition, he showed that there are small empirical deviations from the values pre-
dicted by the ideal gas law and that these deviations become the more important,
the more the gas approaches its temperature of condensation.” Regnault’s data sets
were of utmost value for the scientists in the second half of the 18th century and
were used in major contributions to thermodynamics such as by Clausius (1850)
or van der Waals (1988).

The experiments of the Irish chemist Thomas Andrews (1813-1885) and the
French physicist and engineer Louis Pierre Cailletet (1832-1913) in the liquefac-
tion of gases and their discovery of a ‘critical point’ at which the substance enters
an intermediate state between fluid and liquid had two important consequences.
First of all, they invalidated the idea that the ideal gas law is at least very accurate

7 Clausius (1850, p. 378) reports these results.
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for some (so-called permanent) gases. Secondly, the question arose whether there
is a more fundamental equation of state that not only covers the gas phase but the
liquid (and solid) phase as well.

On the theoretical background of Clausius’ molecular-kinetic deduction of the
ideal gas law (which we will reconstruct in chapter 10) on the one hand and the
experimental background just described on the other hand, the Dutch Johannes
Diderik van der Waals (1837-1932), in his dissertation originally published in
1873 (van der Waals, 1988), developed a new equation of state establishing a
relationship between pressure, volume and temperature of a substance,

(P + %)(V —b)=RT (4.4)
where a and b are universal constants that can be estimated by evaluating the be-
havior of gases. His equation of state allowed to explain the ‘critical temperature’
discovered earlier by Andrews and corrects some deviations of the ideal gas law.
Yet, it was clear from the beginning that the so-called van der Waals equation is
only an approximation, too. We should notice that van der Waals’ corrections
can be neglected for (i) high volumes or (ii) high temperatures and low pressures
respectively, so that the ideal gas law (4.3) is a limiting case of (4.4).

So far, the gas laws had only been tested by either holding temperature or pres-
sure constant. Andrews was the first who varied temperature when examining the
compressibility and expansion of gases. Yet the coefficients of compressibility
— Z = pV/RT — and of expansion when both pressure and temperature var-
ied were not known. It had been exactly this experimental enterprise the French
physicist Emile Amagat (1841-1915) embarked upon in the late 1870s. Using
glass tubes, he was able to experiment at pressures up to 400 atmospheres. The
results were then used to build a manometer with free-moving pistons in viscous
liquids that allowed him to experiment at pressures of 3,000 atmospheres. These
experiments were performed in a mine near St. Etienne, 400m under ground. This
was a tremendous extension of the available studies by Regnault (up to 30 atmo-
spheres) and Andrew (up to 110 atmospheres). Amagat therefore gave an im-
portant empirical input to theory development and testing such as carried out by
van der Waals.

I mentioned above that the van der Waals equation, too, had difficulties to
precisely predict the outcomes of experiments. It follows for instance from the
fully specified equation that the fraction %ﬁ is, at the critical point, a constant for
all gases, equal to 2.67. However, Sydney Young (1857-1957), English physical
chemist, found the actual value to be ranging between 3 and 4. Such deviations
gave rise to further modifications of the equation of state which were again sub-
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Figure 4.7: Isotherms in a Z-p diagram of nitrogen. (Source: Sonntag & Wylen, 1991)

mitted to empirical tests ...

Thanks the modern instruments presented in the last section (figure 4.5), we to-
day have an enormous amount of data describing the p-V-T behavior of thousands
of substances. Figure 4.7 is an isothermal plot of the compressibility factor Z and
illustrates the deviation of a real gas (nitrogen) from the ideal gas law: According
to the ideal gas law the plot should be a flat line. Another way to visualize the
p-V-T data is to plot it in a 3-dimensional diagram. Figure 4.8 shows a schematic
and an approximated diagram of the p-V-T surface of water.

Given the complexity of the thermodynamic behavior of substances illustrated
by these diagrams, it might not be surprising that there is no single equation of
state that successfully describes the behavior of gases and liquids. On the contrary,
there is a bulk of different equations of state, each of them fitting more or less
to some substances. Sonntag & Wylen (1991) distinguish three types of such
equations: general equations of state in the tradition of van der Waals, empirical
equations of state using many constants which have to be determined empirically®,
and theoretical equations of state that are derived from statistical thermodynamic

8 One of the best known empirical equations of state is the Benedict-Webb-Rubin equation

with eight empirical constants:
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Figure 4.8: The p-V-T surface of water in a schematic and an approximated plot. (Source:
Gyftopoulos, 1991)
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theory. Such equations serve the only purpose to ‘compress’ the huge amount of
empirical data and make it available in a convenient form. This is especially true
for the purpose of programming. However, if utmost accuracy is required, the
best an engineer can do is to look up the exact value in a table of thermodynamic
data. And Baehr (2000) predicts that such thermodynamic tables will still be very
useful in the future.

Our historical investigation has shown that there is not only predictive progress
in depth (accuracy and precision) but also in scope. The range of phenomena that
have been predictable became wider and wider — starting with the compression
of air under several bar and leading to the complex p-V-T behavior of thousands of
substances under extreme situations. However, this progress crucially depended
on the experimental techniques available. The scope of successfully predictable
phenomena is bounded by the capacity to technically fabricate and control the phe-
nomena. If Boyle had predicted the volume-reduction of air compressed by 3000
atmospheres, that forecast would have been anything but credible. It were Reg-
nault’s carefulness, Andrew’s accuracy and Amagat’s creativity that widened the
boundary of successfully predictable phenomena and not Boyle’s, Gay-Lussac’s
or van der Waals’ postulation of a new, general gas law.

General laws are very useful and probably indispensable insofar as they en-
able us to summarize the unmanageable amount of experimental regularities we
can produce. Predictive models derived from such a general law are successful
to the extent that the general law accurately captures the observed and fabricated
phenomena. Given this functional characterization of scientific theories, they ob-
viously do not contribute to predictive progress in scope.’

4.3 Progress outside of laboratories: Climate predictions

The Science of Climate

We have seen above that experimental success necessarily implies predictive suc-
cess and that, as a matter of fact, experimental progress seems to be largely respon-
sible for the predictive progress in natural sciences. Yet, it would be too strong a
conclusion to state that an improvement in experimental skills is necessarily re-

®  Some philosophers might tend to object that this is too narrow a functional characterization

of scientific theories. Pinpointing the theory-ladenness of observation, they might argue
that theories not only summarize regularities between but already shape the phenomena.
And T agree that theories might turn out to be crucial from this enlarged perspective. But
what we are then talking about are not merely theories in the sense of formulas that enumer-
ate general laws but rather whole conceptual frameworks. Conceptual invention might, as
the example below will show, improve our predictive capacities. Yet this just repeats what I
have stressed in the introduction: That all limits of forecasting and their explanations hold
conditional to a linguistic framework.
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quired for an improvement in predictive success, for counter-examples are easily
found. It was for example not a technical but a mere conceptual invention which
improved the forecasting performance of ancient astronomers when they started
distinguishing between stars and planets. It is therefore an empirical question
to which extent science can be predictively successful under non-experimental
conditions and we are now going to extend our thermodynamic case studies to
climatology in order to cover such cases.

In fact, there has been a fruitful relation between thermodynamics and clima-
tology from the very beginning of these sciences. The English astronomer and
geophysicist Edmund Halley (1656-1742), well-known because the comet he ob-
served in order to test Kepler’s law is named after him, explained the occurrence
of trade winds by making use of the phenomenological law that hot air rises and
cool air descends. And this before such fundamental concepts as latent heat or the
ideal gas law were well-established. In the 18th century, Erasmus Darwin (1731-
1802) made use of the advanced thermodynamic knowledge to explain several
other meteorological phenomena. The explanation of the co-existence of sharply
contrasting climates on a small area, such as the snow-covered summits of the
equatorial Andes and the tropical forests at their foothills, involved for instance
the ideal gas law: Cold air is compressed when falling from the summits and
hence heated, while, inversely, warm air expands when it rises and according to
the gas law cools down. Darwin exploited this idea furthermore in trying to relate
warm and cold weather with atmospheric pressure.!® It is not surprising that ad-
vances in thermodynamics had positive effects on meteorology and climatology
for these sciences can be considered as an application of thermodynamic theory
to one particular system: the earth.

Our investigation into the predictive performance of thermodynamics under
the absence of experimental control will focus on climatology. The task to predict
the future climate has become urgent with the recognition that collective human
behavior can have a significant impact on our climate system: such as for instance
causing the depletion of the ozone layer. A human-induced increase of the green-
house effect triggered by the emission of greenhouse gases (GHG) might, how-
ever, be even more grave than that example. In 1988, the World Meteorological
Organization and the United Nations Environment Programme jointly established
the Intergovernmental Panel on Climate Change (IPCC) as a common global roof
for climate sciences. The IPCC is charged with collecting and assessing scien-
tific information on climate change. It is also providing scientific advice to the
Conference of the Parties to the UN Framework Convention on Climate Change.
In 2001, the IPCC has published its Third Assessment Report (TAR) that gives a

10

For more details on the impacts of thermodynamics on meteorology see Cardwell (1971).
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Figure 4.9: Illustration of the basic design of a general circulation model. (Source: McGuffie &
Henderson-Sellers, 2001)

comprehensive overview of the state of our scientific knowledge regarding our cli-
mate. The contribution Climate Change: The Scientific Basis of Working Group I
to this report will serve as a basis for our assessment of the predictive performance
of climatology.'!

Before assessing the predictive performance of climatology, let us briefly con-
sider how these predictions are produced.’> A comment on figure 4.9 which il-
lustrates the overall design of a modern global climate model will serve this pur-
pose. Such a model consists of several main components that represent (i) the
atmosphere, (ii) the ocean and (iii) the land-surface. These components are in-
dependent models on their own that are coupled by defining energy and mass
exchanges such as evaporation, rain, radiation, etc. in order to yield a compre-
hensive general circulation model (GCM). Yet, due to the complexity of the sub-
models, most complex GCMs consist of coupled atmosphere- and ocean-models
only (AOGCMs). Land-surface models are not dynamically integrated into these
models; instead, land-surface data enters into AOGCMs as a boundary condition.

I

I mark citations from the Third Assessment Report throughout this inquiry both by citing
the contributing authors or by just using the abbreviation “TAR”.

12 McGuffie & Henderson-Sellers (2001) is a good introduction to climate modeling.
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Each sub-model is characterized by a structure similar to the first numerical
models constructed for weather prediction. The climate component (atmosphere,
ocean, land-surface) is divided into cubic subspaces by a three-dimensional grid.
Characteristic variables as temperature, wind- or current-vectors, humidity etc.
are attributed to each subspace. Finally, horizontal and vertical interdependencies
between the subspaces are defined. Now, for given initial conditions, the model
can be solved by a time-step procedure similar to the numerical solution of econo-
metric models we discussed in chapter 2.

Still, this first sketch is too simple a picture insofar as it suggests that climate
models can be deduced from thermodynamics and chemistry which is not the
case. Or, the other way around, they cannot be reduced to these sciences. The
sheer number of climate relevant processes necessitates simplification: A model
that includes all relevant components and aspects could not even be solved on
the fastest super-computers. The necessity for leaving out certain aspects of the
climate system implies that choices have to be made in the course of the model
construction. Additional options emerge because other physical processes that are
not represented in some model (for instance because they emerge on sub-scale
levels) may be integrated through additional equations that are added to the grid-
structure of the model. The definition of the concrete mathematical and numerical
representation of these processes is called parametrization and leaves room for
further variations among climate models. Altogether, these alternative choices to
be made are the reason why there is a large variety of quite different rather than a
single climate model.

Retrodictions of current climate

Before assessing climate forecasts, we should notice that this task is hampered
by problems very similar to those we have encountered when evaluating the per-
formance of macroeconomic forecasts. Which variables should be compared —
temperature, precipitation or sea level change, global or regional values? What
forecast horizon should be considered? Which error measures? ... As in the
macroeconomic case, we risk to get lost in dimensionality. The IPCC (20015)
notes that “it has proved elusive to derive a fully comprehensive multidimensional
‘figure of merit’ for climate models” (p. 475). But in contrast to the macroeco-
nomic case and worst of all, there is no survey of climate predictions yielding a
forecast record which could be evaluated. That is the reason why the evaluation of
climatology’s predictive capacity has to be an evaluation of climate retrodiction.
Can climate models successfully retrodict the current global climate? A first
way to answer this question consists in calculating and comparing the RMSE of
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the climate models’ retrodictions'® for several variabies. Figure 4.10 plots the
forecast’s normalized standard deviation and the forecast-observation correlation
for (i) the global mean precipitation, (ii) surface air temperature and (ii1) sea level
pressure of 16 climate models in a polar coordinate system. The presentation in a
so-called Taylor diagram ensures that the linear distance between the model-point
and the observation-point (1, 1) equals the forecast’s RMSE.!*

According to figure 4.10, the RMSEs are highest for precipitation forecasts
and lowest for surface air temperature predictions. The IPCC (2001b) additionally
notes that pooling of forecasts seems to improve their performance.

Another way to assess the predictive potential of climate models consists in
asking whether they successfully retrodict typical evolutionary patterns of our
recent climate. According to the TAR, a few climate models are able to cor-
rectly retrodict the global mean temperature rise during the 20th century. Figure
4.11 illustrates this observation by plotting the forecast of a model under differ-
ent boundary conditions compared to observation (Parker/Jones). This kind of

13
14

Conveniently referred to as forecasts, too.

More precisely, the linear distance between a point representing a model and the point of
reference equals the part of the RMSE that is not due to bias, divided by the predicted
variable’s standard deviation, see also a detailed proof in the appendix.
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Figure 4.11: Observed (Parker/Jones) and modeled global annual mean temperature anoma-
lies in the 20th century. The alternative boundary conditions assume GHG-emissions increase
only (control) and GHG-emissions increase plus an increase in different aerosol concentration
(GHG+Aso011-3). (Source: IPCC, 20015, p. 497)

qualitative evaluation can also be applied on smaller time scales with regard to
natural climate phenomena such as monsoons, and climate oscillations. The TAR
is fairly vague on this issue stating that (i) some models can predict certain climate
phenomena, (ii) there has been improvement since the Second Assessment Report
(SAR) from 1995 and (iii) a systematic evaluation remains yet to be accomplished.

We have to ask critically whether the above quantitative and qualitative ev-
idence warrants the conclusion that there is some kind of predictive success in
climatology. First of all, the TAR does not present the reported facts as an ev-
idence for successful retrodiction but rather for the successful reproduction of
climate-data. This leads us to the question whether the retrodictions are really
out-of-sample forecasts. If not, i.e. if the retrodictions are (indirectly) derived
from what they were supposed to forecast, namely the current climate, they do not
warrant the model’s predictive reliability. Yet this is exactly the case as becomes
evident when reading the TAR carefully,

Recent atmospheric models show improved performance in simulating
many of the important phenomena, compared with those at the time of
the SAR, by using better physical parametrizations [...] (p. 506)

Hoewever, a certain parametrization is better than another only insofar as it results
in empirically more adequate simulations. Therefore, data of today’s climate is
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Figure 4.12: Surface sea temperature anomalies due to El-Nifio, predictions (dash) and obser-
vation (solid). (Source: IPCC, 20015, p. 504)

used to improve the parametrizations of and thus to construct climate models.
The in-sample character of the retrodictions of 20th century climate becomes even
more apparent when considering so-called flux-adjustments. Until recently all
coupled climate models suffered fatal “climate drift”: Not only did they diverge
from the actual climate when being initialized with current conditions but they
also yielded physically impossible simulation results. The only way to get rid
of this problem was to introduce flux adjustments that modify energy and mass
exchanges between the components. Yet these mathematical adjustments did not
correspond to any real physical processes. In addition, the ad hoc adjustments
were of the same size as the adjusted fluxes themselves! During the last few
years, however, the evolution of climate models, notably new parametrizations and
higher resolutions, brought about climate models without flux-adjustments whose
simulation results were at least not absurd. However, the problem of climate drift
is not resolved fully. All this shows that GCMs are constructed and continuously
modified so as to fit the 20th century climate-data. A replication of this data may
thus not count as an evidence for predictive performance.

What has just been concluded is qualified by a single exception that can be
found in the TAR: the record of predictions of the El-Nifio-Southern-Oscillation
(ENSO). El-Nifio is a regional climate phenomenon that periodically causes in-
creased surface sea temperature in the tropical pacific. Several Institutes tried to
predict the 1998 El-Nifio. Figure 4.12 compares the predicted with the observed
temperature anomalies. The forecasts had been revised several times during the
whole period so that we do not know the exact forecast horizon — all we can
say is that it was relatively short. Still, considering figure 4.12, we may doubt
the TAR’s conclusion that “current models can predict major El-Nifio events with
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some accuracy”. There is an illuminating analogy that can be drawn to economic
forecasting: Purely statistical models (using time-series methods) can predict El-
Nifio with more accuracy than GCMs. Yet, the latter are performing better than
simple climate models. So, even though the El-Nifio forecasts represent real out-
of-sample predictions, they do not provide conclusive positive evidence for cli-
mate models’ forecast performance.

Retrodictions of past climates

Climatologist are quite aware that being able to successfully fit models to the data
is no good reason to believe that the models are predictively successful: “Accurate
simulation of current climate does not guarantee the ability of a model to simulate
climate change correctly” [TAR, p. 493]. That is why it becomes necessary to
assess retrodictions of past climates. Climate scientists have chosen two different
climatic situations for this evaluation: (i) the mid-Holocene about 6,000 years
before present (because of the different angle of the axis of earth-rotation) and (ii)
the last glacial maximum around 20,000 years ago.

Regarding the mid-Holocene, the climate models have made correct directional
forecasts of the following major climatic differences compared with current cli-
mate, but have largely underestimated them quantitatively: the northward dis-
placement of the desert-steppe transition, the increased number of lakes in the
Sahara, the northward shift of the Arctic tree-line and, finally, a northern expan-
sion of the African monsoon. As to the last glacial maximum, the TAR is less
informative: At least some models seem to produce realistic results. But inconsis-
tencies with palaeo-data are used to infer — not that something is wrong with the
mode], but — that the estimations of historical sea surface temperature have to be
revised. This perfectly illustrates the TAR’s earlier statement: “We recognize that,
unlike the classic concept of Popper, our evaluation process is not as clear-cut as
a simple search for ‘falsification’.” (p. 474)

Does all this represent evidence for the predictive performance of climate mod-
els? Again, doubts arise. First of all, the correspondence of the model-data with
the observations is even less obvious and much less documented than for the cur-
rent climate. Secondly, it is not clear whether climatologist use the past climate
solely as a reference for out-of-sample retrodictions or whether the assessment of
these retrodictions are once again used to modify the models in certain aspects.
For example: ”The [...] simulation shows that combined feedbacks between land
and ocean lead to a closer agreement with palaeo-data” [TAR, p. 495]. This in-
formation will certainly be used to improve future climate models — indeed, why
should climatologists not exploit this piece of information? Still, by doing so,
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Figure 4.13: Global mean temperature change in the 21st century as predicted by several models
and for different scenarios. (Source: TAR, p. 555)

they invalidate the evidence such retrodictions could have represented for clima-
tology’s predictive success.

Projecting future climate

Given our previous investigations, neither the simulation of current climate nor the
retrodiction of past climates should count as a predictive success of climatology.
Without a sample of past predictions and merely lots of predictions about the
next century, there seems no other way to assess the climate models’ forecast
performance. Yet that is not correct, for we might outfox the future. Since forecast
performance depends on a forecasts’ accuracy as well as its precision and as a
forecast sequence is the more precise, the less the individual forecasts diverge, we
can anticipate forecast performance by examining a forecast record’s variability.
The more the forecasts disagree, the higher the (future) forecast error.

By the very nature of GCMs, climate predictions rely heavily on the co-pre-
diction of the model’s diverse boundary conditions. The TAR refers to a complete
set of such boundary conditions as a scenario. Now, a whole system of different
scenarios which has been developed under the auspices of the IPCC classifies dif-
ferent possible scenarios according to four main storylines (A1, A2, B1, B2) that
differ relating to future global growth, speed of economic convergence and world
population. A storyline may contain scenario groups that are characterized by cer-
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Figure 4.14: Global sea level rise in the 21st century as predicted by several models and for
different scenarios. (Source: TAR, p. 671)

tain assumptions on technological development and policy measures. Altogether,
there is a total number of 35 different scenarios.

Given the need for simplification in climate models and the diversity of the
underlying scenarios, one could expect a fairly high degree of disagreement be-
tween different climate predictions. Figures 4.13 and 4.14 show the temperature
and sea level change during the 21st century as predicted by a lean climate model
that is tuned to different GCMs. Each dashed curve represents the categorical
forecast based on one specific scenario and averaged over all the different mod-
els. The forecasted temperature rise by 2100 for example varies between 2°C and
4.5°C for the different scenarios. Yet forecasts not only disagree because of the
alternative scenarios, but also because of the variety of models. Each vertical bar
right to the diagram illustrates the disagreement between the forecasts based on
one and the same scenario. In the case of temperature change, this model-induced
disagreement is as high as the scenario-induced uncertainty. For sea level change,
however, the disagreement due to the different models even largely exceeds the
disagreement induced by the alternative scenarios. Altogether, the disagreement
among forecasts is enormous; forecasts of temperature rise vary for example be-
tween 1.5°C and 5.8°C. Because of this imprecision, climate forecast performance
has to be considered as poor.
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What is the lesson to be learned from all this? The TAR concedes that the
future climate is not predictable: “Because scenarios by their very nature should
not be used and regarded as predictions, the term ‘climate projection’ is used in
this Report.” (p. 95) What this statement refutes is only the idea of categorical
predictability. The extreme disagreement, however, between models suggests that
the climate is not even conditionally! predictable.

The last chapter of the TAR contains a critical discussion of the predictability
question and it plainly asserts “that the long-term prediction of future climate
states is not possible. The most we can expect to achieve is the prediction of the
probability distribution of the systems future possible states by the generation of
ensembles of model solutions.” (p. 774) Whether this is really possible will be
discussed later in chapter 9. At this point, we simply note that the TAR does not
provide any positive evidence for successful density forecasting in climatology,
either.

Main observations

Observation 12 (Progress in depth) Experimental thermodynamics is character-
ized by predictive progress in depth that stems from improved experimental tech-
niques.

Observation 13 (Progress in scope) Experimental thermodynamics is character-
ized by predictive progress in scope that stems from improved experimental tech-
niques.

Observation 14 (Limits of forecasting) The limits of experimental techniques,
and not the limits of theoretical understanding, are the limits of forecasting in
experimental thermodynamics.

Observation 15 (Failure of climatology) There is no evidence for any successful
forecast performance of climatology, neither with regard to absolute, nor condi-
tional nor probability forecasts. Highly imprecise forecasts point to a poor pre-
dictive performance.

Observation 16 (Problems of forecast evaluation) Most of the problems an eval-
uation of so-called climate predictions faces are similar to those of macroeco-
nomic forecast evaluation.

'35 ie. given a certain scenario.
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Understanding the predictive limits of
economics



Chapter 5

Predictability of complex systems

Summary

The fact that the economy is a complex system explains some of the observations
made in the previous part. Besides (i) yielding an argument from external effects
which shows why macroeconomic forecasts generally fail, it gives rise to explana-
tions of (ii) the more particular fact that directional forecasts do not perform any
better than point forecasts, and (iii) the marginal role of macroeconomic theory
for economic forecasting.

5.1 Explicating complexity

Complexity is not a property of a system as such. For what is complex is a system
under a certain description. In addition, it is a comparative concept: A system
may be more, less or equally complex than another. Complexity depends on the
number of elements of the system, the number of its properties and the number
of relationships between these elements or properties. We say that a system is
simpler than another if it is less complex. These explications leave room for inde-
cisive cases where it is not determined whether a system is more or less complex
than another, for instance when one system is composed of more different ele-
ments but characterized by less different properties than the other. This, however,
does not pose any difficulties for the following reasonings.

Conceiving a system mathematically yields more explicit indicators for com-
plexity. A system is typically described mathematically by stating the functional
relationships, f;, which hold between the system variables, x;, and involve certain
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parameters, o;.! Such a formal model has the shape:
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This is in fact the most general way to state a quantitative model at all. The degree
of complexity can now be considered as a function of the numbers n and m as
well as the average number of parameters altering the functional relationships.
This definition applies no matter whether the variables z; are state variables, [-
dimensional vectors, time derivatives of certain variables, or statistical properties
as mean or variance.

Let us have a look at some examples. If the above definitions are applied to
the systems we have studied in part 1, our intuitive judgments concerning their
complexity are largely confirmed. Coupled atmosphere-ocean general circulation
models (AOGCMs) are for instance more complex than AGCMs which in turn are
more complex than simple energy balance models consisting only of a handful of
equations. The econometric models used in forecasting institutes as for example
the DRI/McGraw-Hill model are more complex than the simple model introduced
in section 2.3. Finally, to give a non-formal example, the system that Adam Smith
describes in The Wealth of Nations on hundreds of pages is more complex than
the non-formal statement of the Ramsey-Cass-Koopmans model by Romer (1996,
p- 39),

There is a large number of [identical] firms. [...] The firms hire work-
ers and rent capital in competitive factor markets, and sell their output
in a competitive output market. The firms maximize profits. They are
owned by households, so any output they earn accrue to the households.

{...]

There is also a large number of identical households. The size of each
household grows at [constant] rate [...]. Each member of the house-
hold supplies one unit of labor at every point in time. In addition, the
household rents whatever capital it owns to firms. [...] The house-
hold divides its income at each point in time between consumption and
saving so as to maximize lifetime utility.

! Although this is by no means the only type of formal mathematical description of a system,

it is by far the most (maybe even the only) relevant in economics and physics.
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5.2 External effects

The above explications enable us to reconstruct a familiar argument against the
possibility of macroeconomic forecasting called the argument of external effects.
The state of the system (5.1) at time ¢ given by the values of x := (z;),i=1...7n
clearly depends on the values of the parameters a = (¢;),j = 1...m at time
t. If someone wants to derive a prediction about the future state of the system,
t_le , with (5.1) as predictive model, the future values of the parameters t_laf
must therefore be co-predicted. But even if (5.1) does not serve as a predictive
model, a forecast ;_;x" entails at least negative co-predictions of the parameters.
For although a certain prediction ;_;x{" might be compatible with several future
parameter sets, there is a large number of parameter combinations that exclude,
together with (5.1), the forecast. So, by whatever procedure the forecast is estab-
lished, it entails that certain parameter values will not be realized in the future. In
other words, any prediction of a system’s state entails a co-prediction of its future
boundary conditions.

Now, the co-predicted states are the more numerous, the more complex the
predicted system. Forecasts of very complex systems commit the forecaster to
predict a large number of further (boundary) states. And the correctness of the
original prediction depends on whether the co-predictions turn out to be correct or
not. This clearly gives rise to a major problem when predicting complex systems.
And it explains the observations we have made in part 1. With respect to economic
forecasting, the argument was elaborated by Morgenstern (1928). He conceives
the economy as a very complex system that intensively interferes with political,
social or natural phenomena. Having noted that the main idea of his reasoning is
quite popular and maybe even trivial, Morgenstern says,

The sentence: Economic forecasting that makes use of the means pro-
vided by economic theory is principally impossible has to be interpreted
[...] as follows: Even if there were a positive theory of economic fore-
casting, what we deny, economic prediction as such would still be in-
sufficient since economic processes are co-determined by other factors,
other types of behavior that would have to be co-predicted, but cannot
be predicted. In other words: A prediction of economic processes is
eo ipso a co-prediction of other types of behavior that are somehow re-
flected quantitatively in economic behavior. Yet that goes in any case
beyond the realm of possibility of economic theory, no matter how bril-
liant the theory of economic forecasting. (p. 115)
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The argument of external effects can now be stated concisely,

(1) The economy is a complex system that largely interacts with polit-
ical, social or natural phenomena.

(2) Any prediction of a complex system entails (positive or negative)
co-predictions relating to the phenomena the system interferes with.

(3) Thus: Macroeconomic forecasts entail (positive or negative) co-
predictions of political, social and natural phenomena.

(4) Forecasts of political, social and natural phenomena fail.

(5) Thus: Macroeconomic forecasts fail.

However, what is true for the economy as a complex system, is also valid for
complex natural systems, as for instance the earth climate. We saw that climate
predictions, e.g. of global mean temperature rise, heavily rely on co-predictions
of related parameter and boundary conditions such as the underlying scenarios
and the specific parametrization of the GCM. In contrast to some economists and
as already mentioned earlier (see p. 78 above), climatologists concede that the
co-prediction of these states is not possible and consequently propose to modestly
label their predictions “projections”.

5.3 Directional and non-directional forecasts

In part 1, we have observed that macroeconomic trend forecasts are as likely to
fail as quantitative forecasts (Observation 3). This seems to be counter-intuitive.
And many economists, whilst admitting that macroeconomic point forecasting is
hardly feasible, insist on the possibility of directional forecasting. I suppose that
something like the following argument is what feeds these intuitions,

(1) If forecasts of some type F are deduced from weaker assumptions
than forecasts of another type G, then F-forecasts are less likely to
fail than G-forecasts.

(2) Point forecasts are based on assumptions on the precise values of
certain variables (quantitative predicting data) whereas directional
forecasts merely require assumptions on the variables’ signs (qual-
itative predicting data).

(3) Assumptions on the signs of some variables are weaker than those
on their precise values.

(4) Thus: Directional forecasts are less likely to fail than non-direct-
ional ones.
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Given our observation, something must be wrong with this argument. Seeing
what is wrong will enable us to explain why directional forecasts do not perform
any better than point forecasts.

In the following I will argue that premiss (2) does not hold in sufficiently com-
plex systems. This result will be obtained by making use of the methodological
framework Paul Samuelson has developed in his Foundation of Economic Analy-
sis for exactly the opposite purpose (Samuelson, 1963). Samuelson tried to show
that it is a reasonable as well as an achievable aim of economics to establish what
he called tendency laws, and he investigated the general conditions which must
be satisfied in order to derive such laws. A tendency law is a general relationship
which holds in a specific system and relates the sign of change in a certain pa-
rameter ¢ to the sign of change in some variable x, i.e. it specifies the sign of
dzy/day. Accordingly, conditional directional forecasts such as ‘If ¢ is increased,
T}, increases, too.” can directly be derived from it. As the antecedent conditions of
these conditional directional forecasts are non-numerical, a tendency law which
is itself not derived from numerical assumptions makes it possible to derive cat-
egorical directional forecasts (by co-predicting the antecedent conditions) which
are based on qualitative predicting data only.

But in sufficiently complex systems, the sign of dzy/da; cannot be derived
from purely qualitative information only. To see why, reconsider the mathematical
description (5.1) of a system; differentiating every equation in the general case
with respect to ¢ yields a linear equation system with n variables (dz;/doy, j =
1...n) and n equations,

Ofidn | 4 Ofide, _ _0h
dzy dag co Oz, day ~ By
9fr dzy + + 8_f§d_xa — _0f
dz1 doy t Ozn doy Oy
Ofn day Ofadiy _ 01
axldal+"'+8znﬁ_ day

The solution of this equation system provides the derivative, dzy,/day, we are
looking for, and can be represented, according to Cramer’s Rule, as the quotient of
two determinants, det A*/ det A, where (i) A is the matrix of all partial derivatives
[0fi/0z;];; and (ii) A* is obtained by substituting the vector (—9f;/0cy); for
the kth column of A. Now, let us assume maximum qualitative knowledge, i.c.
the knowledge of all signs of the matrix-elements. Since we would have to use
Leibniz’ Formula with its n! terms to calculate the sign of a determinant in the
absence of quantitative knowledge, we would only be able to calculate the sign
of the derivative, dx/day, we are interested in if these n! terms had the same
sign for each of the two determinants. As Samuelson himself points out, this is of
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utmost unlikeliness for large n. Here, I claim more than Samuelson: It is not only
unlikely, it is impossible for n > 3!

To prove this, we will consider a 3 x 3 matrix B;; = [b;;] with ¢, j = 1,2,3 in a first step. We
assume that b;; # 0,Vij. According to Leibniz’ Formula, the determinant can be calculated by
summing 3! = 6 terms,

det(B;;) = b11b2abs3 + b1obasbsy + bigbarbss
—  bi1baabsa — bi2ba1byz — bisbasbsr.

All of these six terms, each being a product of three coefficients, will only be of positive sign
if (i) an even number of coefficients in each of the three terms in the upper row and (ii) an odd
number of coefficients in each of the three terms in the lower row are of negative sign. This
would imply that there were an even (total) number of negative coefficients in the upper row
and an odd (total) number of negative coefficients in the lower one. But that is impossible since
each coefficient occurs exactly once in the two rows. An analogous reasoning shows that not
all of the six terms can be of negative sign. Thus, we are not able to determine the sign of a
3 x 3 matrix qualitatively. Now, let A be a n X n matrix, again, none of the entries equal to zero.
Making use of Laplace’s Theorem, the terms of the Leibniz’ Formula can be arranged in n!/6
groups: Each group is the Leibniz’ sum of a 3 x 3 submatrix A* (k = 1...n!/6) of A multiplied
by a certain factor and is therefore composed of six terms. Since we have just derived that these
six terms cannot be of the same sign, it is shown by this that the terms of the Leibniz Formula
are not of equal sign for any n > 3.

Hence, in sufficiently complex systems, qualitative knowledge (predicting data)
is not enough to derive tendency laws and directional forecasts. Information about
the future trends of all relevant variables is not sufficient to determine the future
trend of the predicted variable. Quite the opposite, its future trend depends on the
precise values of the predicting variables and parameters. This said, it becomes
clear that premiss (2) of the above argument is false; the intuition that directional
forecasting is easier than point forecasting is unfounded. Moreover, the failure of
point forecasts to some extent even entails the failure of directional forecasts in
complex systems: A directional forecast relies on the same predictive model and
the same (quantitative) predicting data the point forecast is derived from. If the
latter fails, the former relied (for modus tollens) on false assumptions and is thus
likely to be incorrect, too.

5.4 Theory independence of macroeconomic forecasting

We have found in part 1 that macroeconomic forecasts are not primarily based on
theoretical models. Economic theory is only used in so far as some huge econo-
metric models are applied; yet these do not have much in common with the highly
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idealizing models of modern macroeconomic theory. Why is economic forecast-
ing so disconnected, so independent from macroeconomic theory?

The highly idealized models of macroeconomic theory are characterized by rel-
atively low complexity, i.e. they contain relatively few variables and parameters.
Yet this is something they have in common with classical physical models whose
simplicity Cartwright (19834) illustrates with the laws covering the diffusion of
liquids in a mixture,

The situation is this. For several fluxes J we have laws of the form,

Im = QI(QM)

Jo = gplayg).

Each of these is appropriate only when its « is the only relevant vari-
able. For cross-effects we require laws of the form

Im = g1(am,...,0q)

Jg = gnlam,. .., aq).

Cartwright notes that we have laws of this latter kind just in very few cases and
that there is no universally applicable procedure to combine laws of the simple
kind in order to obtain laws that describe a complex system adequately. While
Cartwright’s example of cross-effect laws turns out to be a special case of the
equation system (5.1), her simple law example represents a special case of the
system,

fl*(xlv"'7$’n>al> =0

> yor ey ny =0
fi(@y, T, ) (5.2)
fi(x1, . Zny0) =0

System (5.1) is clearly more complex than (5.2) where each functional relationship
is altered by one parameter only. Cartwright asserts that physical laws generally
take the form (5.2).2 Samuelson does not consider it as problematic that this
applies to economics as well, since

2 Von Hayek (1972) does not only consider this as a matter of fact but suggests to use it as a

criterion to define physical science: “The non-physical phenomena are more complex be-
cause we refer to what can be described by relatively simple formulas as physical.” (p. 13)
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the assumption of this hypothesis [that each functional relationship is
altered but by one parameter] does not involve any serious loss of gener-
ality and still includes the vast majority (in fact, it is hard to find excep-
tions) of relationships contained in current economic theory. (Samuel-
son, 1963, p. 33)

If Samuelson simply wants to remind us that economic models are generally of
type (5.2), he is probably right, but if he intends to claim that economic phenom-
ena can generally be described adequately by such models, he is certainly wrong.
Cartwright’s observation suggests that classical physics and economic theory can
hardly be applied to complex situations at all. This is nicely illustrated by our
climate models. GCMs are clearly special cases of (5.1). And they are obviously
not simply composed of natural laws nor are they strictly reducible to thermody-
namics or chemistry. On the contrary, some of them are even incompatible with
basic physical laws. The ad-hoc adjustments of energy and momentum fluxes that
had to be implemented in some AOGCMs in order to ensure the model’s stability
implied that, a priori, the model did not comply with fundamental conservation
principles, i.e. the conservation of mass and energy!

In order to describe a complex system adequately by economic or physical
theory, it has to be manipulated so that it can be subsumed under a model of
type (5.2). Such a manipulation typically consists in shielding (parts of) the sys-
tem against any kind of external influence, reduces the system’s complexity, and
eventually transforms it into a simpler one. Or, in the terminology of Cartwright
(1999), complex systems may be rearranged to nomological machines, i.e. an ap-
propriate arrangement of certain factors in a sufficiently shielded environment that
gives rise to regularities of the type (5.2).

This said, it seems as if complex systems on the one hand and theoretical laws
on the other just do not match. The models that attempt to describe the former
adequately cannot be reduced to the latter. And systems which are governed by the
latter are, opposed to the former, simple, well-shielded and controlled. However,
it is not merely a contingent matter of fact, possibly a cognitive shortcoming, that
scientific laws are simple. There is a methodological reason for the fact that our
theoretical laws don’t apply to complex systems, as we shall see in the following.

The reconstruction of Samuelson’s account has made plain that simplicity is
necessary in order to derive tendency laws in a purely qualitative way. If we
acknowledge that qualitative understanding means to derive such general, stable
qualitative relationships, it follows that theorists will consider simple systems only
as long as they aim at a qualitative understanding of the studied system.® In ad-

> 1do not mean to defend this goal; I merely say that because scientists have adopted this

goal, they have developed theories that do not describe complex systems adequately.
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dition, Samuelson has shown that simplicity, together with a second condition, is
also sufficient to deduce tendency laws. These conditions are:

1. The system prevails in an equilibrium so that the function
F(zy,...,Tn,Q1,...,Qm)

with OF/0x; = f; is maximal. The equations that state the corresponding
first order condition form an equation system.

2. Each functional relationship of the first order derivative system is altered by
one parameter only. Hence, the equation system is of the kind (5.2)!

However, Samuelson’s two conditions are not equally important for deriving
tendency laws. While the first condition might be dropped, condition (2), the
simplicity-condition, is crucial. Not assuming that the system prevails in equilib-
rium gives rise to the necessity to study its dynamical behavior. As a result, the
variables typically become first order time derivatives of state variables. Let us
examine the above mentioned Ramsey-Cass-Koopmans (RCK) model as a final
case study* in order to illustrate the importance of the simplicity condition even
in dynamical analysis.

If the assumptions of the RCK model are transformed from ordinary language
(see p. 82 above) into formal functional relationships, the following two equations
can be derived,

o) = S0 k) - o0
B) = f(k(2) — et) ~ (n + k(1)

where ¢(t) is consumption, k(t) capital stock, f(x) is the production function of
capital and f’(*) the marginal productivity of capital, all functions of time ¢ and
per unit of effective labor. The parameters are productivity growth g, popula-
tion growth n, discount rate p (the greater p, the less the households value future
consumption relative to current consumption) and the coefficient of relative risk
aversion 6. These equations can also be written as,

Fi(e(t), k(8), e(t), k(8), p,8,9) = O
f?(é(t)?k(t)7c(t)?k(t)7nag) .

(5.3)

|
o

for some f1, fo.

4 Following the textbook account in Romer (1996).
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(a) Setting up the phase diagram. (b) Ruling out contradicting time paths.

Figure 5.1: The phase diagram of the RCK model. (Source: Romer, 1996, p. 48-49)

Qualitative statements about the economy’s behavior are derived by the fol-
lowing procedure. The first step consists in drawing the phase diagram. This not
only demands specific qualitative knowledge of the functional relationships but for
obvious reasons also requires that the system is not composed of more than two
differential equations. This is a first constraint regarding the system’s complexity.
Figure 5.1a plots the phase diagram of the Ramsey-Cass-Koopmans model.

Still, the phase diagram depicts infinitely many possible time paths the system
could evolve upon depending on its initial position and the numerical values of the
parameters. In a second step, thus, as many time paths as possible must be ruled
out on the basis of the model’s assumptions. This is illustrated in figure 5.1b. For
any initial capital stock k(0), there is but one corresponding consumption level
that does not bring about time paths that contradict the model’s assumptions. It can
subsequently be shown that the system necessarily prevails on the saddle path F'E
and converges against the equilibrium E. The reasoning thus nicely exemplifies
what Samuelson has called the Correspondence Principle between comparative
statics and dynamics: Instead of assuming that the state variables prevail in a
stable equilibrium position, the dynamical analysis tries to derive tendency laws
by assuming that the model-economy is in ‘stable’ motion.

Given these results, we are prepared to investigate, in a third step, the effects of
shifts in certain parameters. A drop in the discount rate p, for instance, alters but
the first equation of the system (5.3) and causes the vertical ¢ = 0 line to shift to
the right in the phase diagram 5.4a. Since we have derived that the model is always
on the saddle path, it follows — assuming that only consumption and not the
capital stock can be adjusted instantaneously — that consumption drops sharply
to A on the new saddle path and subsequently adjusts to the new equilibrium £’
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(a) Definite effect. (b) Ambiguous effect.
Figure 5.2: Effects of parameter shifts in the RCK model. (Source: Romer, 1996, p. 54)

And this is exactly what we have tried to derive: a conditional directional forecast.

However, we were lucky that p alters but one single equation of (5.3). If this
had not been the case, the results of a change in the discount rate could have been
ambiguous. Consider for instance a decline in productivity growth g, a parameter
that affects both equations in (5.3). As for the drop in p, the ¢ = 0 line is displaced
to the right. Simultaneously, the k = 0 curve is vertically expanded. Thus, it
depends on the quantitative extent of these transformations whether consumption
immediately falls or rises. Figure 5.4b shows the case where the effects neutralize
each other and consumption neither drops nor rises immediately. In addition,
it is not determined from a purely qualitative point of view whether the model
adjusts to a higher or a lower consumption rate in the long run, either. Thus,
this case study confirms: As soon as the second of Samuelson’s two conditions is
not satisfied, qualitative forecasts can no longer be derived qualitatively. Hence,
insofar as qualitative understanding is what is aimed at, science has to deal with
simple systems of a very low degree of complexity.

To round up the whole argumentation, we must recall that the economy as
we use to conceive it in ordinary language — talking about job opportunities,
firms, new products, stock markets, shopping centers, taxes, ...— is anything but
a simple, sufficiently shielded system of low complexity. So, given the arguments
of this chapter, it is fairly comprehensible from this every day point of view that
(i) the whole enterprise of forecasting the economy fails because of the problem of
external effects, that (ii) directional forecasts are as unlikely to be correct as point
forecasts and, finally, that (iii) economic theory is — given the aim of qualitative
understanding — necessarily simple and therefore of little use to macroeconomic
forecasting. This holds in analogy for the earth climate and other natural systems
we ordinarily conceive as very complex.



Chapter 6

The quality of data

Summary

Data cannot possibly be compared with the ‘true data’ in order to assess its qual-
ity. Instead, its quality is determined by its precision as well as by the evidence
in favor of its underlying assumptions. In general, forecasts are negatively af-
fected by inferior data-quality. Both macroeconomic and climate-data suffer from
typical problems of aggregation and their quality, in terms of precision as well
as of evidence for underlying assumptions, is poor. Thus, a considerable part of
macroeconomic and climate forecast failure can be explained.

6.1 Explicating data-quality

Before explicating the notion of data-quality, let us fix the concept of data itself:
Quantitative data consists in numerical values of a certain variable (GDP-data,
CPI-data, ...); and “measurement” refers to the systematic generation of quanti-
tative data. This said, it is worth noticing that the idea of data-quality is not only
of particular importance in the context of forecast-evaluation. It also plays a major
role in science in general, e.g. when certain results are refused by criticizing their
data-basis. But what exactly do we mean by quality of data? What makes data
good data? We faced a similar question right at the beginning of our enterprise
when asking what forecast-quality consists in. In that case, however, we were
in a far better position, since given the actual outcome of the predicted event we
were able to calculate forecast errors and to relate forecast quality to these errors.
In contrast, there is nothing like the actual or the true data with which we could
compare the data under examination. For to say which data is true or ‘more true’
in order to specify the objective benchmark would presuppose an opinion about
which data is of better quality — what obviously begs the question. Thus, we
cannot evaluate data-quality the same way as we have assessed forecasts. Alter-
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natively, we may judge data on the basis of its precision and of the assumptions
which underlie its generation.

The first way to judge data, i.e. by its precision, consists in comparing it with
other data that measures the same variable. In the forecast-case, precision was
defined as volatility of forecast errors. In analogy, we may define precision of
data as the volatility of a data-set quantifying the same variable and among others
including the data under examination. Consequently, any data of the considered
data-set has the same precision. To cite an example, the data which measured the
latent heat of fusion became more and more precise during the last centuries, as
described in chapter 4. The values obtained by Wilcke and Black in the second
half of the 18th century varied by more than 5 cal/g. In the mid 19th century,
data obtained via different measurements converged and differed only by around
1 cal/g. Finally, modern measurements only differ by less than a thousandth cal/g.
These explications correspond with our ordinary intuition that the number of dec-
imals indicate the precision of some data, assumed that only those decimals are
given which actually agree for different measurements. For then, the less volatile
(and thus the more precise) the data, the more decimals agree.

Although we typically compare data generated at the very same time in order
to assess its precision, e.g. we repeat the measurement process several times and
analyze the resulting data-set, it is equally possible, from the point of view just
developed, to consider data-sets which are composed of data generated at very
different times. Still, we tend to treat data that was generated at different times
asymmetrically: The more recent data is typically considered to be of better qual-
ity and naturally serves as a benchmark. Such a practice may be justified in the
light of corrections of the former measurement or other progress concerning the
measurement-process. But it suggests that the notion of precision does not entirely
grasp the idea of data-quality and that there is a further component of data-quality
which involves the evaluation of data generation. This is the above-mentioned
second way to assess data-quality.

More fundamentally, precision alone is not a satisfying criterion for data-quality
because as a relative measure, characterizing some data compared to other data,
it cannot take the possibility into account that all the data might be systematically
wrong (biased). If a data-set is biased, for example because a certain heat-loss in
the experimental setting is systematically underestimated, all the data may largely
agree and hence be very precise despite of being — as we would still say — of
bad quality. Since it is impossible to calculate the data’s accuracy as we have
done for forecasts, the only way to identify systematical errors is to evaluate the
process of data generation and the assumptions this process is based on. The
more the underlying assumptions and theories are confirmed, the better the qual-
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ity of the generated data. A familiar problem occurs if the only evidence for the
measurement-theory comprehends the measured data itself: The confirmation of
the measurement-theory would then be invalid since circular. In this case, theory-
ladenness has become fatal.

6.2 How does data-quality influence forecast-quality?

With these explications of data-quality at hand we now have to clarify in how far
bad data-quality impairs forecast-quality and hence can explain forecast failure.
Data-quality can affect forecast performance through two main mechanisms for
data is required to derive (predicting data) as well as to evaluate (predicted data)
a forecast.

Forecast generation and data-quality

Imprecise predicting data entails imprecise forecasts. This becomes clear when
we do not only consider forecast errors (in line with the statistical stance devel-
oped in the introduction) but also the predicting data as a random variable. The
larger the latter’s variance, the larger the former’s. The degree to which forecast
precision is affected by data imprecision of course depends on the specific predict-
ing model. Thus, if the predicting model is for instance a linear equation system,
the forecast’s precision linearly depends on the predicting data’s precision.

Things are slightly more complicated for the second criterion of data-quality,
namely the evidence for the underlying assumptions. For it is not generally true
that a forecast is to fail the more likely the less justified the statements it is derived
from.! The explanation of forecast failure by poor evidence for the predicting
data’s assumptions is hence not straightforward. However, we have introduced
the assumptions’ justification as a criterion for data-quality above because they
seemed to be a potential indicator for the data’s bias. The better the underlying as-
sumptions are justified, the less likely a severe bias of the data. Biased predicting
data, in turn, entails inaccurate forecasts since the data’s bias propagates through
the predicting model into the forecast. Consequently, the lack of evidence for the
predicting data’s underlying assumptions makes forecast inaccuracy more likely
and can thus explain its failure.

Forecast evaluation and data-quality

Forecast evaluation makes use of data, namely by calculating the forecast errors.
We shall now briefly discuss whether the forecast performance is affected by the

' As we will see in chapter 10.
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PREDICTING PREDICTED DATA

DATA bad quality good quality

good quality GDP indicator fore- nomological machines
cast*

climate-model based
econometric GDP sea-level rise
bad quality forecast*® projection*

Figure 6.1: The data matrix, based on the results of this chapter. The failure of forecasts marked
with a “*” can be explained by poor data-quality.

predicted data’s quality, i.e. the data measuring the real outcome, too.

The imprecision of the predicted data has ambivalent effects on forecast per-
formance. It might result in higher as well as in lower forecast errors, depending
on which of the alternative data® is chosen in order to evaluate the forecast and
to calculate its errors (e.g. whether to evaluate a forecast against the OECD- or
the IL.O-data, for instance). Such imprecision thus bears the risk that forecast-
ers select that kind of data which minimizes calculated forecast errors and makes
forecasts thus appear in a better light.

Weak underlying assumptions of the predicted data, on the contrary, seem to
worsen forecast performance. To see why, consider a forecast, tﬁlXtF , evaluated
at ttme ¢. Now, all information available at £ — 1 is available at £, too. Or, the other
way around, whatever information was not available or weakly confirmed at ¢, was
not available or (possibly even less) weakly confirmed at ¢ — 1. Thus, if there is
weak evidence for the assumptions underlying the measurement of the predicted
variable at ¢, how much weaker are the assumptions underlying the predicting data
at t — 1! But weak evidence for the assumptions underlying the predicting data
explains forecast failure as we have just argued. This said, poor quality of the pre-
dicted data rather than being a proper explanation merely indicates an explanation
of poor forecast performance, namely the weak evidence for the predicting data.

Different types of data and the data-matrix

Hitherto, we have discussed two types of data whose quality might affect forecast
performance: the predicting and the predicted data. Anticipating the results of the
following sections, this distinction enables us to arrange different kinds of fore-
casts in a matrix according to their corresponding predicted and predicting data’s
quality (figure 6.1). Poor performance of forecasts involving either predicting or
predicted data of bad quality is thus, in line with the previous discussion, at least
partially explained.

2 Recall that data imprecision means disagreement of alternative data.
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Scale Entities Epistemological access
macro societies, atmospheres, indirectly through aggrega-
galaxies tion
i
meso human beings, trees, space- through direct observation
helmets
!
micro DNA, ozone molecules, indirectly through instru-
neutrinos ments

Figure 6.2: The scale diagram, depicting our standard ontological picture.

6.3 General data-related problems in macro systems

The world-we-live-in is the world of tables, knives, sunflowers, trees, stones and
things like that. Things we can see, touch, smell, taste or hear. The world-we-live-
in consists of smaller and bigger things. However, most of us agree that there are
very small things that are too tiny to be seen, touched, smelled, tasted or heard.
They do not belong to to the world-we-live-in. Such things are for example the
ozone-molecule or the HI-virus. And we need instrumental observation to infer
their existence. Similarly, there are things that are too big to be seen, touched,
smelled, tasted or heard. They do not belong to the world-we-live-in, either. The
economy is an example for such a thing, the atmosphere of the earth another.
These things are so huge that we can only grasp very small parts of them simul-
taneously by our senses. Their existence and their properties are inferred by the
aggregation of direct observations in the world-we-live-in. Figure 6.2 summarizes
this ontological picture, distinguishing the meso scale, i.e. the world-we-live-in,
the macro scale and the micro scale. It is an over-simplified picture which might
be contested in several ways, for instance because some properties of meso en-
tities are inferred by successive instrumental observation and aggregation. How-
ever, it will serve its purpose here, namely pinpointing the problems related to
data-quality in macro systems.

Since the economy is an example of a macro entity and properties of these
entities are inferred by aggregation, we will now discuss typical problems of data-
quality that arise when the measurement consists in aggregation. These problems
relate to the assumption-aspect of data-quality and can be divided into two sorts:
first, those problems that stem from incomplete meso information, and second,
problems relating to the compatibility of the meso data.

Macro systems are described by a large number of observational (meso) state-
ments. Measuring macro variables by aggregating such statements allows to de-
scribe the macro system in a few sentences. Such aggregation typically simply
consists in summarizing meso data or in calculating its mean or other statistical
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properties. Now, problems might arise because of gaps in the data basis. In fact,
the larger the system, the more likely it is that we do not possess a complete de-
scription of the system in meso terms. The sheer amount of information might not
be manageable even with modern electronic data-processing. In this case, global
variables must be calculated from an incomplete meso picture of the system. And
this necessarily involves assumptions that specify how the gaps shall be filled.
The assumption of homogeneity for example might serve this task: The missing
data is assumed to be similar (in a certain respect) to the known meso data. In this
case, variables are simply extra- (loose ends) or interpolated (gaps). Whether the
assumption of homogeneity is justified or not must be judged on a case by case
basis. The more diverse and heterogeneous the meso data, the less evidence there
is in favor of the homogeneity-assumption and the more critically the aggregated
data has to be judged.

Besides extra- or interpolation, gaps in the meso statistics might be filled by
inference from other available meso information. This procedure consists in cal-
culating the missing meso data from meso data of another type and is therefore
based on assumptions relating the two types of data to each other. The quality
of the aggregated data obviously depends on the evidence for these assumptions.
Ideally, they are part of a well-confirmed scientific theory. Yet, they sometimes are
really just ad hoc assumptions based on educated guess rather than on empirical
research.

Meso data that serves as input of an aggregation not only should be as com-
plete as possible but it must also be compatible. Consider a macro system that is
composed of a large amount of distinct meso entities and let there be a property
that can be quantified for each of these entities. Aggregation of the individual val-
ues of this property yields a global characterization of the macro system. But on
which conditions is such a statement meaningful and informative? That depends
on what we want to characterize, on the purpose the aggregated data should serve,
the question the statement is supposed to answer. Let us consider a simple exam-
ple: arich garden with plenty of different trees and bushes, fruit of all kinds. Last
year, each fruit-plant yielded a certain number of fruit (56 apples, 23 strawberries,
...). For each plant, the last year’s yield of fruit is an appropriate indicator of
the plant’s harvest and allows for comparisons with former years. However, is it
meaningful to summarize the individual yields to a global number? If it should
serve as an indicator of the garden’s overall harvest that allows for a comparison
with the harvest two years ago, the answer is no, since higher numbers might sim-
ply be due to the currants and peas, understating the harvest of other less numerous
but bigger fruit as melons or apples. Although all the meso data measures harvest,
it is — relative to the purpose ~— not compatible with each other and should not
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be aggregated. To calculate a meaningful indicator of the garden’s overall harvest,
one either has to aggregate another meso variable or to manipulate the original
data, for example by weighing it. If, however, the question is ‘How often did I
have to raise my arm to pick a fruit last year?’, the simple aggregate might be
quite appropriate.

This said, a necessary condition for aggregating meso data which quantifies a
certain property P of meso entities is comparability, i.e. that the individual entities
can be meaningfully compared with respect to the property P (e.g. this one is more
P than that one) by comparing its quantitative values.? The general reason for this
is that the basic calculation involved in aggregation is summing. This requires
an addition to be defined on the meso data. So, the real values attributed to each
meso entity cannot be thought of as belonging to different sets but must belong to
one and the same set on which the addition is defined. This, however, induces an
ordering on the set of entities with respect to the quantified meso property. Hence,
if such an ordering is nonsense, so is aggregation, too. Whenever the meso data
is not comparable but should nevertheless serve for an aggregation, it has to be
manipulated. This for instance is the case when the meso data has been measured
on different conditions that disturbed the obtained values. Such effects must be
neutralized to ensure comparability.

We may conclude from the preceding paragraphs that the more diverse the
meso data with respect to conditions and object of measurement, the more ma-
nipulation is needed. Any such manipulation involves certain assumptions that
relate different meso variables to each other or that quantify the impact of differ-
ent measurement conditions on the results. As in the case of an incomplete data
basis, the quality of the macro data obtained by aggregation crucially depends on
the evidence for or against these assumptions.

Such are the typical problems concerning data-quality in macro systems. Yet
it cannot be established a priori that macro data is of bad quality. Instead, we have
identified potential problems and will subsequently have to examine whether they
actually arise in the case of macroeconomic and climate-data generation.

6.4 Quality of GDP-data

Main principles of national accounting

The gross domestic product (GDP) is one of the principal global variables that
characterize an economy. It is supposed to measure an economy’s total output.
While national accounting serves several purposes, the calculation of GDP and

3 Notice that one cannot sensibly compare the harvest of two different fruit plants by com-
paring the number of fruit yielded by each of them.
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Figure 6.3: A simple model of economic circulation.

related aggregates such as the gross national income (GNI) is one of its major
aims.

National accounting is based on the fundamental assumption that the economy
can be described as a circulation.* Figure 6.3 shows the most simple economic
circulation model that can be conceived and which consists of a real and a mon-
etary circulation. The national accounts in general and the measurement of GDP
in particular assume that each circulation is closed, i.e. that for any node, inflow
equals outflow. It is assumed additionally that the value of the real flows is equal
to the corresponding inverse monetary flows, e.g. the value of the consumption
goods equals expenditure. Since, in our simplified model, the total output consists
in the total of all consumption goods, there are four ways to measure GDP: by
measuring the total value of produced goods and services (production side), by
measuring the total expenditure (expenditure or demand side), by measuring the
total income (income side) and finally by measuring the total value of delivered
production factors (factor side). This last option, however, is a mere theoretical
possibility. The recent UN framework document that aims at an international har-
monization of national accounting (System of National Accounts, SNA 1993) only
lists the first three approaches to measure GDP (see Carson, 1995). Although the
circulation models on which modern national accounts are based are much more
sophisticated than our illustrative case, they give rise to the same three different
possibilities to measure output.

However, national accounts do not necessarily contain all three types of ag-
gregation. The German national accounts, compiled by the German Federal Sta-
tistical Office (DESTATIS), measure GDP only from the production-side as well
as from the expenditure-side (see DESTATIS, 2002). The Bureau of Economic

4

For the underlying theoretical model see Briimmerhoff (2002) who gives a detailed intro-
duction to the German national accounts.
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Analysis of the US Department of Commerce, in contrast, uses the expenditure-
method (called “product side”) and the income-method in order to establish the
US national accounts (U.S. Bureau of Economic Analysis, 2002).

Precision of GDP-data

How precise is GDP-data? In order to answer this question, we have to compare
different GDP-data for one and the same economy and year. This poses some
difficulty because, in contrast to GDP forecasting in which several institutions
are engaged, the national statistical agency more or less has a monopoly on GDP
measurement. This is not due to some regulation but simply to the fact that it takes
such a lot of work to establish the national accounts and to estimate the GDP.

Although there is but a single source of GDP-data, we are nonetheless able
to evaluate the GDP-data’s precision, namely by comparing the data that is (i)
obtained according to the different ways in which the statistical offices actually
calculate GDP, or (ii) released at different points in time. Let us start with the
latter.

The quarterly as well as the annual GDP-data is subject to successive revisions
in the years subsequent to its first release. Such revisions might be due to (i) cor-
rections and completion of the data-basis or (ii) conceptual change in the system
of national accounts. The first type of revisions occurs because national account-
ing faces the problem of large gaps in the basic statistics and therefore involves
indirect methods of estimation. With the availability of new data, for example
from a recent census, some extrapolations might be corrected. Additionally, some
basic data such as the emergence and disappearance of new firms is only available
with a certain time-lag and has to be completed in the course of a revision (Young,
1995, p. 428).

Changes in the system of national accounts such as the implementation of
new calculation-methods, the adoption of a new price-basis for the calculation
of real GDP, or the new development of methodological concepts, definitions and
classifications necessitate a recalculation of former GDP estimates (see Essig &
Hartmann, 1999). Indeed, the conceptual framework of the national accounts has
been subject to constant change from the very beginning of its establishment after
World War IL.> This process is still ongoing: The SNA 1993 characterizes itself as
““a stage in the evolution of national accounting”.® It would, however, be a mistake
to attribute these perpetual conceptual changes to the mere insufficiency or inad-
equacy of the old systems. No, the change rather stems from the need to adapt to
new economic developments: the emergence of new products, new industries and

> For the younger history of national accounting see Kendrick (1995).

¢ Cited from Briimmerhoff (2002, p- XIV).
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Data (a) Conceptual (b) Total (¢)
1991 +1.5 +1.4 +3.0
1992 +1.2 +1.3 +2.5
1993 +1.0 +1.3 +2.3
1994 +0.8 +1.2 +2.0
1995 +1.2 +1.1 +2.4
1996 +0.7 +1.1 +1.8
1997 +0.2 +1.2 +1.4
1998 -0.1 +1.2 +1.1

Table 6.1: The German 1999 revision: difference between former and revised GDP-data in
percentage points due to changes in the underlying data-basis (a), conceptual change (b) and
total (c). (Source: Essig & Hartmann, 1999)

even whole sectors, changes in the way people work, in the role of homework,
the importance of the hidden economy, in the tax system, new financial assets and
the need for better international comparability of GDP-data. All these are driving
forces for conceptual change in the national accounts.

Now, how large are GDP revisions? The last comprehensive revision of the
German national accounts took place in 1999 and consisted in the implementa-
tion of the European System of National Accounts (ESA) from 1995. Table 6.1
shows to which extent the annual GDP-data (in current euro) of the 1990s has
been revised. It thereby distinguishes the revision due to change in the data-basis
on the one hand and due to conceptual change on the other hand. The difference
between original and revised data (c) must be considered as very important. It is
of the same order as the annual GDP-growth and surpasses (in the early 1990s:
largely) the mean absolute forecast errors that were reported in part 1. This is
even true if only the revision due to data-correction is considered; the relatively
small difference in 1997 and 1998 does not undermine this conclusion since the
corresponding GDP-values will certainly be subjected to further revisions. How-
ever, table 6.1 seems to be hardly consistent with results by Weidmann (2002)
who found the mean absolute revision (MAR) of the GDP-revisions in Germany
to equal 0.57% (1965-2000) and even 0.54% (1983-2000). Whereas we calculate
a MAR of more than 2% from table 6.1! Weidmann defines GDP-revision as the
difference between current and advanced GDP estimates without giving any more
detail or a source. It is quite possible that he did not consider comprehensive re-
visions such as the large 1999 revision but only annual revisions; or he evaluated
the advanced and the final (not the latest available) official estimates of GDP. Any-
way, even a MAR of 0.54% is indicating significant data-imprecision and hence
explaining forecast failure.

Let us now have a look at the GDP-data and its revisions in the US. Young
(1995) presents and discusses five studies examining revisions of quarterly US
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GDP estimates and altogether covering the period from 1947 to 1991, where revi-
sion is defined as the difference between the initial and the latest available GDP-
value in percentage points. The first official GDP-values were subjected to serious
revisions as shown by a MAR of more than 3% for the first decade after World
War II. However, GDP-data improved significantly in the 1960s insofar as revi-
sions were stabilizing on a lower level, varying between 1 and 2%, where they
prevailed until 1991. In accordance with this finding, Fixler & Grimm (2002), ex-
amining GDP revisions for the years 1983-2000, conclude that “[since] the early
1980s, the revisions to the annual rates of change — without regard to sign — in
the quarterly estimates of current-dollar and real GDP have averaged somewhat
more than 1 percentage point” (p. 9). To sum up the US evidence: The MAR of
GDP estimates is pretty exactly of the same size as the MAE of GDP (growth)
forecasts. There is significant imprecision in GDP-data that can at least partly
explain the systematic forecast failure.

Having discussed GDP revisions, we will now focus our attention on the dif-
ferent measurements that yield GDP-data and compare their results. These are,
for Germany, the expenditure-approach and the production-approach and, for the
US, the expenditure-approach and the income-approach. However, we should be
careful not to identify the difference between this data with the overall measure-
ment imprecision. For data that stems from the two approaches is not independent
because both the statistical agencies of Germany and the US implement various
measures already in the course of the preparation of the respective estimates in
order to minimize the discrepancy between the two results (see DESTATIS, 2002;
Young, 1995). In addition, both types of measurement make use of the same
statistical methods which may introduce further bias. The statistical discrepancy
between the results obtained by different approaches has to be considered as a
lower boundary of the total data imprecision.

Table 6.2 shows the mean average discrepancy between the US GDP-data ob-
tained by expenditure-approach and the income-approach from 1978 to 1987. It
accounts for different revisions enabling us to see whether the discrepancy is lower
for revised than for current data — this would in fact indicate that revised data
were more precise. Surprisingly, this is not the case! While the discrepancy is
on average less for the first annual revision than for the preliminary estimate, it
rises continuously in the course of the subsequent revisions to its maximal value
of 0.91% for the latest available estimate. Ongoing revisions and corrections tend
to increase the statistical discrepancy between the measurement methods.

In contrast to the US, the official German GDP estimate is a qualified aver-
age of the values obtained by the two different approaches. The Statistical Of-
fice actually considers the final integration of the two values only as a “last step”
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(Revised) Estimate  Discrepancy

Preliminary 0.65
Final 0.64
First annual 0.55
Second annual 0.72
Third annual 0.76
Latest available 0.91

Table 6.2: Average size of the discrepancy between quarterly US GDP-values obtained by the
expenditure- and the income-approach as a percent of GDP (1978-87). (Source: Young, 1995,
p. 444)

(DESTATIS, 2002, p. 31) which highlights once more that the two measurements
are not independent. Since only the integrated data is officially released, avail-
able evidence on the discrepancy is weaker than for the US. However, it is briefly
mentioned in DESTATIS (2002) that the discrepancy in the final 1995 values was
equal to roughly 0,8% of the GDP, suggesting that the German estimates are not
more precise than the US estimates. Interestingly, the official, integrated estimate
in 1995 was 0.7% higher than the value obtained by the production-approach and
only 0.1% lower than the expenditure-data. This makes clear that the integration
is not a mere averaging but involves further judgment of the underlying assump-
tions. These and further assumptions underpinning the whole measurement of the
GDP are to be illuminated in the next subsection.

Obviously, our assessment of GDP-data imprecision together with the general
discussions above yields quite a good explanation of macroeconomic forecast fail-
ure. In short: How could a GDP-forecast be more precise than the data it is based
on?

Assumptions underlying the preparation of GDP estimates

Before discussing the assumptions underlying GDP estimates in some detail, let
us listen to a few general remarks relating to the quality of GDP-data. Neubauer
(1994) with a view to the underlying data-basis of GDP estimates stresses,

By no means do all data sets stem from direct surveys that have been
conducted for this very epistemic purpose. Much information has to
be gained by a combination of data that was originally not produced
for such a combination. A lot of data has to be produced by extremely
creative estimation. Even today, one might still say with a mixture of
respect and anxiety: National accounting requires a little bit of magic.
(p- 61)
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It is largely agreed in the literature that the underlying data-basis exhibits se-
rious loopholes .” On the one hand, such gaps necessitate “creative” estimation,
according to Strohm,

Given the incompleteness of the statistical foundation, setting up a na-
tional account has to be considered as a creative process rather than as
a calculation. (p. 685)

On the other hand, they increase the importance of subjective judgment of the
employee in the statistical office (Briimmerhoff, 2002, p. 109). For Hamer (1970),
arbitrariness is the inevitable result,

Once the estimator has processed all information and comes up with
an interval of possible results that he judges as equally credible, it is
principally irrelevant and indeed more or less arbitrary which of these
values is eventually published. (p. 83)

Hence, “nobody knows the ‘true’ value [. . .] of the GDP” (Briimmerhoff, 2002,
p. 109). And Strohm, again:

Nobody knows the true value of the GDP. The figures published by the
German statistical office represent the ‘best’ figures as considered by
those responsible for their calculation and publication. In principal it is
always preliminary. (p. 684)

This corresponds with the appraisal of Stephen McNees who considers macroe-
conomic forecasting, the preparation, and the revision of estimates as a “continu-
ous process that starts long before the period concerned, and continues long after”
(Oller & Barot, 2000, p. 294). Neubauer (1994) draws our attention to a dangerous
consequence of this similitude between forecasts and estimates,

The user of the data always runs the risk of singling out regularities,
relationships or structural stabilities that the statistical office has put in
the data when estimating it because results for domains where no direct
survey is available can only be obtained by comparative estimation or
regression. (p. 62)

Hence, if GDP estimates are, like some GDP forecasts, derived from past data by
statistical time series methods, forecasts and estimates necessarily correspond to
each other to some extent. This suggests that we have actually underestimated
forecast failure in part 1 and it explains why forecast errors are lower for prelimi-
nary than for final data (see p. 40 above).

7 As for instance by Strohm (1997, p. 684f.), Briimmerhoff (2002, p. 109), DESTATIS (2002)
or U.S. Bureau of Economic Analysis (2002).
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With these general remarks in mind and in line with the discussion in sec-
tion 6.3, the first particular problem we will investigate is that of how to fill the
gaps in the underlying meso data. Such gaps occur for instance because the basic
statistics are established with very different frequency, ranging from monthly (e.g.
VAT-statistics) to multi-annual (e.g. comprehensive census). Statistics that are es-
tablished less frequently than once per quarter have to be extra- or interpolated
in order to be considered in the GDP estimate. Such extra- or interpolations are
typically performed by assuming a correlation between an indicator-variable and
the variable to be extrapolated. Clearly, there can hardly be empirical evidence in
favor of this correlation-assumption since data of the extrapolated variable is very
scarce by definition of the problem. However, this method plays an important role
in GDP measurement.®

The second way to fill the gaps in the basic statistics is to calculate the missing
data indirectly. Two such examples from the German production-approach are:
the agricultural production which is calculated from the area under crops and the
mean yields, and, secondly, the apartment rents which are derived from total assets
of apartments and mean rents per square-meter. A more complicated and interest-
ing example, discussed by Briimmerhoff (2002), is the hidden economy. There
is obviously no complete record or direct data of hidden and irregular economic
activities. Thus, relationships to available indicators have to be presumed — but
cannot be confirmed empirically. The available indicators are: the evolution of
monetary circulation, the difference between official and ‘normal’ rate of employ-
ment, the supposed causes of irregular economic activity, and finally the difference
between the GDP-values obtained by different measurement-approaches — which
in fact means that the hidden economy is used to stuff the statistical discrepancy.
A last example of indirectly inferred meso data from the US income-approach
and closely related to the hidden economy is the adjustment for the misreporting
of income and expenses and the nonfiling of taxes,

Although BEA adjusts for misreporting and nonfiling, the adjustments
are developed from information that is only available periodically —
with the exception of corporate profits, the most recent information
[was, in 1995,] for 1988 or earlier. Because little is known about how
taxpayer misreporting and nonfiling may vary with respect to either
changes in tax laws and regulations or business conditions, the annual
and quarterly pattern, particularly since 1988, is based largely on judg-
ment and is subject to considerable error. (Young, 1995, p. 430)

8 See DESTATIS (2002, p. 22) and U.S. Bureau of Economic Analysis (2002, p. 20).
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DESTATIS (2002) tried to quantify to which extend extra- and interpolations
or indirect methods are used to complete the data-basis. While roughly 30% of
the basic data has to be inferred indirectly under the production-approach (p. 16),
this s the case for almost all the data underlying the expenditure-approach (p. 28).

But even if basic data is available, it might not fit into the concepts of the na-
tional accounts and thus requires manipulation that involves additional, problem-
atic assumptions. Three examples should serve as illustrations of this point which
has generally been raised in the preceding section: the inclusion of non-market
goods in the national accounts, seasonal adjustment and deflation.

The GDP measures the economy’s output in (current or constant) prices. But
not all the products are traded on markets and valued by a certain price. In order
to ensure comparability, fictitious prices have to be assigned to such goods and
services, as Briimmerhoff (2002) elucidates,

In such cases, one has to specify shadow prices, i.e. prices that approx-
imate the potential market price. Yet there is generally not only one
single value. Instead, many alternative fictitious prices (depending on
the presumed use) are possible each of which can rely on more or less
doubtful assumptions. (p. 91)

This problem of fictitious prices is particularly present in the whole governmental
sector. Krelle (1967), stressing the absence of any means of checking the un-
derlying assumptions, even concludes that the inclusion of non-market products
defamiliarizes the meaning of the basic economic concepts used in the national
accounts,

As a real market price rarely exists one has to rely on estimates which
are in fact, because of their principal untestability, conventions. [...]
One plugs in figures one does not know what to do with, and notions
such as salary, profit etc. thus get a meaning they do not have in ordinary
language use and that can only be grasped after the study of the applied
calculation methods. (p. 185)

So, the inclusion of non-market activities in the national accounts is based on
assumptions that cannot possibly be checked, thereby introducing a large amount
of uncertainty into the whole measurement process.’

Seasonal adjustments, serving as our second illustration, seek to neutralize the
impact of periodic events such as weather, holidays etc. on quarterly GDP es-
timates. This manipulation involves questionable assumptions that quantify the
impact of periodic events. They are based on a combination of different methods

®  For further discussion of this issue also see Levin (1995).
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including ARIMA time-series models. Comparing two different seasonal adjust-
ments, one of them being based on some additional years of data, Young (1995)
was able to approximate the imprecision introduced into quarterly GDP estimates
by seasonal adjustment to 0.8% — which is, again, roughly the size of our forecast
eITOrS.

As a final example, let us consider deflation, i.e. the neutralization of price
change in order to estimate RGDP. According to Young (1995), this creates “some
of the most difficult measurement problems associated with the national economic
accounts” (p. 432). In order to deflate a transaction booked in the national ac-
counts, both its quantity and its price have to be known. So, a first problem
emerges if only the transaction’s quantity is known. This is the problem of de-
flating non-market goods. It is solved by generally assuming that fictitious prices
change proportionally to market-prices of similar products. In the inverse case,
when a transaction is only evaluated in monetary terms and its quantity is un-
specified (e.g. subsidies), global price-deflators are used to neutralize inflation’s
impact. And the index formula actually used to calculate global price deflators has
a considerable impact on the real GDP estimate (Young, 1995, p. 446). However,
even if both the quantity and the price of a certain transaction are known, a couple
of problems remain as it is for instance necessary to “remove the element of the
observed price change that is associated with a change in the characteristics of the
product — that is, with a change in quality. For products that are undergoing rapid
technological change, the information this separation requires may be substantial
and difficult to acquire.” (Young, 1995, p. 432)

The upshot so far is that the systematic failure of macroeconomic forecasts
can at least be explained partly by the serious problems relating to the quality of
GDP-data. Macroeconomic forecasts are indeed affected by the poor quality of
their underlying data through all the different mechanisms we have identified in
the general sections of this chapter.

6.5 Data-quality in climatology

Data of main climate variables as for example temperature and precipitation is of
importance for climate forecasting both in its unaggregated meso form (for the
initialization of GCMs) and in its globally aggregated macro form (for testing
GCMs). As we have just seen, poor data-quality of GDP-data can at least partly
explain forecast-failure in economics. In line with our comparative approach, we
investigate in the following whether this is also true for climatology.
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Figure 6.4: Three palaeoclimate temperature reconstruction of the past 1,000 and 600 years re-
spectively. Besides plotting a more recent reconstruction as well as the instrumental data record,
the diagram highlights the estimated standard error interval for one of the three reconstructions
(shading). (Source: IPCC, 20015, p. 134)

Precision of climate-data

The degree of imprecision of aggregated climate variables has already been in-
dicated in figure 4.10 above. For in addition to the characteristic errors of 16
different climate models, it plots the correlation of alternative data, labeled (n)
and (e), with the data the evaluation is based on. It is evident from the diagram
that the statistical discrepancy between different climate-data is almost as high as
the errors of model simulations!

Figure 6.4 compares three independent multi-proxy, i.e. based on a multitude
of different indicators, temperature reconstructions of the last 1,000 years. One
of the three time-series is shown with its uncertainty-interval (shaded) so that
the comparison with the other two alternative series is facilitated. As the IPCC
(2001b) notes, “significant differences between the three reconstructions are evi-
dent during the 17th and early 19th centuries where either [two alternative] series
lie outside the estimated uncertainties in the [third] series” (p. 133). This is an-
other strong evidence for poor precision of climate-data.
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Assumptions underlying the preparation of climate-data

As we have seen in chapter 4, modern climate predictions are based on GCMs and
demand a large amount of data both of high resolution and reaching back in time
several hundreds, if not thousands of years. Clearly, available meso data does not
meet these requirements: The instrumental observation of ocean and land surface
weather variables did not start before the mid 19th century, upper air observa-
tions were not carried out before the 1950s (IPCC, 20015, p. 96). And, relating to
resolution, the density of observation stations is still very inhomogeneous. Para-
doxically, the number of stations providing weather data is even declining! To
make things worse, there are additional gaps in the data-records of the last 150
years that stem from wars and political change.

The closure of such temporal and spatial gaps in the records is frequently
achieved through simple interpolation assuming that the data is sufficiently ho-
mogeneous. This procedure which relies on simplified assumptions is illustrated
by the treatment of weather balloon data (IPCC, 20015, p. 120) or the aggregation
of sea surface temperatures (SST) and night marine air temperatures (NMAT) that
we will discuss below.

But how can temperatures and other climate-data be obtained for periods be-
fore the instrumental observation started, e.g. for the last 1,000 years? Obviously,
indirect methods of measurement that rely on theoretical assumptions in order to
calculate climate variables from available data have to be applied. Indeed, clima-
tologists have developed plenty of such indirect methods, described in the TAR
(IPCC, 20015, p. 130ff.), each relying on different indicators (“proxies”). Let
us have a brief look at them while paying special attention to their underlying
assumptions.

First of all, palaeoclimatic temperatures and precipitation can be calculated
from tree rings, assuming that they relate to the rings’ width and density. Hereby,
non-climatic growth factors should ideally be taken into account, which is a major
problem. The reconstruction of past temperatures from geochemical characteris-
tics of coral skeletons as for instance from variations in trace elements or stable
isotopes is quite similar to this method. As for tree rings, this exceeds knowledge
on the exact impact of temperature on the corals’ growth. Further indirect methods
essentially consist in digging: Ice cores can provide several indicators as for exam-
ple the fraction of melting ice or the rate of accumulation of precipitation. Insofar
as annually laminated sediments in lakes and oceans are assumed to be influenced
by climatic variations, summer temperatures and winter snowcover might be in-
ferred. However, dating is a major problem for both these procedures. Yet another
digging-method is even more problematic: That is borehole measurement. Over-
simplifying assumptions concerning the geothermal properties of the earth near a
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borehole allow to relate the vertical temperature-profile in the borehole to the his-
torical temperature-record. In addition, non-climate factors as land-use change,
soil moisture, winter snowcover etc. etc. have to be considered and understood.
Finally, mountain glaciers moraines might serve as a proxy, too. But it is very
difficult to relate the extent of glaciers to regional climate change because of the
important influence of local factors such as topography or ice accumulation.

Besides the questionable assumptions of all these methods, they are — without
any exception — regionally biased! Thus, they just provide partial pictures of past
temperatures and have to be combined for a spatially more complete record. In
addition, regional bias makes the direct comparison of the different proxy-data
difficult or impossible. We will discuss at the end of this section how this diverse
meso data is integrated in spite of these problems.

Hitherto, we have primarily discussed how climate-data can be obtained for
times and regions for which no instrumental observations are available. However,
even instrumental climate-data has to be manipulated because of changes in in-
strumentation or measurement technique or insufficient shielding, for example.
This point shall be illustrated by three examples: sea surface temperature, data of
the upper atmosphere and satellite data.

Mean sea surface temperatures are calculated from more than 80 million single
observations, primarily from the UK Main Marine Data Bank and the U.S. Com-
prehensive Ocean Atmosphere Data Set (see IPCC, 20015, pp. 110f.). This meso
data requires careful adjustment before it can be aggregated. SSTs are for example
corrected for the use of uninsulated wooden and canvas buckets to collect water
before the 1940s! From then on, better isolated buckets or ship-engine water has
been used to perform the measurements. The case of night marine air tempera-
tures is quite similar: NMATSs had to be corrected for the progressive increase in
the height of thermometer screens before 1930. In addition to this, they suffer a
warm bias during World War II which has to be neutralized.

Pervasive changes in balloon instrumentation give rise to the necessity of cor-
recting upper air data. Some of the temperature observations have to be corrected
by as much as 3°C. However, according to the IPCC (20015), it appears to be
difficult to determine exactly when instrumentation has changed, as “alternative
methods for identifying change points yield different trend estimates and [. . .] the
analysis was hampered by the lack of complete documentation of instrumentation
and data processing changes for many stations” (p. 119).

The need for data-manipulation does, however, not only arise for observations
made with old-fashioned instrumentation. Satellites may certainly count as some
of the most advanced, extravagant and costly instruments science ever had at its
disposal. Yet satellite data has to be corrected for several effects, each correction



112 The quality of data

involving assumptions for which there is more or less evidence. First of all, there
are orbital and atmospheric transmission effects that have to be taken into account
(IPCC, 20015, p. 96). Furthermore, the non-linear calibration coefficients of one
of the longest-lived weather satellite turned out to be erroneous (IPCC, 20015,
p- 120). That clearly gives rise to the need for corrections based on assumptions
of the error-size. Additionally, satellite orbit decay introduces gradual cooling and
thus gives rise to a cold bias of the data. Responses of the satellite’s instruments
often differ between the laboratory assessment and on-orbit performance, which
causes more trouble. And, finally, there are diurnal effects induced by the east-
west drift of the spacecraft. In sum, satellite data does not require less correction
involving much less problematic assumptions than any other climate-data.

Hence, climatologist have very different kinds of data at their disposal, all
corrected and adjusted for very different reasons and based on very different as-
sumptions. How can the scientist be sure that this data-basis is self-consistent?
The answer is this: “So-called data assimilation systems have been developed,
which combine observation and their temporal and spatial statistics with model
information to provide a coherent quantitative estimate in space and time of the
climate system.” (IPCC, 20015, p. 96) These data assimilation systems do not only
make sure that the different meso data match but also that the ‘data’ meets the re-
quirements of high spatial and temporal resolution. In fact, the climate-data we
have discussed so far only serves as an input to climate-models that “reanalyze”
the data so that it satisfies the modeling requirements. Or, as the IPCC (20015)
puts it, “The principle of reanalysis is to use observations in the data assimilation
scheme of a fixed global weather forecasting model to create a dynamically con-
sistent set of historical atmospheric analysis” (p. 120). The IPCC (20015, p. 474)
admits that model evaluation (and, consequently, construction) is primarily based
on reanalysis-data. All this seems to sum up to a prime example of fatal theory-
ladenness: The reanalyzed climate-data relies on models whose evidence stems
from the reanalyzed climate data! This circularity leads us to the conclusion that
the assumptions underpinning the generation of ‘climate-data’ are, if anything,
weakly confirmed at most. Climate data hence is of poor quality: it is imprecise,
and it is generated on the basis of problematic assumptions.'®

In the climate case, too, we can explain forecast-failure with poor data-quality.
This does not only shed an interesting light on climate forecasting and the sci-
ence of climatology as a whole but it also strengthens our initial explanation of
macroeconomic forecast failure by reference to poor quality of GDP-data.

1 Poor data-quality is also highlighted by the fact that there is still some scientific controversy

about the data. Thus in response to a recent critique of their temperature reconstruction (see
figure 6.4) by Mclntyre & McKitrick (2003) Mann et al. (2004) had to admit errors in the
original listing of time series that were used as proxies.



Chapter 7

Expectations and reflexiveness

Summary

This chapter starts by reconstructing an argument from Oskar Morgenstern against
the possibility of economic forecasting which explains economic forecast failure
by pinpointing forecast reflexiveness. Subsequently, two lines of attack against
this argument are presented. One of them consists in the proposal by Grunberg
& Modigliani to construct self-fulfilling forecasts. The other one is based on the
rational expectations hypothesis. However, it is shown that both of these counter-
arguments either fail or give rise to new explanations of forecast failure. Thus,
whether the critiques are appropriate or not, forecast failure can be explained with
reference to expectations and reflexiveness.

7.1 Morgenstern’s argument for the impossibility of
macroeconomic prediction

Contrary to predictions in natural sciences, the publication of economic forecasts
might alter the behavior of economic agents, i.e. the very object of the forecast.
This brings about the well-known problem of reflexiveness, also known as “Oedi-
pus effect of forecasting” (Bestuzhev-Lada, 1993).

The phenomenon of reflexiveness is easily illustrated. An economist
surveys farmers’ resources and opportunities and the current price of
wheat, and plugging this data into her theory, she predicts that there
will be a surplus this fall and that the price will fall. This prediction,
circulated via the news media, comes to the attention of farmers, who
decide to switch to alternative crops because they now expect lower
wheat prices. The results are a shortfall of wheat and high prices. Here
we have an example of a suicidal prediction. The dissemination of a
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physical theory has no effect on its subject matter, but the dissemina-
tion of a social theory does. It is reflexive [...]. (Rosenberg, 1995,
pp. 115£.)

Further examples are abundant in financial markets where public forecasts of
future asset prices have immediate effects on trading behavior and consequently
on prices. More generally, whenever a forecast is published as a warning, it is
assumed to be reflexive and (hopefully) self-falsifying. Altogether, three cases
must be distinguished. (i) The dissemination of the macroeconomic forecast has
no effect on the predicted event, it is neutral. (ii) The dissemination of the forecast
brings about another than the predicted outcome, it is self-falsifying. (iii) The dis-
semination of the forecast causes the prediction to become true, it is self-fulfilling.
Bearing this distinction in mind, we will clarify in the following why reflexiveness
poses a problem for forecasting by reconstructing an argument by Oskar Morgen-
stern against the possibility of macroeconomic prediction. After we have made
all its premisses explicit, the subsequent sections will challenge the argument and
give rise to further investigations into the role of expectations in economics.

Morgenstern’s argument can be divided into three major parts. In its first part,
he tries to show that there is a causal relation between the publication of a macroe-
conomic forecast and the predicted event. Taking this as a starting point for the
second part, he then deduces that macroeconomic forecasts generally fail. The
third part finally excludes the possibility that they are corrected.

Morgenstern (1928) argues as follows:

We face an economic system in which the behavior of economic agents
is based on the more or less exact knowledge of, and the more or less
justified conjecture about the behavior, i.e. the sum of economic ac-
tions, of the relevant individuals. (p. 92)

In modern terminology: Economic agents base their individual behavior on expec-
tations relating to the (aggregated) behavior of the other economic agents. As an
example consider a firm which has to set up its investment plan. Its decisions will
obviously depend on the expected future demand in its market, i.e. the aggregated
behavior of its potential clients. Now, Morgenstern continues:

Here, the absolute-prediction comes into play: An agency, which has
full credibility, assesses the current state of the system for a time period
that directly follows the current one. Thus, it predicts the sum of all
economic actions. This prediction, however, is considered as correct
by the economic agents. Therefore, a new datum enters into each in-
dividual prediction: the knowledge of the others’ behavior. This new
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datum is so important that it affects every economic action. The eco-
nomic agents will hence reorganize their dispositions — or generally:
decisions. (p. 93)

In a sentence, Morgenstern argues that macroeconomic forecasts causally in-
fluence their object via the mechanism that relates individual expectations and
behavior. Applied to our example: Since firms typically base their sales forecasts
on macroeconomic GDP-forecasts, the latter’s publication influences the firms
investment decisions which in turn determine GDP. As a consequence of Morgen-
stern’s reasoning, the above-mentioned possibility (i) that economic forecasts do
not influence their object is ruled out. Strengthening the causal chain might also
be the reason why Morgenstern additionally assumes that every agent believes in
the published forecast. However, even a macroeconomic forecast which is not ab-
solutely credible is a “datum” that enters into the individual’s expectation-forming
process. Therefore, we drop this assumption in the following reconstruction. Fi-
nally, it should be noted that the conclusion of the first part of the argument is
reached thanks to the implicitly assumed transitivity of the causal relation.

As a next step, Morgenstern establishes that a forecast which causally influ-
ences its object does not become true. That is, possibility (iii) is ruled out, there
are no self-fulfilling forecasts. He argues that even in the case of seemingly self-
fulfilling forecasts as for example a credibly predicted boom in stock prices, the

extent of the real change in any case is much larger than the predicted
one. The duration of the real events cannot coincide with the predicted
one. (p. 95)

Morgenstern seems to assume that a forecast inevitably fails if it does not consider
each of the causally relevant factors!, and that it cannot anticipate the effect of its
own publication. This interpretation is confirmed since our author, in the third part
of the argument, considers an ex post revision of the original forecast as the only
way to account for the fact that there is a causal relationship between the forecast
and its object,

Hence, one has to consider the question whether a correction of the pre-
diction is possible so that it finally comes true. When the first forecast

! This is obviously too strong an assumption. It is absolutely possible that forecasts based on
time-series methods which do not take into account each of the causally relevant factors are
correct. The falsity of this assumption is one of the reasons why Morgenstern’s ambitious
project — to prove the impossibility of macroeconomic forecasting a priori — is doomed
to fail. Yet, we reconstruct his argument as an a posteriori explanation of macroeconomic
forecast failure and in such a context, the assumption seems to be quite acceptable. For
if we observe that a forecast has failed and discover that a relevant causal factor had been
omitted, this generally counts as an explanation.
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is published, it is possible to add a second one. This second forecast
would recognize the existence of the first one as a datum for the econ-
omy and would have to integrate it. (p. 97)

Now, such a revision, although differing substantially from the original forecast
in terms of the methods involved in its preparation, would be a further macroeco-
nomic forecast of the same object as the original one. Thus, a causal relationship
holds and the revision, as soon as it is published, will not become true either.
Hence follows that “the second prediction requires a third one, this a fourth one
etc. ad infinitum” (p. 98). From this infinite regress, it is clear that a macroeco-
nomic forecast cannot be corrected. Assuming that forecasting in the respective
domain is impossible if a forecast does not become true and cannot be corrected,
we finally reach Morgenstern’s conclusion. The whole argument can now con-
cisely be written as,

(1) A published macroeconomic forecast has a causal influence on the
economic agents’ expectations.

{2) The economic agents’ expectations causally influence their behav-
ior.

(3) The aggregated behavior of economic agents is the object of a
macroeconomic forecast.

(4) The causal relation is transitive.

{5) Thus: There is a causal relationship between the publication of a
macroeconomic forecast and its object.

(6) Unless a forecast considers each of the causally relevant factors ex
ante, it will not become true.

(7) Macroeconomic forecasts cannot anticipate the effects of their dis-
semination.

(8) Thus: Macroeconomic forecasts will not become true.

(9) A revision of a macroeconomic forecast is a macroeconomic fore-
cast.

(10) If there is no correct revision (or revision of a revision or ... ) of a
macroeconomic forecast, the forecast cannot be corrected.

(11) Thus: Macroeconomic forecasts do not become true and cannot be
corrected.

(12) If a forecast of a certain object neither becomes true nor can it be
corrected, forecasting in this domain is not possible.

(13) Thus: Macroeconomic forecasting is not possible.
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The first two parts of this argument can be challenged. Counter-arguments
against the second part, notably against premiss (7) will be presented in the next
section, while in the last section, we will primarily challenge premiss (1).

7.2 Constructing self-fulfilling forecasts

Premiss (7) was challenged in a paper by Grunberg & Modigliani (1954). In order
to show that macroeconomic forecasts can in principle anticipate the effect of their
dissemination, the authors make two assumptions. First of all, they assume that
“private” forecasting is possible, i.e. as long as forecasts are not published, they
become true. This is a reasonable assumption that allows us to investigate the
isolated effects of forecast publication. Furthermore,

once private prediction is assumed to be possible, the agents’ reaction
to a public prediction must also be regarded as knowable. For the as-
sumption that private prediction is possible implies that it is possible to
ascertain (a) how the agents’ expectations are formed and (b) how the
agents act in response to given expectations. (Grunberg & Modigliani,
1954, p. 466)

This conclusion, however, is erroneous. Assume for example that perfect private
prediction using ARIMA-methods were possible. This does not necessitate that
the expectation forming process of economic agents is understood. What Grun-
berg & Modigliani thought to be an implication of the possibility of private fore-
casting is in fact a further, second assumption: The publication-effect of a forecast
is known. Or, in the framework of Morgenstern’s argumentation, correct private
revision of published forecasts is possible.

Now, the private, revised forecast clearly depends on the originally published
forecast. From our assumption, the following function is known ex ante,

1 X[ = R(1 X)),

with t_lXtF denoting the first, published forecast and t_lXtR its correct private
revision. Grunberg & Modigliani call this relationship “reaction function”. Since
private revision is assumed to be possible, i.e. ;_; X will be the correct forecast as
long as it is not published, the question is simply whether a forecast ;_; X}" exists
with ;1 X = R(;-1X;)! Such a forecast ;_; X; would become true although
it is published. Indeed, it would become true because it is published since the
publication is not assumed to be neutral. ;_;X; is what we usually call a self-
fulfilling forecast.
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Figure 7.1: The graphs of three reaction functions with no, one and multiple self-fulfilling
forecasts.

When do such self-fulfilling forecasts exist? The situation can be represented
graphically by plotting the reaction function. If the reaction function crosses the
diagonal, then a self-fulfilling forecast — which equals the X-coordinate of the
intersection point — does exist. Figure 7.1 illustrates the three cases of no, one and
multiple self-fulfilling forecasts. In this last case, the forecaster can, by choosing
one of the self-fulfilling forecasts for publication, determine the actual outcome
without deteriorating his prediction.

Formally, the existence of a self-fulfilling forecast is equivalent to the exis-
tence of a fixpoint of R. Applying Brouwer’s Fixpoint Theorem, namely that
boundedness and continuity are sufficient conditions for the existence of a fix-
point, Grunberg & Modigliani directly infer that at least one fixpoint exists (in
[k, K]) whenever the reaction function has upper and lower bounds K, k and is
continuous on the interval [k, K. Before discussing these results we shall illus-
trate them by a simple macroeconomic model.

Our discrete time-step model consists of three equations, two of them modeling
aggregate demand and supply:

my+ U =p; + Y (7.1)
ye =7+ B(pe — ¢-105) (7.2)
i1 = V(pf), U #0 (7.3)

where price level, p;, real output, y;, and the expectations at ¢ — 1 of the price level
that will occur in the next period ¢, ;_1pf, are the endogenous variables. Accord-
ingly, money supply, m., potential or full employment output, 3, the velocity of
money, ¥, and the published public forecast at £ — 1 of the price level that occurs in
the next period ¢, ;_pf, are assumed to be given. Lower cases indicate that vari-
ables are represented by their respective logarithms. Obviously, equation (7.1) is
nothing else but the simple equation of exchange that can be regarded as a short
cut for aggregate demand modeling (see Romer, 1996, p. 245), whereas (7.2) is the
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so-called Lucas supply equation stating that the deviation of the actual from the
potential output is proportional to the error of the public’s price level expectation.
It was derived for the first time by Robert Lucas from some simplifying microeco-
nomic assumptions plus the assumption that certainty-equivalence holds, i.e. that
under uncertainty economic agents behave as if the expected mean(s) were certain
(see, again, Romer, 1996, pp. 246f.). Finally, equation (7.3) introduces the reflex-
iveness of the public forecast into the model assuming that the public price level
expectations depend on the published forecast where W is a complicated function
modeling the expectation forming process.

Now, we can calculate (privately) the price level that will occur at £ when all
the exogenous variables, in particular the price level’s forecast, are specified by
solving the equation system. Substituting (7.2) into (7.1) yields:

my+ 0 =p; + G+ B(pr — -10%)- 14

Eliminating the expectation term with (7.3) and rearranging finally gives rise to

1
(epf) + m(mt +7—17). (7.5)

const.

by

This is the correct private forecast ;_;p’, expressed as a function of the published
forecast ;_; ptF ; hence, (7.5) is nothing else but the reaction function in our model.
Does it have a fixpoint? In order to answer this, the expectation forming function
must somehow be specified. For the sake of simplicity, we assume that the public
forecast is fully credible and ¥(;,_1pf’) = ;.1pf". Thus, the fixpoint condition
becomes

t—1Py = 1 +6t
which can be resolved to
t-1P; =My + 0 — .

Hence, if the public forecast were completely credible, forecasting the price level
that occurs if actual equals potential output would be the only self-fulfilling fore-
cast. On this condition, actual output would indeed equal potential output. How-
ever, it is an oversimplification to assume that the agents’ expectations are identi-
cal to the public forecast whatever the public forecast predicts! As an alternative,
we may try to apply the results from our discussion of the general case. If the reac-
tion function (7.5) is bounded and continuous, the existence of a fixpoint -— and,
consequently, of a self-fulfilling forecast — is warranted. Is our reaction function
bounded? Since the reaction function is linear in ¥(-), this clearly depends on the
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properties of the expectation forming process. If for example W(;_; pf ) =11 pip
as assumed above, the reaction function is not bounded and the condition for ap-
plying Brouwer’s theorem does not hold. What about the other condition? Is the
reaction function at least continuous? As for boundedness, this depends on the
expectation forming process. Do two expectations converge towards each other as
their underlying public forecasts do? This sounds reasonable at first glance, but
why should the expectation function not be a step function? Nobody can rule out
this possibility. These problems make it virtually impossible to determine whether
a self-fulfilling forecast exists — not to speak of its quantitative value.

I want to stress that these problems are not particular to my specific model but
apply to the framework of Grunberg & Modigliani in general. Yet, these authors
argue in favor of the general applicability of their arguments:

To complete the argument, it must be shown that the (sufficient) condi-
tions for the possibility of correct public prediction derived from Brou-
wer’s theorem are likely to be fulfilled in the real world in which social
events occur.

(1) The variables of economic theory generally cannot increase or de-
crease without bounds. [...]

(ii) Normally, the functions formulated in economic theory are con-
ceived to be continuous. (p. 474)

If (i) were true, it would indeed follow that the reaction function is bounded.
Grunberg & Modigliani refer to the physical boundaries of our economic system
in order to prove (i). But this does not apply to nominal variables. There is no
price level limit in times of hyper-inflation. And in addition, the reaction function
might not even be bounded insofar as forecasts of real variables are concerned.
The full-credibility case above is a clear counter-example. As to the second con-
dition, the fact that (ii) functional relationships in economics are usually assumed
to be continuous does not warrant at all that the reaction function is continuous.
The reaction function necessarily involves a functional specification of the expec-
tation forming process since this is the only mechanism through which published
forecasts feed back on the forecasted event. Yet the problem is: We do not know
what this function looks like. We even cannot rule out that it is not continuous.
That is also admitted by Grunberg & Modigliani:

The expectation function {...] offers particular methodological diffi-
culties and is actually different from the other functions encountered
in economic theory. Expectations are themselves predictions, ranging
from the elaborate scientific forecast of the large business enterprise to
primitive guesses and dark hunches. While the other economic laws
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assert what people will do, given (1) motivational postulates and (2)
certain expectations, the expectation function asserts what people will
predict, given certain past and current observations. In the predictive
model, it predicts what the agents will predict. The familiar motiva-
tional postulates of economics are here of no use. Thus for some time
to come the expectation function will, at best, appear in the form of
broad statistical generalizations. (p. 471)

Do Grunberg & Modigliani not undermine their whole argument with this con-
fession? They did not think so, because the fact that the expectation function
() will hardly ever be specified “is not a difficulty of public prediction in par-
ticular, but rather of social theory and prediction in general”. This, however, is
another false conclusion that follows from our authors’ belief that private predic-
tion implies the possibility of private revision. But as we have seen, ignorance of
the expectation function is not necessarily a problem for private macroeconomic
forecasting.

We may conclude that Morgenstern’s argument is still delivering a good ex-
planation for macroeconomic forecast failure — not only because it is so difficult
to account for the publication effect but also because this is simply not done in
the course of actual forecast preparation. We do not specify and include reaction
functions in the models used for macroeconomic forecasting. In terms of the re-
construction of Morgenstern’s argument, this can be reflected by simply changing
“cannot” to “do not” in premiss (7).

7.3 Forecast-neutrality under rational expectations

Premiss (1) of Morgenstern’s argument stated the non-neutrality of public fore-
casts. It had been justified by the fact that a public forecast enters as a new datum
into the expectation forming process of the economic agents. Now, assume that
the economic agents already knew the true prediction, consequently, its publica-
tion would not have any effect on their expectations. Assume furthermore that they
cannot be fooled (through the publication of false forecasts), then public forecasts
would be completely neutral (case (i) from the very beginning of this chapter) and
economic forecasting would not be reflexive.

As implausible this reasoning might sound at first glance, it has been one of
the central hypotheses of macroeconomic theory in the last 30 years: the so-called
rational expectations hypothesis (REH). REH was originally proposed by John F.
Muth in 1961; he defines rational expectations as

essentially the same as the predictions of the relevant economic theory.
(Muth, 1961, p. 316)
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More formally, Muth specifies:

The hypothesis can be rephrased a little more precisely as follows: that
expectations of firms (or, more generally, the subjective probability dis-
tribution of outcomes) tend to be distributed, for the same information
set, about the prediction of the theory (or the “objective” probability
distributions of outcomes). (p. 316)

Using the notation of Sheffrin (1996) with I; denoting all available information at
time ¢, Muth’s hypothesis can be put as

subjective expectations = ;1 X; = E[X}|];_1]

= conditional expectations (7.6)

Although REH was not only proposed but also applied by Muth, it is notably
due to the work of Robert Lucas that REH has become a pillar of modern macroe-
conomic theory.

Clearly, REH undermines premiss (1), and “a ‘public prediction’ [...] will
have no substantial effect on the operation of the economic system” as Muth
(1961, p. 316) realized. In the framework of Grunberg & Modigliani (1954), REH
implies that the reaction graph is a horizontal line. According to the REH, it is not
the correct public forecast but the agent’s expectations which are self-fulfilling.

In order to save Morgenstern’s argument, REH must be rejected. But on which
grounds? A strategy which seems to suggest itself is to point out that economic
agents do not have rational expectations, i.e. REH is accused to be unrealistic.
Yet this, 1 maintain, would be a fallacious strategy. REH is most appropriately
interpreted as a principle telling us how to construct macroeconomic models.
Here, Nancy Cartwright’s theory of science can be helpful, again. In a nutshell,
Cartwright (1999) distinguishes three levels of empirical science: theory, model
and experiment. Theory consists of very abstract principles that tell scientists how
to construct specific models for specific contexts. These models, in turn, represent
such contexts and allow to perform experiments. The point is that, according to
Cartwright, the theoretical principles do not represent anything on the experimen-
tal level. They only function as a guide for model-construction. This, I propose,
is also the best view on REH. Specifically, as will be exemplified below, REH is a
receipt for how to eliminate the subjective expectations term in a formal economic
model, namely, by substituting it by the model’s conditional expectations. If this
view is appropriate, REH may not be interpreted realistically and it cannot be re-
futed by pointing out its ‘unrealism’ as Frydman & Phelps (1983) and Pesaran
(1987) for instance do.
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The thesis that REH may not simply be rejected by observing how economic
agents form their expectations is supported by the fact that the meaning of “ratio-
nal expectations” varies from model to model and from empirical application to
application. This may even give rise to scientific controversies as the Barro-Small
quarrel on whether REH implies that agents should have anticipated the effects of
the Vietnam-war budget or not (see Sheffrin, 1996, p. 54).

However, REH does not entirely escape empirical testing since the assump-
tions and implications of a REH-model can be compared with observations. Thus,
a REH-model can be rejected because its empirical implications turn out to be
false. It therefore seems to be an absolutely sound strategy to save Morgenstern’s
argument by pointing out (a) that there is the phenomenon of reflexiveness as
many examples of self-falsifying and self-fulfilling forecasts show and (b) that
any REH-model is empirically inadequate with regard to such cases.? At this
point, however, we will follow another route and investigate the implications of
rational expectations for macroeconomic forecasting. It will become evident that
while REH undermines the reflexiveness explanation of forecast failure, it gives,
at the same time, rise to other limits of economic prediction. As REH is an abstract
theoretical principle, its implications on forecasting also depend on the model to
which it is applied. Whether REH allows for forecasting or not has therefore to be
answered on the model level and thus, three different applications of REH will be
discussed right now.

Ist application: modeling the supply side

The first application of REH we will discuss is a variation of the model introduced
in the last section. It comprehends the demand and supply equations (7.1) and
(7.2). In contrast to the above model, money supply m; is an endogenous variable
following a money supply rule R with random shocks e,

my = R(yt—l: Yt—25-- -5 Pt—1,Pt-2, - - ) + e
= R(yi-1,Pi-1) + & a.7n

where bold letters stand for the record of past values, and Ele;|[;_1] = 0 for all
t. Again, we assume that the economy is in equilibrium and thus may substitute
(7.2) into (7.1) in order to obtain our well-known equation,

me+0 =p;+ G+ B(pr — 1-105). (7.8)

Chapter 10 presents some evidence relating to the empirical adequacy of REH-models.

2



124 Expectations and reflexiveness

As a next step, we take conditional expectations relative to the information avail-
able at ¢ — 1 on both sides. Since mathematical expectations are linear, this yields

E[miLi1] + E[p|li-1] = Elp]li-1] + Elylli-1]
+BE[ps| I 1] — BE[i- 107 1;-1].

Because E(-) is the operator of the model-intern expectations, i.e. E(z:|/; 1)
denotes the future value of x; as predicted by the model at £ — 1, this reduces to

R(yi-1,pt-1) +7 = Elpli 1] +7
+BE[p:|[1;-1] — Bi-1p}. (7.9)

Now, the REH enters the scene. Specializing (7.6) to p; it follows that E[p;|I;_1] =
¢+—1p; and we see that the last two terms of (7.9) are equal. Replacing conditional
by subjective expectations and rearranging yields

t1pf = R(yi-1,pe-1) +7— 7. (7.10)

Next, we substitute (7.10) and (7.7) into (7.8) which, after simplification, gives
rise to

€t
1+ 8

» = R(yi1,pi1) +0—7+ (7.11)
Subtracting (7.10) and (7.11) we find that the difference between realized and
expected price level is e; /(1 + [3) and, finally, the Lucas supply equation (7.2) can
be written as

g
1+ 8

Yy = Y+ e (7.12)

This equation states that deviations from potential output, i.e. its trend, are random
and cannot be predicted!

2nd application: modeling the demand side

The second application of the REH takes the life-cycle hypothesis as a starting
point, i.e. the assumption that households maximize the expected summed utility
over their life cycle. This subjectively expected life-cycle utility of an individual
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with a live-span [0 . .. T is, at the beginning of her life,

€

T
(tz s w(c)) (7.13)

where the instantaneous utility, «(), is a function of the households consumption
at time ¢, ¢;; and the rate of subjective time preference, J, quantifies the fraction
of utility loss when a fixed amount of goods is consumed — ceteris paribus — in
period ¢ + 1 instead of in ¢.

Equation (7.13), however, is not accessible for further analysis. The reason for
this is that we do not know anything about the subjective expectations function
()¢. Here, REH offers resort. According to REH we may replace the subjective
expectations term with the mathematical expectations conditional to the informa-
tion Iy. This allows for the following transformations

E[UIL] = E[‘i( oyl

T =
= ; = 5 Elu(ce)|To). (7.14)

Assuming perfect capital markets, i.e. that households can borrow and save
for a given interest rate r, and not forgetting that households have to fulfill their
budget constraint, Hall (1978) was able to derive that the expected marginal utility,
1'(), of the next period’s consumption is equal to the current marginal utility times
a certain constant,

1+46
147

E[u’(ctH)lIt] = ’U/(Ct) (715)

This is the so-called Euler-equation.

Here comes a semi-formal proof for it. Assume for the sake of argument that a household, A,
takes consumption decisions so that equality did not hold. If E[v/(c,—1)|L] > (1 + 6)/(1 +
ryu'(¢;), consider an individual household, B, who is identical to A except of saving an in-
finitesimal fraction Ac at time ¢ in order to consume the saved assets plus the paid interest rate
at t + 1. Let the summed utility of periods £ and ¢ + 1 for the two households be U4 and U?
respectively, thus, via Taylor expansion,

EUP|L]

ule — Ac) + E[ u(q+1 +(1+ T)Ac)'lt}
u(er) — u'{c)De

Q
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+E[ wl(eest) + wleu)(1 + r)Ac)lz,]
1 [t]

1494
/ + T /
—u'(¢;)Ae + —=Efu'{ce1)| 1] Ac
——— ——

1
1+46
= u(ct)+E[

u(Crr1)
1

1+9
>u’(cy), as assumed

> ule) + E[?l(su(ctﬂ)ilt] — (e} De+ u'{a)Doe

= E[UAL).

Consequently, household A did not maximize the expected life-cycle utility in contradiction to
the utility maximizing assumption. If E{u/{c,11){]:] < (1 + 8)/(1 + r)u{c;), a contradiction
can be derived similarly by assuming that household B borrows instead of saves consumption
Ac.

What are the implications of the Euler-equation? As Hall (1978) states, (7.15)
implies that

[no] information available in period ¢ apart from the level of consump-
tion, ¢;, helps predict future consumption, c;;1, in the sense of affecting
the expected value of marginal utility. In particular, income or wealth
in periods t or earlier are irrelevant, once ¢; is known. (p. 974)

In other words, current consumption is a sufficient statistic with regard to future
consumption.> Hall implicitly assumes that expectations are rational and that I;
consists of every available information at time ¢. In other words, that economic
agents do not miss any kind of information when forming their expectations. Since
W(c1) = Bl (ei1)| ] + ery1 with Eleg1]];) = 0, marginal utility follows a
truly unpredictable random walk with trend, i.e.

1+46
1+r

u'(ceyr) u'(cy) -+ eprr. (7.16)

Furthermore, if the utility function were quadratic and marginal utility were thus
linear in consumption, u'(c;) = ac; + b, then substitution,

1+0
aci +b = T 7hact + b+ e,
and simplification,
1 + 6 et+1
C = ¢+ —, 7.17
ta1 ¢ . (7.17)

3 A random variable X is a sufficient statistic with regard to Y for information I if and only

if P(Y|X) = P(Y|X,I).
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show that consumption would follow a random walk, too. Hall finally concludes
that

[under] the pure life cycle-permanent income hypothesis, a forecast of
future consumption obtained by extrapolating today’s level by the his-
torical trend is impossible to improve. The results [...] have the strong
implication that beyond the next few quarters consumption should be
treated as an exogenous variable. (p. 986)

3rd application: modeling financial markets

In our final example, REH is applied to financial markets where it gives rise to the
efficient market hypothesis (EMH). According to the definition of Malkiel (1992),

a capital market is said to be efficient if it fully and correctly reflects all
relevant information [/;] in determining security prices.

Formally, in an efficient market, the current price is a sufficient statistic for the
information [; with respect to future prices. In strict analogy to Hall’s result, it
follows that price fluctuations are random and cannot be forecast on the basis of
1 t-

How does EMH follow from REH? To see this in a semi-formal way, consider
a single asset whose price at time ¢ shall be denoted by F;. Assume furthermore
that there is no inflation, that traders who try to maximize profits can borrow for
and save at interest rate , and that the market mechanism operates. On these
conditions, the traders’ asset-price expectations are equal to the current price plus
the interest it would yield if paid into an account,

t_1}DtE = (1+T‘)Pt_1. (718)

If this equation did not hold, traders would borrow money and buy assets or sell
assets in order to maximize profit and the market mechanism would restore equal-

lty'By applying REH (7.18) becomes
E(P|li-y) = (1 + )P,
and given the fact that P, = E(P;|I;_1) + e, this yields
P, = (1+r)Py +e. (7.19)

Equation (7.19) states that actual prices reflect all information relevant for fu-
ture prices and available to traders. Prices follow a random walk with trend. Thus,
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we have ‘derived’ the EMH from REH under very restrictive assumptions (includ-
ing profit maximization of identical agents and operating market mechanism). A
much more sophisticated application of REH by Grossman (1978) shows that the
identical agents assumptions (or, to be precise, universally available information)
is not necessary to derive EMH from REH. In Grossman’s model, each trader has
her private source of information. Assuming (i) that the joint distribution of this
private information and the security returns is normal and (ii) that the aggregated
demand for securities is decreasing in its price, he derived, at a first step, that
current prices are a sufficient statistic if and only if prices are a sufficient statistic
in an “artificial economy” where each trader had access to all information. Sec-
ondly, he proved that actual prices are indeed a sufficient statistic in this “artificial
economy”’. However, Grossman also demonstrated that freely available private
information as well as zero transaction costs are necessary to deduce EMH from
REH.

Hitherto, we have rather loosely talked about the information set I; to which
expectations are conditional. Traditionally, three empirical specifications of this
information set and, consequently, the EMH, are distinguished. The weak EMH
assumes that [; consists of the historic record of security prices. Accordingly,
forecasts based on current prices cannot be improved by considering the past
record. Secondly, the semi-strong version of the EMH assumes that [, is iden-
tical to all publicly available information. Finally, according to the strong EMH,
I; compromises any information known to at least one market participant. This
strong version corresponds to Grossman’s results but as he has shown, it crucially
depends on the fact that insider information can be obtained at no cost. This sug-
gests that the strong version might empirically be inadequate, which is the case,
indeed (see Campbell et al., 1996). At the same time, however, there seems to be
empirical support for the semi-strong and the weak EMH (Malkiel, 1992). The
finding from chapter 2 that a random walk model can hardly be outperformed by
other forecast methods is, of course, a further confirmation. Or, the other way
around, the preceding reasonings explain those observations. And the mentioned
study of Clarida et al. (2001) now appears in another light: Even if a newly devel-
oped model delivers more accurate exchange rate forecasts than the random walk
benchmark, this superiority will disappear as soon as this result is made public
because it is instantaneously exploited by market participants.

Do random walks explain forecast failure?

The random walk results we have obtained throughout this section crucially de-
pend on the assumption that there (already) is some kind of uncertainty. In our first
application of REH, there was uncertainty with regard to future money supply, in
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the second application, consumers were uncertain about future consumption lev-
els (or, in the original model of Hall (1978), about future income) and, finally, in
the financial markets application, traders did not know future prices with certainty.
But was it not this lack of uncertainty and unpredictability that we tried to explain
originally? Isn’t the explanation of forecast failure by REH circular?

Admittedly, the implications of REH do not ultimately explain why economic
processes are unpredictable. The main message can rather be put like this: If there
is unpredictability of some kind in the system — and that seems very much to be
the case —, the best we can do is to use naive rules for forecasting. Simple extrap-
olations cannot be systematically outperformed by any forecast method because
any information is already reflected in today’s system state. Thus, REH seems to
explain at least one of our major observations from part 1.

Let us finally listen to what the principle advocate of REH says about its impact
on macroeconomic forecasting! According to Business Week quoted from Sheffrin
(1996, p. 159),

Lucas says he is “pessimistic” that the rational expectations theory can
ever be used to develop mathematically quantifiable forecasts and that
short-term forecasts, at any rate, are essentially extrapolations of cur-
rent conditions. “And for that purpose,” he says, “rational expectations
doesn’t have much to add.”



Chapter 8

Sensitive dependence on initial conditions

Summary

Sensitive dependence on initial conditions can explain forecast failure. This chap-
ter develops a “‘routes to chaos”-approach which shows that all empirically ade-
quate models of the economy as well as the climate exhibit sensitive dependence
on initial conditions. As a first step, that approach identifies certain minimal mod-
els, namely the coupled oscillator and the cellular automata, which sensitively
depend on initial conditions. Next, they are shown to model some characteristic
features of both the economy as well as the climate under their every-day descrip-
tion. As the minimal models sensitively depend on initial conditions, so does any
adequate model of the economy and our climate system, too.

8.1 Sensitive dependence on initial conditions and forecasting

Explaining forecast failure with sensitive dependence on initial conditions

A forecast’s performance depends, as we have seen in chapter 6, on the predicting
data’s quality, in particular its precision. Imprecise data increases forecast failure.
Yet, forecasts may be more or less robust to data imprecision, and the predicting
model actually determines the degree to which forecast performance is affected by
poor data quality. Now, if a forecast derived from a certain predictive model sen-
sitively depends on the predicting data — so sensitively that data which does not
agree in infinitely many decimals gives rise to completely different forecasts —
it is merely this sensitive dependence on initial conditions (SDIC) which explains
forecast failure; for no variables can be measured with an infinite precision.

To derive a more formal characterization of SDIC, we have to introduce some
concepts of the theory of non-linear dynamics. Take a formal model consisting of
a set of partial differential equations as a starting point. These equations determine
the future evolution of the system for every possible set of initial states, i.e. for
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every point in the phase diagram.! Thus, they induce a function, the flow, that
maps the phase space onto itself for some given time-step At. Now, an attractor
is defined as a subset of the phase space that is invariant under the flow. Generally
spoken, an attractor of a system is a set of system-states that, as a whole, is not
affected by the system’s dynamic. If a system has reached a state contained in
an attractor, all its future system-states are included in that attractor, too. Simple
examples of attractors are: fixed points (equilibrium positions), closed curves, or
tori (oscillations). However, some attractors do not belong to any of these types,
they are ‘strange’. A dynamic system possesses a strange attractor if and only if
it is sensitively depending on initial conditions (see Lorenz, 1993, p. 170). Such
systems are also called “chaotic”.

More precisely, a dynamic system exhibits SDIC if the deviation between two different time-
paths increases exponentially. Expressing this idea more formally will enable us to derive a
principal limit of forecasting in terms of a maximum forecast horizon. Thus, if the random
variable 7, represents the difference between two time-paths at time ¢ in general and 7o repre-
sents the difference between the initial states (at ¢t = 0), then the mean growth rate of the initial
deviation is approximated by,

E(ﬂ) r et (8.1

o

where A, is a system-specific parameter called the greatest positive Lyapunov-exponent (Schrei-
ber & Kantz, 1996, p. 47). As equation (8.1) shows, errors in the initial conditions grow expo-
nentially if the system possesses a strange attractor.

This said, a principal limit of predictability in the sense of a maximum horizon of pre-
dictability can be derived.? Let the random variable dy represent the deviation between initial
system states, i.e. the imprecision of data. Assuming that prediction becomes senseless for
forecast horizons greater than 7 if the forecast volatility due to data imprecision has grown to
the size of the volatility of the predicted variable, X, itself, i.e. V(d,) > V(X), it follows that
prediction is restricted to horizons

r< 5%m (V) VE)).

The derivation in detailed steps is,

V(&) < V(X)
V(b -eM7) < V(X)
T V(E) < V)
20,7 +1n(V(5)) < In(V(X))
;o< —2—;\—+ln< (X)/V(5))

Look back at section 5.4 for an illustration.
2 See also Kadtke & Kravtsov (1996, p. 8), Anosov & Butkoskii (1996, p. 68) and Kravtsov
(1993, pp. 176ff.).
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Detecting sensitive dependence on initial conditions

Having seen that SDIC can explain forecast failure, the question arises how to de-
tect it. How do we figure out that the predictive models suffer from SDIC? Since
macroeconomic as well as climate predictions rely on very different methods and
models, and since, as we saw in part 1, the predictive failure does not depend
on the underlying method, it would not be a completely satisfying explanation of
macroeconomic forecast failure to demonstrate that a certain type of model ex-
hibits SDIC. Such a single model approach is insufficient. On the other hand, it
is simply impossible to show that the economy ‘as such’ or the climate ‘as such’
sensitively depends on initial conditions and disturbances. For SDIC is a prop-
erty of mathematical descriptions of systems so that, in order to reveal whether
the economy or the climate ‘as such’ exhibit SDIC, we would have to know its
‘true’ model -— a condition, if meaningful at all, we do not fulfill. The meta-
physical approach fails, too. The dilemma between showing too little (one single
model exhibits SDIC) and too much (the system ‘as such’ exhibits SDIC) might
be solved by a more empirical, statistical approach. Its central idea is that cer-
tain characteristics of the data imply that only non-linear models which sensitively
depend on initial conditions can describe the corresponding system in an empir-
ically adequate way. Such tests typically measure the fractal dimension of the
embedded time-series, but are characterized by several shortcomings (see Caw-
ley et al., 1996). First of all, the intended purpose of such statistical methods is
to discriminate between ‘deterministic chaos’ and ‘randomness’, that is to detect
any underlying structure in the data-set at all. Such structures might, of course,
occur in random data, too; or, on the other hand, they might be destroyed by small
random noise. Furthermore, not only does one have to estimate the ‘true’ dimen-
sion of the system (facing the same problems as the metaphysical approach), but
this method also works for low dimensional systems only. Altogether, there is no
definitive statistical test for SDIC.

In contrast to statistical tests for SDIC which have been criticized for com-
pletely ignoring additional qualitative knowledge of the system, the approach ap-
plied in this chapter is solely based on such qualitative system-characteristics. Yet,
such a qualitative approach is not unproblematic, either, as Lorenz (1993) points
out,

[It] should be noted, however, that chaos in continuous-time dynamical
systems cannot be established via general and simultaneously simple
characteristics of these systems [...]. During the last decades, a variety
of higher dimensional systems belonging to different families has been
investigated proving the presence of a strange attractor, but it is not
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always clear whether the diverse examples possess common (possibly
hidden) structural properties. (pp. 173f.)

What can a qualitative test look like then? Reaffirming that there is no set of dis-
junctively necessary and conjunctively sufficient conditions for SDIC in terms of a
system’s structural characteristics, Nicolis & Prigogine (1998) make the following
proposal,

[The] mechanism for the emergence of chaotic attractors cannot be cast
in a universal, normal form [...]. Rather, by combining some general
considerations with the experience acquired from extensive numerical
computations, we arrive at regularities that allow us to identify certain
particular routes to chaos. It is difficult to assert whether this is an
inevitability due to the very nature of chaos, or a temporary drawback
due to the complexity of the problem. (p. 129)

Such a “routes to chaos”-approach comprehends the following steps.? First of
all, one identifies a minimal mathematical model, M, that realizes a simple,
general structure and exhibits SDIC (which can be shown analytically or by nu-
merical simulations). The second step consists in highlighting certain essential
structural, qualitative features of the system under its usual, every-day descrip-
tion, D, which are captured by the minimal mathematical model. Finally, one
infers that any empirically adequate model, M, of the system sensitively depends
on initial conditions, too. This inference, as illustrated by figure 8.1, is warranted
by the following argument,

(1) My, models some essential structural, qualitative features, Dg C
D, of the system D, i.e. M, is homomorphic to Dg.

(2) If some model M is structurally adequate of D, then Dg is homo-
morphic to M.

(3) A model M is empirically adequate of a system only if it is struc-
turally adequate.

(4) Thus: M, is homomorphic to M if M is an empirically ade-
quate model of D.

(5) SDIC is a structural property of systems, that is if some &; is ho-
momorphic to some Sp and S exhibits SDIC, so does S, too.

(6) My, exhibits SDIC.

(7) Thus: Any model of D is either empirically inadequate or sensi-
tively depends on initial conditions.

3 Ireconstruct the approach in analogy to Nicolis & Prigogine (1998, pp. 93ff.).
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Figure 8.1: Illustration of the argument underlying the “routes to chaos”-approach.

As different structural features of a system can be highlighted, and differ-
ent minimal models may be considered, there are possibly alternative arguments
which show that a system exhibits SDIC, and a whole network of routes to chaos
might emerge. The following sections explore two alternative routes: While one
of them is based on the coupled oscillators-model, the other one uses cellular au-
tomata as minimal model.

8.2 The coupled oscillators route

Introducing the minimal model

The qualitative features highlighted under the coupled oscillators approach are
feedback processes inherent to the dynamic system. The importance of feedbacks
for the emergence of strange attractors is widely acknowledged and stressed.*
Simply spoken, “feedback” refers to processes which comprehend causal loops
and are consequently either self-dampening (negative feedback) or self-increasing
(positive feedback). This said, what does a formal model look like that includes a
feedback? Let us consider a dynamic model in its most general form,

.'L:l = fl(:cl...xn,)\)
: (8.2)
Tn = folz1...20,A),

and assume that it correctly grasps the causal structure of the modeled system.’
Then, the system exhibits a feedback if and only if there is a set of state vari-
ables (xy, ... zx,) with Ofy, (1. .. 20)/ 0Tk, # Oforalli=1,...,1 — 1and
Ofr,(x1...2,)/Oxk, # 0. Models that satisfy this condition typically give rise to

4 See for instance Nicolis & Prigogine (1998) and Ormerod (2000).
> That is the processes represented by the variables on the left hand side are caused by the
phenomena represented by the variables on the right hand side.



136 Sensitive dependence on initial conditions

various kinds of oscillations, i.e. they possess closed orbits as attractors for some
parameter values. The one-dimensional, simplified Duffing oscillator,

Y1 = Yo
Yo = y1— Y~y

is an example for a nonlinear system with one positive and three negative feedback-
loops. Principally, 2d state variables are necessary to model an oscillator with d
degrees of freedom through a set of first-order differential equations.

Since the solution of a dynamical model, namely its attractors, depends on
the parameter values, new types of attractors might occur if the parameters vary.
This phenomenon is referred to as bifurcation. A special type of bifurcation is
the metamorphose of a fixed point into a periodic orbit attractor due to the in-
crease of a parameter: it is called Hopf-bifurcation. Likewise, a close attractor
may bifurcate into a 2-dimensional torus due to further parameter increase (sec-
ondary Hopf-bifurcation), which may in turn become a 3-dimensional torus etc.
However, the number of successive Hopf-bifurcations is limited by the system’s
dimensionality. As Seydel (1994, p. 97) argues, Hopf-bifurcations are “abundant”
in non-linear systems since the conditions for their existence are sufficiently weak
and not affected by perturbations.

Hitherto, we have focused on individual oscillators and isolated systems with
inherent feedbacks only. But as its name already indicates, the coupled oscillator
route assumes certain kinds of interference among the individual systems. The
coupling of the oscillators corresponds — on the model side — to the fact that
state-variables of other oscillators enter into the differential equation of an oscil-
lator via so-called coupling terms. If we assume z; € R??, the equations (8.2)
are the general form of n coupled d-dimensional oscillators. The whole system
shall have a fixed point attractor for low values of the parameter ), then a Hopf-
bifurcation may occur by increasing the parameter (see Lorenz, 1993, p. 178).
If the dimension of the system is sufficiently high, subsequent Hopf-bifurcations
into more-dimensional tori occur through further parameter increase. In case of
three successive Hopf-bifurcations, the important Theorem of Newhouse, Ruelle
and Takens can be applied (Newhouse et al., 1978). It states that if the three
frequencies characterizing the three-dimensional oscillation on the torus are in-
commensurable, small perturbations will transform it into a strange attractor. Or,
in other words, “when the third frequency is about to appear, simultaneously a
strange attractor arises, since a three frequency flow is destroyed by certain small
perturbations. Bifurcation into a 3-torus is not generic” (Seydel, 1994, p. 339).
This implies that a sufficiently complex coupled-oscillators system sensitively de-
pends on initial conditions.
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Figure 8.2: The attractors of three coupled Kaldor models projected into the Y- plane. (Source:
Lorenz, 1993, p. 182)

Applying the minimal model

In order to show that the economy as well as the climate fall under this coupled os-
cillators approach, we have to show that they incorporate interdependent, positive
and negative feedback processes.

Conceiving the economy as being composed of linked subsystems that incor-
porate feedbacks seems to be a fundamental characteristic of the way we use to
describe the economy. The underpinning reason is the presence of information
processing beings in the economy as we describe it, that is: human agents. Human
agents introduce feedbacks because their behavior, which is based on information
about economic processes on the one hand, determines these very processes on the
other hand. If we acknowledge that the agents’ supply- and demand-related deci-
sions are influenced by corresponding market-prices, every market — no matter
whether it is a financial, consumer, business-to-business or whatever kind of mar-
ket — might serve as an example of this feedback mechanism. Over and above
that, consumer decisions, to cite an example from Ormerod (2000), (i) are fre-
quently influenced by and, at the same time, (ii) do influence the product’s success.
On the macroeconomic level, saving- and investment-decisions are conceived as
being determined by aggregated macro-variables as GDP. Here, feedbacks occur
because GDP is largely influenced by total savings and investment.

The vast majority of these subsystems have to be modeled as nonlinear oscil-
lators. And somehow, they are all linked with each other. Thus, the preconditions
of the coupled oscillator approach are met so that it can come into operation: The
economic system possesses a strange attractor.

Yet the application of non-linear, coupled oscillators models in economics not
merely are a theoretical possibility as the following example taken from Lorenz
(1993) shows. The Kaldor model,

Y = o(I(Y,K) - S(Y,K))
K = I(Y,K) - 6K,
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Figure 8.3: Simplified feedback loops involving the thermohaline circulation (a) and the El
Nifio-Southern Oscillation (b). (Source: IPCC, 20015)

with nonlinear investment function 7, linear savings function S, output Y, capital
stock K and o, 6 > 0, is a macroeconomic IS-L.M model. Having shown that the
model is an oscillator (Lorenz, 1993, p. 47), Lorenz considers three economies
obeying the Kaldor model that are coupled via international trade. Technically,
money supply is introduced into the model as a third state variable whose time
derivative depends on exports and imports M = Ez(Y) — Im(Y) where Y is
the ‘rest of the world-production’ and Ez(...), consequently, the coupling term.
Numerical simulation of the model reveals the existence of a strange attractor for
certain parameters. Figure 8.2 is a projection of the attractors of the three coupled
economies into the output-interest rate plane.

This said and done, is there a similar route to chaos in climatology? First of all,
feedbacks are a fundamental characteristic of the climate system, too. They occar
at different spatiotemporal scales, in the atmosphere, the ocean, in land-surface
processes as well as in the global, coupled system. A whole chapter of the IPCC’s
Third Assessment Report is devoted to this topic (IPCC, 20015). Some of the
most important feedback processes associated with global warming are the water
vapor and cloud feedbacks: The greenhouse gas effect causes rising temperatures
which affects the amount and distribution of water vapor in the atmosphere. Since
water vapor is a potent greenhouse gas itself, a feedback loop occurs. In the
same time, clouds coverage is related to atmospheric water vapor. Because clouds
have an impact on the outgoing long-wave radiation as well as the incoming solar
radiation — both of which influence global temperatures —, a second feedback
loop emerges.

Figure 8.3 visualizes two further feedback processes on a global level that in-
volve well-known climate oscillations, namely the thermohaline circulation and
the El Nifio-Southern Oscillation. As all the different climate oscillators are linked
with each other, the coupled oscillators-scenario applies. We thus may conclude
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with the IPCC (20015, p. 422) that the “Earth’s atmosphere-ocean dynamic is
chaotic: Its evolution is sensitive to small perturbations in initial conditions.”

8.3 The cellular automata route

Introducing the minimal model

While the oscillator route focused on feedback processes, the cellular automata
approach applies to systems that are composed of a possibly large but limited
number of subsystems whose development is determined locally by adjacent sub-
systems. Such systems can be modeled by a cellular automata (CA). What is
a CA? It is a system that consists of a finite number of sites between which a
neighborhood relation is defined. Each site can embrace finitely many different
states. Their evolution takes place in discrete time steps and is determined by
a recursive, universal rule in function of their neighbor sites’ states. Formally,
a CA can be defined as (i) a graph G(V, E) inducing a neighborhood relation
between the sites V/, plus (ii) a function F; : V — S witht = 0,1,2... and
[S| € N which is defined for all v € V,¢ > 0 recursively by (iii) a rule R with
F(v,t) = R(F(w,t = 1) | Yw : {w,v} € E) and some initial conditions. Usu-
ally but not necessarily, the sites of a CA are a regular lattice in a n-dimensional
space.

Let us first of all consider very simple CAs whose sites can exhibit two dif-
ferent states only and are arranged in a row so that each site has two neighbors
— call them minimal CAs (MCA). The universal rule that governs the evolution
of the sites in a MCA has to determine the state (black or white) of a site v as
a function of the former states of the site v and its two neighbors. Thus, the re-
cursive rule distinguishes 2% different input states. There are consequently 256
different rules (as there are 256 different functions R : {1...8} — {0,1}) and,
correspondingly, 256 different MCAs. Stephen Wolfram was the first to investi-
gate these CAs systematically (Wolfram, 1986). The evolution of MCAs as well
as of other one-dimensional CAs can nicely be visualized in a diagram of hori-
zontally stacked rows, with the ith row depicting the state of the automata at £ = ¢
(see figure 8.4). Applying this visualization, Wolfram was able to distinguish four
mutually exclusive, collectively exhausting classes of CAs,

(1) Class 1. These cellular automata evolve after a finite number
of time steps from almost all initial states to a unique homogeneous
state (all the cites have the same value). The set of exceptional initial
configurations which behave differently is of measure zero when the
number of cells N goes to infinity. [...] From the point of view of



140 Sensitive dependence on initial conditions

(a)

(c) (d)
Figure 8.4: Examples for the four Wolfram classes: (a) Class 1, (b) Class 2, (¢) Class 3, (d)
Class 4. (Source: Chopard & Droz, 1998, p. 23)

dynamical systems, these automata evolve towards a simple limit point
in the phase space.

(2) Class 2. A pattern of separated periodic regions is produced
from almost all initial states. The simple structures generated are either
stable or periodic with small periods. [...] Here again, some particu-
lar initial states (set of measure zero) can lead to unbounded growth.
The evolution of these automata is analogous to the evolution of some
continuous dynamical systems to limit cycles.

(3) Class 3. These cellular automata evolve from almost all initial
states to chaotic, aperiodic patterns. [...] Small changes in the initial
conditions almost always lead to increasingly large changes in the later
stages. The evolution of these automata is analogous to the evolution
of some continuous dynamical systems to strange attractors.

(4) Class 4. For these cellular automata, persistent complex struc-
tures are formed for a large class of initial states. The behavior of such
cellular automata can generally be determined only by explicit simula-
tion of their time evolution. (Chopard & Droz, 1998, pp. 22f.)

Figure 8.4 shows an example for each of these four classes.

The classes 3 and 4 are obviously of special interest for us. Their sensitive
dependence on initial conditions is illustrated in figure 8.5. However, are these
two classes generic? That clearly depends on the CA’s design. As Gerhardt &
Schuster (1995, p. 87) report, classes 1 and 2 are predominant for MCAs. Yet if
CAs with an enlarged neighborhood are considered (extended from two to six),
only one fifth of all possible automata belong to these ‘robust’ classes, i.e. the
vast majority depends sensitively on initial conditions. A similar effect can be
observed if CAs of higher dimensions are examined. According to Gerhardt &
Schuster (1995, p. 90), the “evolution of two-dimensional [binary] automata is
largely governed by Class 3. So, even relatively simple CAs exhibit SDIC and an
increase of the CA’s complexity seems to make SDIC even more likely.
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Class 2

Class 4

Figure 8.5: Difference diagrams of two exemplary cellular automata for each of the Wolfram
Classes 2-4. A difference diagram highlights those sites whose states differ if only one initial
state is altered. (Source: Gerhardt & Schuster, 1995, p. 85)

Applying the minimal model

The cellular automata route leads to SDIC in economics as well as in climatology
because both the economy and the climate are conceived as consisting of separated
components whose evolution is determined ‘locally’ by nearby components.

One key concept that allows us to apply the CA model to the economy is that
of interacting agents, extensively discussed by Paul Ormerod in his Butterfly Eco-
nomics (Ormerod, 2000). It is an almost trivial observation indeed that the be-
havior of economic agents is influenced by the behavior of other agents. Let us
nonetheless consider some examples: Whether or not a consumer will for instance
buy a certain product (e.g. watch the latest movie) frequently depends on whether
his friends did so or not. A second example relating to stock markets is Keynes’
“castle-in-the-air theory” of financial markets (see Malkiel, 1999, pp. 31f.). Ac-
cording to this theory, investors are largely influenced by their colleagues’ deci-
sions and behave in accordance with psychological principles that typically lead to
herd behavior. This causes ‘bubbles’ whose regular occurrence is documented in
the second chapter of Malkiel’s A Random Walk down Wallstreet which is equally
amusing and instructive. The output-side of the economy, as another example,
exhibits a CA-structure, too. Output is produced by a large number of different
firms who interact with other companies — for instance in their supply-chain —
resulting in spill-over effects. Regional clustering is one observable effect.® On
the macro scale, international trade may serve as an example, since the national
economies interact with their neighbors. Globalization can be modeled as an ex-
tension of the individual neighborhoods. A very abstract feature of the economic
system, namely the presence or absence of cooperation between agents, can be
conceived as CA, too, as is demonstrated by several models exposed by Ger-

6 A concrete model implementing this idea is discussed by Ormerod (2000, pp. 170ff.).



142 Sensitive dependence on initial conditions

cellular automata  site state neighborhood
consumer market  consumer product (not) acquired  friends

financial markets  investor asset bought or sold colleagues, gurus
output-side firm production business sector
international trade  country imports and exports trading partners
cooperation agent cooperate/ social environment

non-cooperate

Table 8.1: CA-structures in the economic system.

hardt & Schuster (1995, pp. 235ff.). These models may also serve as examples
of more complex CAs with a large set of possible states and a complicated rule of
evolution. Table 8.1 summarizes the examples of this paragraph underlining the
structural similarity between the economy and CAs.

Do such structural similarities also apply to the climate? Recall the overall
design of general circulation models of the climate system as represented in fig-
ure 4.9. GCMs dissect the atmosphere, the ocean and the land-surface by a 3-
dimensional lattice. Relevant variables and vectors are attributed to the subspaces
and a set of differential equations is used to determine the temporal evolution
of the system locally, i.e. as a function of adjacent subspaces. This basic de-
sign looks very much like a CA. However, there are some differences. First of
all, there are infinitely many different states a site of a GCM can embody while
CAs are characterized by a limited number of different states. In this respect,
GCMs resemble lattice Boltzmann models: These are modified CAs which allow
for infinitely many states representing probabilities and which are used to sim-
ulate fluids and gases (see Chopard & Droz, 1998, p. 123). Secondly, a GCM
evolves in continuous time and not in discrete time steps as CAs do. This said,
we should recall that GCMs are solved numerically by computer programs. This
has very interesting consequences, since solving a system of differential equations
numerically involves reducing it to a discrete time system. In addition, our binary
computers are not able to represent real numbers with infinite accuracy. Each vari-
able and vector of the GCM is represented by a finite string of bits that can be in
finitely many different states only! Thus, insofar as a GCM is run on a computer,
it perfectly exhibits the structure of a cellular automata.

Let us conclude: As there are no long-range forces, the climate system can
be conceived as consisting of many different sub-components whose evolution is
determined locally. It can hence be modeled by a CA — with a large number
of different possible states in order to ensure sufficient accuracy. If we drop the
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prerequisite of fast computability, there is no reason not to increase the number of
possible states as much as appropriate. As we have seen, this potentially increases
the automata’s sensitivity to initial conditions.

Finally, it is interesting to notice that the two independent routes to chaos we
have pursued might even be connected. Comparing the examples in Nicolis &
Prigogine (1998) with those given by Gerhardt & Schuster (1995) and Chopard &
Droz (1998), it is absolutely astonishing to see how many processes can be mod-
eled by each of these two approaches in the same time: diffusion processes, au-
tocatalytic chemical reactions as for example the Belousov-Zhabotinsky-reaction,
predator-prey ecosystems and many others. The fact that all of these systems ex-
hibit SDIC seems to strengthen the claim that the routes actually lead us to where
they are supposed to.

8.4 Justified objections

The last section of this chapter is devoted to two objections which might be raised
against the claim that the failure of macroeconomic and climate forecasts can be
explained by the corresponding system’s SDIC.

The first objection pinpoints that the occurrence of SDIC in our minimal mod-
els depends on the parameter values. In case of the coupled oscillators approach,
a strange attractor appears only for sufficiently high values of the corresponding
parameter A. Similarly, with a parameter A defined for a binary CA as the prob-
ability that a state will be black in the next round, Class 3 automata are roughly
characterized by A > 0, 3 (Gerhardt & Schuster, 1995, pp. 92f.). Are ‘the pa-
rameters’ of the economic and climate system sufficiently high so that strange
attractors actually occur? Admittedly, we do not know. We do not even know
what ‘the parameters’ are.” Consequently, we have not shown that the climate or
the economy are actually (e.g. today) sensitively depending on initial conditions.
Concluding that every empirically adequate model exhibits SDIC does not imply
that infinitely small measurement errors always lead to complete forecast failure.
All we have shown is that this might be the case! Yet, as a partial explanation of
already observed forecast failure — and that is what we aim at —, that should be
sufficient.?

The second objection criticizes a seemingly implicit assumption of our reason-
ing, i.e. that SDIC of parts implies SDIC of the whole. Sképticism vis-a-vis this
principle seems to be expressed by Kadtke & Kravtsov (1996), saying

7 Thus, during my visiting stay at the Potsdam Institute for Climate Impact Research a cli-

mate scientist confessed in a discussion that climatologists have not yet identified all control
parameters that determine the attractors of the ocean dynamic.
See also footnote 1 of chapter 7.
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that it is still not clear whether non-linear dynamics will be generally
applicable to the real world, at least not in its present simplicity. All of
these methods to some degree assume that the physical system in ques-
tion have low-dimensional dynamical generators or representations; as
yet, it is not known how realistic an assumption this may be for the
Universe as a whole. (p. 19)

However, in my interpretation, Kadtke & Kravtsov refer to special forecasting
methods based in non-linear methods or to strategies for detecting chaotic signals
in noisy time-series. It is indisputable that these methods cannot be applied to
large systems as the earth climate or even the universe as a whole as long as they
assume low dimension. But we have not done so.

Now what about the principle ‘SDIC in parts implies SDIC in the whole’? It is
surely as questionable as the application of specific methods developed for low-
dimensional systems to high-dimensional ones. The reason for this is that the
behavior of very many chaotic subsystems may appear simple and regular if ag-
gregated onto a larger scale. The trajectories of H,O molecules in a wave-reservoir
might sensitively depend on initial conditions while the reservoir with the waves
as a whole forms a robust, highly predictable system. In terms of the abstract ar-
gument of section 8.1, premiss (5) thus seems to be false. Nevertheless, this does
not seriously undermine our reasoning since we do not need to rely on the strong
“SDIC in parts implies SDIC in the whole”-principle. As the subsystems we have
chosen, e.g. the consumption- and output-side of the economy, international trade
or the gulf-stream, are of the same scale as the whole system itself, their effect
on the whole system is not simply averaged out. With the amendment to premiss
(5) that &7 is not merely mapped onto a tiny subset of S; (and corresponding
adjustments of the further premisses), the argument can hence be saved.

Not as an objection but rather as a reminder, let me finally highlight a basic
assumption of our reasoning, namely that the way we talk about the economy and
the climate is the benchmark of empirical adequacy. If the every day description is
no longer shared, the newly described system does not necessarily exhibit SDIC.
With some fantasy one might invent a description of the climate system under
which no feedbacks and no oscillations occur. Under such a description, the THC
or El-Nifio could, for instance, just seem to be oscillations as the blinking lights at
a Ferris wheel only seem to be an oscillator. It is for these reasons that I stated in
the introduction that our explanations hold conditional to the language we speak,
and that this inquiry is written from an internalist perspective.



Chapter 9

Experiment and simulation

Summary

Simulation, according to this chapter’s main result, will never improve the predic-
tive performance neither of economics nor of climatology by compensating the
lack of experiments. It is argued that there are principally two approaches to sim-
ulation: a conservative and a constructive one, and that both approaches cannot
successfully be applied to the sciences this inquiry deals with. Last but not least,
the methodological framework is used to unmask the absurdity of the ensemble-
prediction method in climatology.

9.1 The promise

On 16th July 1945, the United States set off a nuclear pile in the desert of Alam-
ogordo for the first time in the history of mankind. This has been the beginning
of a series of scientific experiments involving unseen destructive powers. More
than 2,000 nuclear tests have been performed until today. The Lawrence Liver-
more National Laboratory (LLNL), founded in 1952, has been one of the major
institutes promoting this military research.! However, after the fall of the Berlin
Wall, George H. W. Bush declared a moratorium on nuclear testing in 1992. Only
three years later, Bill Clinton announced a stockpile stewardship program that
aims at refurbishing, manufacturing and replacing nuclear weapons without rely-
ing on nuclear tests. Instead, the principal question “When does a weapon fail?”
was supposed to be answered by simulation. According to Heller (2001), some
of the most powerful super-computers are operating at LLNL to accomplish this
demanding task.

This case is remarkable in so far as computer-simulation seems to successfully
replace experimentation. Simulated nuclear tests seem to extend our phenomeno-

! For the laboratory’s history see Middleton (2002).
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logical knowledge, ¢.g. they tell us that a certain bomb will not explode unless
this-and-this component is replaced. This is the promise of simulation social sci-
entists hope to be fulfilled: being a substitute for experimentation. As we all know,
this would be crucial as there is no experimentation involving the objects of social
science, namely societies, due to practical as well as moral reasons. Practically,
we lack the apparatus to sufficiently shield and arrange societies in a way nec-
essary to perform (replicable) experiments. Even more important, this would be
morally unacceptable. This holds, in analogy, for our atmosphere and climate sys-
tem. In the following, I will use a rather broad definition of simulation that is not
restricted to computer based simulations alone: The research method of substi-
tuting a system, called “simulating system”, for the (original) system of interest,
called “simulated system”, and investigating the simulating system with the aim
of obtaining insights into the simulated one is called simulation.

What does all this have to do with forecasting? Our investigation in chapter
4 has suggested that experimentation is an important condition for high forecast
quality: First of all, predictive performance is an implication of the very idea of
replicability. Secondly, predictive progress in depth as well as in scope stems from
improved experimental skills. And finally, we can add that experiments play an
important role in the context of discovery, i.e. the discovery of structures, capaci-
ties, regularities, etc., too, and hence contribute to the construction of (predictive)
models. The question thus is: Will simulation (ever) be a satisfying substitute for
the experimental method in economics and climatology and thereby improve their
predictive performance? With regard to the forecast evaluations of part 1, it must
also be explained why this has not yet been the case.

Jacobsen & Bronson (1997) give an optimistic outlook:

The difficulties of testing sociological theories are well-known. [...]
Simulations with computerized models can overcome or avoid most of
these difficulties. [...] The constraints on experimentation disappear
when dealing with computer models. (p. 97)

I, however, want to defend the opposite claim: Simulation cannot neutralize the
lack of experiments and hence will not improve the predictive performance by
replacing experimentation.

9.2 Reliability of simulations

Obviously, no simulation in the sense of the above definition will give rise to cor-
rect conclusions about the simulated system. Assume, for instance, that we were
aiming at predicting the influence of a high-energetic electro-magnetic shock on
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Figure 9.1: The manceuvring properties of a ship can be discovered by systematic investigation
of a simulating system that is obtained according to the conservative approach. The fact that
the simulating system is a close copy of the simulated one ensures structural similarity, i.e. that
both systems are isomorphic, which in turn warrants the inference from characteristics of the
simulating system to those of the simulated one.

the functioning of a nuclear bomb. In order to do so, we substitute a conventional
firework that is studied systematically for the original system. The result of this
investigation is: The functioning is not influenced by electro-magnetic shocks.
This, however, is not the case with (at least some) nuclear weapons. Something
is wrong with this simulation. The transfer of the results which were obtained by
investigating the simulating system to the simulated one is not truth-preserving. A
simulation that, contrary to our example, satisfies this condition will subsequently
be called a reliable simulation. In our context, reliability is the central property
of a simulation. If simulations are not reliable, they cannot replace experimen-
tation as they do not give rise to insights into — and in particular categorical or
conditional forecasts of — the simulated system, as experiments do. Unreliable
simulations do not improve forecast performance.

What makes a simulation a reliable one? I argue that structural similarity (in all
relevant aspects) between the simulating and the simulated system is a necessary
condition: Assume such similarity did not hold, then both systems would behave
differently under some interventions and evolve unequally. The inference from
the simulating to the simulated system would not be truth-preserving. The absurd
simulation of a nuclear weapon by a firework is for instance characterized by
important structural differences between the two systems. In the light of these
findings, it becomes clear that the inference involved in simulations is nothing but
an inference from analogy; and such an inference is only valid if a sufficiently
strong analogy, i.e. structural similarity, really holds.

We can generally distinguish two distinct ways of producing structurally sim-
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Figure 9.2: The large circulating tunnel of the Versuchsanstalt fiir Wasserbau und Schiffbau at
the Technische Universitit in Berlin is the biggest facility of this kind worldwide (a, b). It allows
to run simulations with ship-models up to 10 meters length. (c) shows a simulation-run with
a model of one of the first super-tankers, the Greek “Tina Onassis”. (Source: http://www.tu-
berlin.de/vws/)

ilar systems which enable us to perform reliable simulations: (a) by means of
reproduction — to which I will refer as conservative approach, since as many fea-
tures of the original system as possible are tried to be ‘conserved’; (b) by means
of deliberate design and construction — which I will call constructive approach.

The conservative approach simply consists in rebuilding the original system as
accurately as possible using the same materials the original system is made of.
If necessary, the copied system might be scaled by a certain factor. This proce-
dure ensures high structural similarity. Typically, the properties of the simulating
system are investigated by purposeful manipulation and intervention wherefore
conservative simulations could also be referred to as (indirect) experiments. Fig-
ures 9.1 and 9.2 illustrate the conservative approach to simulation by an example
from shipbuilding.

The second way to obtain a structurally similar system, namely by the con-
structive approach, is quite different from the first. Here, the simulating system
need not necessarily be built of the same material as the original one.? Structural
similarity is ensured by the construction of the simulating system according to
a plan: The whole simulating system is deliberatively designed in order to real-
ize the same structure as the simulated one and hence to satisfy the prerequisite
of structural equivalence. This, of course, requires explicit knowledge ex ante
of the structure of the system which is meant to be simulated! Figures 9.3 and

2 In fact, the most comfortable device to ‘build’ the simulating system under the constructive

approach is a computer because of the ease with which it realizes an arbitrary structure.
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Figure 9.3: The planetary motion in a solar system can be simulated by a computer program,
following the constructive approach. In order to make sure that the simulation is reliable, the
program has to be designed so as to realize the same formal structure as the simulated system. In
particular, the motion of the graphical objects has to be governed by the (translated) equations of
classical mechanics. The resulting isomorphism between the two systems warrants the validity
of the crucial inference of simulation.

9.4 provide an illustration and an example of this second approach to simulation,
respectively.

Before investigating whether these approaches can be applied in economics
and climatology, we will reconsider our initial example of nuclear weapon sim-
ulation for a moment. Although it involves computer simulation and therefore
seems to implement the constructive approach, “experimental capabilities would
be crucial”, according to a Livermore physicist. “We’d need laboratories where
scientists could scale nonnuclear experiments o closely match weapon physics
conditions so they could examine properties at the microstructural level.” (cited in
Middleton, 2002, my emphasis) Here, the conservative and constructive approach
go hand in hand. Over and above that, the computer simulations, as explained
on the LLNL-website introducing the Advanced Simulation and Computing Pro-
gram (ASCI), integrate “data from past nuclear tests with past and present nonnu-
clear tests, fundamental science and component-level experiments, surveillance of
actual weapons withdrawn from the stockpile, and advanced simulations” (Mid-
dleton, 2002). Thus it becomes clear that the successful computer simulation of
nuclear tests is based on a considerable amount of empirical knowledge includ-
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Figure 9.4: This is a screenshot showing the Orbit3D computer program that allows to simulate
planetary motion. It is an example for how the right-hand side of figure 9.3 might actually look
like.

ing knowledge about detonations of nuclear bombs which, in turn, was acquired
by nuclear tests. The reliable simulation of nuclear detonations is only possible
because nuclear tests were carried out before. Under this closer inspection, the
initial promise of compensating the lack of experiments in the social sciences by
simulation thus seems to vanish.

Now, in order to prove that simulation cannot replace experimentation in eco-
nomics, and to explain macroeconomic forecast failure, I will show in the follow-
ing for each of the two approaches that (i) it cannot be applied to economics or
climatology, and (ii) could it be applied, it would be impossible to obtain inter-
esting insights even into the simulating system. The next section deals with the
constructive approach, before the conservative approach is discussed later on.

9.3 The constructive approach: computer-simulation in econo-
mics and climatology

In this section, I give reasons for two claims: First, it is almost impossible to delib-
eratively construct systems that are structurally equivalent to either our economic
or our climate system. Secondly, if this were possible, we would not be able to
obtain any forecasting-relevant insights into these simulating systems which could
be applied to the simulated system.

As we have seen above, deliberate construction of reliable simulating systems
requires ex ante knowledge of the simulated system’s structure. But it is exactly
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this kind of knowledge we lack in economics and climatology. The vast variety
of different economic models (including minimal theoretical, large econometric,
as well as multiple-agent models) and climate models (recall the discussion in
chapter 4) demonstrates that we do not possess a blueprint of these systems’ un-
derlying structures. As long as we lack this knowledge, we are simply not able to
deliberatively construct reliable simulations. Furthermore, insights into the origi-
nal systems can only be obtained by observation of and experimentation with this
system. So even if we will have the required knowledge to construct reliable sim-
ulations some day, this will be due to experimentation — as is the case for the
nuclear weapons example. Simulations are thus far from replacing experiments
entirely.

A second argument in favor of the first claim pinpoints technological diffi-
culties one faces when constructing reliable simulations. Just remember that a
computer-simulation that integrates all known aspects of our climate would not
even run on our fastest super-computers. Maybe the climate as well as the world
economy are simply too large to be simulated — maybe a simulating system is
required to be of the same size as the climate or the world economy in order to be
reliable.

There is a further, very prominent and more fundamental argument that es-
pecially applies to economics. It denies that there is something like a stable,
time-invariant structure of the economy at all because economic agents’ behav-
ior and decision making changes as their expectations change. Such a change of
expectations might for instance occur as a result of policy change. Its manifesta-
tion is the break-down of statistically estimated economic relationships. This is
of course the well-known Lucas-critique reconstructed in a very general form (see
Lucas, 1976). As it assumes that the structure of the economy is stated in rela-
tionships between aggregated variables of the behavior of individual agents, the
challenge the Lucas-critique gives rise to consists in identifying an expectation-
change invariant structure of the economy. In the neoclassical research program,
this would imply to completely integrate the expectations-forming process into the
decision making model: a difficulty we dealt with in chapter 7. The existence of
an expectation-change invariant (quantitative) model would imply that there were
expectation-change invariant parameters. And such “deep parameters” (Sheffrin,
1996, p. 97) would represent the natural constants of economics. Economists
have not yet discovered any such natural constant, and we might doubt whether
they ever will.3

3 Although there is no reason to believe they will, it cannot be ruled out either, since there

might be an alternative description of economic phenomena, for instance in terms of institu-
tions only, that allows to identify an invariant structure (see also Cartwright, 1999, p. 157).
This is, again, the internalist caveat.
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Let us tumn to the second claim now and assume that we would have a struc-
turally equivalent simulating system at our disposal. I maintain that even this
would not be enough to perform reliable simulations because we would not even
get the required insights into the simulating system.

The first argument for this second claim scores by simply recalling the dis-
cussion on sensitive dependence on initial conditions. If a structural similarity
holds between simulated and reliable simulating systems, and if both simulated
systems, namely the economy and the climate, exhibit SDIC, and if SDIC is a
structural property of a system, then the simulating systems will exhibit SDIC,
too. Since the antecedent-conditions are all true, so is the consequence. Thus,
if it is impossible to state correct forecasts regarding the original system because
of SDIC, it is also impossible to state correct forecasts regarding the simulating
system.

A further reasoning adds to the SDIC-argument. Simulations obviously do not
solve the data-problem discussed in chapter 6. As we have seen, we ignore the
precise state of our economies and our climate. However, any initialization of the
simulating system aiming at closest correspondence with the simulated system
will be imperfect and the inference from the behavior of the simulating system
to the (future) behavior of the simulated one is impeded without accurate data
describing the actual state of the simulated system.

9.4 The conservative approach: experimental economics

This section deals with the conservative approach and its application to economics.
Again, I defend two claims similar to those of the previous section: First, it is im-
possible to replicate the economy in order to obtain systems suited for simulation.
This entails in particular that current laboratory experiments are not (sufficiently)
structurally similar to the economic system. Secondly, even if we had success-
fully copied and scaled the economy, we would not obtain any insights that would
improve macroeconomic forecast performance.

Edward Hastings Chamberlin has not only made important theoretical contri-
butions to microeconomics by introducing a model of monopolistic competition,
he is also one of the pioneers of experimental economics. In one of the first pub-
lished articles reporting a laboratory experiment, he states that

the real world of human beings, firms, markets, and governments can-
not be reproduced artificially and controlled. (Chamberlin, 1948, p. 95)

And this coincides with my first claim. Can that be denied at all, or is not it a
commonplace, as Chamberlin notes? It probably is. Yet, this statement stands at
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the beginning and not at the end of the history of experimental economics! How
can that be explained? The answer is that laboratory experiments are of interest
to microeconomic questions only. What they are meant to simulate are not whole
economies but groups of economic agents or single markets. This free standing
statement shall now be supported, and discussed in some detail.

Let us see first of all how economic experiments are conducted in general,
before we consider an example that successfully applies the conservative approach
to a microeconomic problem. The first step in any economic experiment is the
recruitment of participants. Conducting experiments with human beings is just
the implementation of the general idea that the simulating system should be made
of the same stuff as the simulated one. Experimenters seem to prefer students —
probably because of their abundance at universities. Vernon Smith, for example,
who won the nobel prize in 2002 “for having established laboratory experiments
as a tool in empirical economic analysis, especially in the study of alternative
market mechanisms” participated as a student in the first experiments conducted
by Chamberlin (Holt, 1995, p. 350). The second and most important step is to
instruct the participants, i.e. to tell them their action-options and the rewards
allocated in function of the individual’s and group’s behavior. This resembles
very much explaining the rules of a game. According to Holt (1995), the rules of
Chamberlin’s first game were these,

[Hand] out cards with value and cost information to students [...]. For
example, a student receiving a seller card with a cost of $1 would have
the capacity to sell one unit [of an artificial commodity], and the profit
on this unit would be the difference between the sale price and the cost
of $1. This seller would have an inelastic supply function with a step
at $1. Similarly, a subject receiving a buyer card with a value of $2
would have the ability to purchase a unit, and the profit on the unit
would be the difference between the value of $2 and the price paid
for the unit. This buyer would have a perfectly inelastic demand for
one unit of the commodity at any price below $2. If this seller and
buyer were to arrange a contract for a price of $1.50, each would earn
50 cents from the trade. Other buyers and sellers can have different
values and costs. The market demand and supply function result from
a horizontal summation of the individual buyers’ and sellers’ demand
and supply functions. Students were allowed to circulate around the
room and arrange trade in a decentralized manner. (p. 350)

In this example, the experimenter completely controls the supply and demand
structure of the laboratory market by setting the reservation prices, i.e. printing
the cards (see figure 9.5). After instruction of the participants, they can, in a third
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Figure 9.5: These supply- and demand-curves are induced by an experiment involving six sellers
(S1...86) and an equal number of buyers (B1 ...B6), each facing different reservation prices
and being allowed to make two transactions. (S4, for instance, may sell two units at costs of $1
and $1.70 respectively.) (Source: Holt, 1995, p. 359)

step, engage in the experiment, here: trading, while their behavior is carefully
recorded. Nowadays, experiments, in contrast to the one of Chamberlin, use to be
carried out with real money in view of ensuring that the instructions are effective
and the rewards really determine the participants’ incentives.

After these introductory remarks, we are now in a position to review an excel-
lent example of a simulation implementing the conservative approach to simula-
tion in economics. Conducted by Hong & Plott (1982), the economic experiment

arose in a matter to the Interstate Commerce Commission [... It] had to
do with complex posted price markets, and [...] an attempt was made
to mirror as closely as possible in the laboratory the industrial structure
of the market in question. (Roth, 1995, p. 55)

The simulation served the purpose to decide whether or not barge operators should
make their prices public, i.e. post price changes in advance to the Interstate Com-
merce Commission.* In this example, the laboratory market corresponds to what
we have called the simulating system and the target market is the simulated one.

Hong and Plott proceeded to design their experiment around a labora-
tory market scaled to resemble, in the features mentioned above [e.g.

This Commission had been the oldest regulatory agency in the United States and had pri-
marily been charged with regulating the domestic transport market before it was terminated
in 1995,
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the relative size of buyers and sellers, the demand and supply elastic-
ities, the cyclical nature of demand], the market for transporting grain
along the upper Mississippi River and Illinois Waterway during the fall
of 1970. [...] Aggregate supply and demand functions for the labora-
tory market were scaled to estimates available for the target market, as
was the distribution of large and small firms on each side of the mar-
ket. The laboratory market was divided into periods representing two
weeks of the target market, and the seasonal aspects of the target mar-
ket were modeled by having demand in the laboratory market scaled
to resemble two months of normal demand followed by two months of
high demand, followed by two months of normal demand. The experi-
mental design involved running the market under both posted price and
negotiated price policies. (Roth, 1995, p. 56)

Given the experimental observation, Hong & Plott (1982) concluded: “The
posted price policy causes higher prices, reduced volume, and efficiency losses.”
(p. 10) It has, subsequently, not been implemented. Although this experiment
is relatively complex, it is still a microeconomic experiment since only one sin-
gle market was investigated. It therefore demonstrates the sheer impossibility to
replicate the whole economic system consisting of thousands and thousands of
markets like the market for transporting grain along the upper Mississippi River
and Illinois Waterway during the fall of 1970.

Before proceeding to a discussion of the second claim, we should briefly con-
sider the relationship between micro- and macroeconomics, and whether improved
microeconomic forecast performance entails an improvement of macroeconomic
forecast performance. This, however, is not the case since the only macroeco-
nomic theories that are directly related to such microeconomic experiments are
those with micro-foundations. Neoclassical macroeconomic models which for
instance implement the rational expectations hypothesis might be submitted to
experimental tests. And as we have seen in chapter 7 as well as in part 1, these
models are of no great importance for macroeconomic forecasting. Still, Roth
(1995) makes a more general point by proposing an argument from analogy,

It may be helpful to point out, by way of loose analogy, that experiments
play a role in most of the things biologists do, and, like economists,
biologists have a lot of ground to cover, from molecular biology to evo-
lution, to medicine. Experiments can obviously play a very direct role
in testing and refining theories of molecular biology, since the phenom-
ena in question can be brought entirely into the laboratory. But although
experiments cannot be conducted on the fossil record, evolutionary bi-
ologists nevertheless obtain much of their understanding of selection
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and evolution from experiments in microbiology, genetics, and plant
breeding. [...} In the same way, economic experiments may play a
role not only in testing and refining theories concerned with individu-
als or small groups, but also concerning questions about large markets,
industrial organization, and macroeconomics. (pp. 22f.)

To be fair, we should note that Roth’s explicit conclusion does not entail that
the predictive performance of macroeconomics will be improved thanks to ex-
perimental research. Such a conclusion would indeed not be warranted by this
argument as a negative analogy demonstrates: Ever more detailed microbiolog-
ical knowledge does not and will not necessarily improve the forecastability of
an ecosystem or a person’s curriculum vitae. Or, to draw another analogy to a
science we are more familiar with by now, ever more detailed knowledge of the
thermodynamic properties of steam, ozone, carbon dioxide, and so on does not
and will not necessarily improve the predictive performance of climatology. The
underlying philosophical reason is: Macro-models are not built from bottom up.
Reductionism is an inadequate theory of science and it is particularly inadequate
when applied rigorously in the context of discovery. Our case studies in clima-
tology have shown that the problem of climatology is not the lack of accurate
knowledge on the micro-level. On the contrary, given that some climate models
have deliberately violated fundamental physical relationships as for instance the
principle of mass- and energy conservation, one might even be tempted to say that
empirical adequacy on the one hand and compliance with fundamental laws on
the other pull in opposite directions.

As a matter of course, it does not follow from all this that experimental eco-
nomics could not be a fruitful research program. Like in the natural sciences,
economic experimental settings might one day be considered as an interesting re-
search object in their own and thus become the genuine object of inquiry. Exper-
iments, then, would not be required to be structurally similar to any real system.
Economists would construct microeconomic nomological machines possibly giv-
ing rise to interesting, replicable (and therefore predictable) behavior.

The second claim I maintain in this section needs to be defended yet. It states
that, if it were possible to obtain a system suited for simulation by the conserva-
tive approach, an investigation into such a system would not bring about forecast-
relevant insights. First of all, the problems mentioned in the preceding section,
namely the SDIC-argument and the data-problem, apply here, too. However,
besides the problems of the constructive approach to economic simulation, the
experimental method in economics in general and the conservative approach to
simulation in particular face a further obstacle, namely the lack of sufficient con-
trol.
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Experimenters acknowledge that the participants of economic experiments are
sometimes motivated by considerations that are very difficult to control, even in
spite of high monetary incentives.® Additionally, different participants are moti-
vated by differing considerations which poses an obstacle to the replicability of
economic experiments. There is a further aspect of this problem: The background
theories underlying the experiments usually presume utility maximizing behavior
of economic agents. Therefore, “experimenters have to be alert to deviations from
utility maximizing behavior on the part of experimental subjects” (Roth, 1995,
p- 79). But such deviations are the rule rather than the exception — a fact sup-
ported by many experiments, and which we will seize in the next chapter. Gode
& Sunder (1993) pinpoint the problem, ...

It is not possible to control the trading behavior of individuals. Hu-
man traders differ in their expectations, attitudes towards risk, prefer-
ences for money versus enjoyment of trading as game, and many other
respects. The problem of separating the joint effects of these varia-
tions, unobservable to the researcher, can be mitigated by studying mar-
ket outcomes with participants who follow specified rules of behavior.
(p. 120)

. and immediately propose the following solution:
We therefore replaced human traders by computer programs.

This, of course, means to say goodbye to the conservative and to return to the
constructive approach to simulation.

In this section, we have primarily focused on economics neglecting climate
experiments. But obviously, the conservative approach cannot be applied success-
fully in climatology, either. Copying and down-scaling the earth is impossible
not only because we lack the necessary technological skills, it is even physically
impossible. Even if we were able to assemble a micro-earth, natural laws would
hamper a structural similarity to the real earth. A physical model of our planet
whose radius is 1073 the Earth’s radius would give rise to a gravitational field
whose strength would equal 10~? the Earth’s one, it could thus not keep hold of
an atmosphere at all.

The overall argument of this chapter can now be stated as follows,

(1) A simulation is reliable if and only if the transfer of insights from
the simulating system to the simulated one is truth-preserving.
(Definition of reliable simulation)

5 See for instance Roth (1995, p. 11, pp. 66f.) or Ledyard (1995, p. 115).
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(2) The transfer of insights from the simulating system to the simu-
lated one is only truth-preserving if simulating and simulated sys-
tem are structurally equivalent. (Validity-condition of analogies)

(3) Structurally equivalent systems can be obtained either by the con-
servative or by the constructive approach to simulation.

(4) The economy cannot be copied and scaled. (Failure of the conser-
vative approach)

(5) In order to design and construct a system S° that is structurally
equivalent to a system S, the structure of S has to be known. (Con-
dition of the constructive approach)

(6) The structure of the economy is not known.

(7) If the availability of an object z is necessary for p and x cannot be
obtained, then p is false.

(8) Thus: Economic simulations are not reliable.

(9) Only reliable simulations give rise to new insights into the simu-
lated system.

(10) Carrying out a simulation does not bring about replicable regular-
ities in the simulated system.

(11) Thus: Simulations in economics do neither produce replicable
economic regularities nor do they give rise to new insights into
the economic system.

(12) The functional role of experiments with regard to the generation
of forecasts is to produce replicable regularities and to give rise to
new insights into the research object.

(13) A research method R can only be replaced by another research
method R’ with respect to some goal G if R’ can fulfill the same
functions as R with regard to G.

(14) Thus: Simulations in economics cannot replace experiments with
regard to the generation of forecasts.

(15) If simulations in economics cannot replace experiments with re-
gard to the generation of forecasts then they do not and will not
improve the predictive performance of economics by replacing ex-
periments.

(16) Thus: Simulations do not and will not improve the predictive per-
formance of economics by replacing experiments.
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9.5 A further purpose of simulation: density forecasting

In this last section, a further purpose of simulation shall be discussed: the gen-
eration of density and thus probability forecasts. My aim here is to reveal the
absurdity of a specific method of establishing probability forecasts in climatol-
ogy that is based on simulation. It would be a crucial fact for decision making
if (macroeconomic or climate) probability forecasts were credible, as we will see
later in part 3. Since a credible probabilistic prediction involves objective rather
than subjective probabilities (which will also become clear in part 3), we have to
sketch an account of objective probabilities.

In one sentence, an objective interpretation of probabilities takes probability
statements to be scientifically justified like statements about a body’s mass or its
charge.% As a consequence, how such statements involving objective probabilities
can be established and how they have to be understood depends on one’s under-
lying general philosophy of science, in particular one’s methodology and account
of how theoretical terms relate to observation. Accordingly, there is no single
philosophical interpretation of objective probabilities, but a large variety.

Van Mises frequency theory of probabilities is based on operationalism. Where-
as his theory has been widely influential, philosophers of science largely reject op-
erationalism and accordingly develop alternative philosophical theories of proba-
bility.” Gillies (2000, p. 114) proposes to refer to all such alternatives as propen-
sity theories. A particular propensity theory is Nancy Cartwright’s view which is
based on her theory of science and developed from lan Hackings analysis,

Ian Hacking in The Logic of Statistical Inference taught that probabili-
ties are characterized relative to chance set-ups and do not make sense
without them. [...] A chance set-up is a nomological machine for
probabilistic laws, and our description of it is a model that works in the
same way as a model for deterministic laws. (Cartwright, 1999, p. 152)

According to this account, objective probability statements characterize well
specified, shielded and controlled set-ups only. Only nomological machines which
are adequately described by a probabilistic model can be characterized by objec-
tive probabilities.

Yet, this idea that objective probabilities “are characterized relative to chance
set-ups and do not make sense without them” is central to most propensity theories
(Gillies, 2000, p. 115). The following reasoning relies on it.

S Hence, an objective interpretation of probabilities does not automatically imply a proba-
bility realism, i.e. the metaphysical claim that the world as such is non-deterministic and
governed by probabilistic laws, for that depends on whether scientific realism is adopted or
not.

7 See Gillies (2000, pp. 125).
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The propensity account of probabilities has important implications for density
forecasting by means of simulation. As probabilities are bound to and determined
by a system’s underlying structure and since reliable simulation is characterized
by the structural similarity of simulating and simulated system, the inference from
probabilities characterizing the simulating system to those of the simulated one is
valid. In other words: Density functions of systems can be estimated by reliable
simulation and reliable simulation only.?

However, there are no reliable simulations of our climate system or our econ-
omy as I have argued throughout this chapter. The road that leads to density
forecasting via simulation thus seems to be blocked. Nevertheless, some climate
scientist do consider probability forecasting by simulation as feasible. Here is a
quote from the IPCC’s Third Assessment Report,

In climate research and modeling we should recognize that [...] the
long-term prediction of future climate states is not possible. The most
we can expect to achieve is the prediction of the probability distribution
of the system’s future possible states by the generation of ensembles of
moedel solutions. (IPCC, 20010, p. 774)

This methodology of “ensemble predictions” is specified by another author of the
TAR,

[Uncertainties] can be partially quantified from ensembles of climate
change integrations, made using different models starting from differ-
ent initial conditions. They necessarily give rise to probabilistic esti-
mates of climate change. (IPCC, 20015, p. 419)

More specifically, what these climatologists propose amounts to the claim that
the simulation results presented in figure 4.14 induce a density forecast for the sea
level rise in the next hundred years. Accordingly, this figure may be interpreted as
stating a sea-level rise of 0.4 m to be the most probable outcome while sea level
rises of 0.8 m or 0.1 m are also possible but much less probable.

Stil], it should be mentioned that the TAR also expresses doubts relating to this
methodology. The IPCC (20015) critically notes,

An important question is whether a multi-model ensemble made by
pooling the world climate community’s stock of global models ade-
quately spans the uncertainty in our ability to represent faithfully the
evolution of climate. (p. 423)

e way, a purely subjective interpretation of probabilities could not warrant this infer-
8 By the way, a purely subject terpretation of probabilit 1d not t this inf

ence.



9.5 Density forecasting 161

And the IPCC (20015b) skeptically remarks in its conclusion

that it is important to assign probabilities to projections, but this re-
quires a more critical and quantitative assessment of model uncertain-
ties than is possible at present. (p. 681)

The following is an attempt to make the assumptions underlying the ensemble-
methodology explicit and to strengthen the critiques. Let C denote a certain cli-
mate event, for instance the sea-level rise of 0.6+0.01 m during the next hundred
years. Assume, for the sake of argument, that for each simulation s; of our ensem-
ble {s1,..., .} the probability of C is estimated, i.e. we know the conditional
probability of C' given that s; is a reliable simulation, P(C|S;).° Now, the propo-
nent of the ensemble-methodology claims that this allows us to estimate the un-
conditional probability of C, namely P(C). The calculation implicitly performed
seems to be,

P(C) = P(C)- (P(S) + ...+ P(Sa)
_P(C&S)) + ... 4 P(CLS,)
= (P(51) - P(C|S1)) + ... + (P(Sh) - P(C]Sa)),

which makes use of the definition of conditional probabilities,

P(A&B)

Now, this calculation assumes that (i) 3 P(.S;) = 1 and (ii) C and S; are inde-
pendent for all 4 (P(C)P(S;) = 1). The first assumption has been questioned
in the above quotes. But now consider that both the conditional probabilities
P(C|S;) and the probabilities P(.S;) have to be known in order to calculate the
unconditional probabilities P(C). That is exactly where my critique relying on
Cartwright’s analysis of objective probabilities (or more generally propensity the-
ories) attacks. I maintain that there is nothing like P(.S;), i.e. the objective prob-
ability of s, being a reliable simulation! How could we estimate the probability
that a simulation is structurally similar to a real system? — Similarly: What is
the probability that a certain model, for instance the Kaldor model, is the true
model of the system under investigation? — Where is the nomological machine
which gives rise to these probabilities?! These ‘probabilities’ are at most subjec-
tive degrees of belief.!® A methodology which assumes that the probabilities of
9

In doing so, we make the strong assumption that the uncertainty relating to initial and
boundary conditions is objectively quantified.

10 “At most” because subjective probabilities are defined as consistent betting quotients and
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simulations being structurally similar to the real system can objectively be esti-
mated seems just crazy to me. Thus, let me repeat: What we need for probability
estimation is one reliable simulation and pooling different simulations will never
allow for estimating a single density function. This holds for climatology as for
any other science.

it is not unanimously agreed on what type of beliefs one can meaningfully bet at all. As
Stegmiiller (1973, p. 232) points out, de Finetti who initially developed the subjective in-
terpretation of probabilities insisted that if a hypothesis cannot be verified by observation
“its probability is meaningless.” It folows that according to de Finetti one cannot attach
subjective probabilities to the alternative climate models.



Chapter 10

Unrealistic-assumption explanations

Summary

Macroeconomic and climate forecasts are largely based on unrealistic assump-
tions. This fact as such, however, does not explain forecast failure as the coun-
terexamples of Larry Laudan’s pessimistic meta-induction show. Once this is
established, this chapter develops a more sophisticated explanation of forecast
failure involving unrealistic assumptions by a critical discussion of the molecular
kinetic deduction of the ideal gas law and its improvement. But, finally, this type
of explanation cannot be applied in economics.

10.1 Unrealistic assumptions of macroeconomic forecasts

I suggested in chapter 7 that the basic assumptions of economics as for instance
the expected utility maximization or the rational expectations hypothesis (EUH
and REH) are too abstract to have any empirical content and that they should be
interpreted as general principles stating how to construct particular models. This
said, we all make the every-day experience that standard models built according
to EUH and REH are constantly violated. We and our fellow citizens simply do
not take our decisions in order to (or so as if we) maximize expected utility when
utility is defined as a monotone function of consumption with a positive, declining
slope. Likewise, our expectations are not rational in the sense that we consider any
available information when forming them.

The common sense knowledge that the basic assumptions of mainstream eco-
nomics are literally false, or, as people use to say, unrealistic, is confirmed by
empirical research. A large part of economic experiments is devoted to testing
these assumptions. Having presented the growing evidence that was accumulated
during the last decades, Roth (1995) summarizes,
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As the number of replicable violations of utility theory, and even of
more basic models of rational choice, has grown, a question we fre-
quently hear from some of our psychologist colleagues, and one that
we can reasonably ask ourselves, is “what accounts for economists’
reluctance to abandon the rational model, despite considerable contra-
dictory evidence?” (p. 76, my emphasis)

Or, as Roth’s section-title puts it, “Why haven’t these demonstrated anomalies
swept away utility theory?”.! The REH has to face contradictory — while less
conclusive — empirical evidence, too. Concluding on overlapping generations
experiments, Ochs (1995) writes that one might

read this evidence as supporting the methodological position that one
cannot avoid the problem of modeling the process of expectations form-
ing [by using the REH short-cut] and hope to have an empirically valid
model. (p. 209)

Now, in addition to these experimental findings, statistical data may give a
hint on whether basic applications of REH are adequate or not. REH has been
submitted to statistical testing by checking individual forecasts for basic criteria
of rationality as unbiasedness and efficiency. Sheffrin (1996) summarizes these
findings as follows,

On the whole, survey data do not support the rational expectations hy-
pothesis. But the rather mixed evidence from all these diverse surveys
does not necessarily imply that the rational expectations hypothesis will
be of only limited use for economics. (p. 21)

Since we have not questioned yet whether REH is of use but only whether its
basic applications accurately describe an agent’s expectations, the quote should
be counted as additional evidence against REH’s realism.

Paraphrasing Cartwright (198356), one might conclude that the basic laws of
economics lie. Or, in the words of Paul Krugman, “all our models involve silly as-
sumptions” (Krugman, 1998, p. 150). In so far as macroeconomic forecasts make
use of economic theory, they are based on unrealistic assumptions where “unreal-
istic” means false according to the accepted theory, empirical evidence or common
sense. However, as we have learned in part 1, the majority of macroeconomic fore-
casts do not make direct use of economic theory, i.e. are non-econometric. But the
assumptions of alternative methods are no more realistic than those of economic
theory. Univariate ARIMA forecasts, for instance, assume that future values of the

! This question will in fact be answered ‘by the way’ in due course of this chapter.
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predicted variable depend on the variable’s values of the last few years only, deny-
ing any other influences, whereas naive methods make even stronger assumptions.
Indicator forecasts assume suspicious lead- and lag-relationships to hold and judg-
mental procedures, finally, presuppose that the forecaster is a reliable clairvoyant.
The question of this chapter is: Does this obvious unrealism explain forecast fail-
ure?

10.2 Reconstructing the unrealistic-assumption explanation

Before attempting to reconstruct the unrealistic-assumption explanation we must
briefly clarify what it means to explain something at all. This is not the first time
that we deal with explanation in our inquiry as all the preceding chapters of part 2
were meant to explain forecast failure. What did we do in these chapters? Actu-
ally, we have discussed arguments in favor of the conclusion that macroeconomic
forecasts are not successful (or in favor of any other more specific observation of
part 1 which we have tried to explain). In so far as these arguments were plausible,
we have considered them as good explanations. Plausible arguments, according
to our practice, are explanations. Now, I also want to defend the inverse claim
that any explanation is a plausible argument. First of all, to explain a certain phe-
nomenon always means to explain why a statement (that asserts the occurrence
of the phenomenon) is true. We do not explain phenomena per se but statements
describing phenomena. This is illustrated by the fact that explaining is essentially
answering a why-question and “Why ...” is followed by a sentence. Now, how
do we explain a certain statement? How do we answer why-questions? Since
explaining is a cognitive enterprise, this is necessarily done by uttering further
statements. And their truth is a necessary condition for accepting the explanation,
or the answer, respectively. Yet giving true statements is clearly not a sufficient
condition for answering a why-question satisfactorily. Additionally, the explain-
ing statements have to stand in a certain relation to the explained one. However,
the only epistemologically relevant relations between statements are the logical
relations. And since explaining does not involve establishing contradictions or
mere coherence, the relation to be established is an inferential one. Consequently,
an explanation is an argument. Taking all this together, an explanation of a state-
ment ¢ is given by a plausible deductive or inductive argument (for instance an
inference by analogy) with conclusion g. As far as I can see, the inferential con-
ception of explanation is not an alternative to a causal or a nomological or any
other account of explanation, but it is the more fundamental conception that un-
derlies all these alternative accounts of explanation — which are still subject of
philosophical debate. Although some philosophers strictly oppose the inferential
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conception of explanation,? there is no room here to discuss this in more detail. I
take the inferential conception for granted.

This said, the unrealistic-assumption explanation of forecast failure can be re-
constructed as the following argument with F denoting a forecast and A an as-
sumption,

(1) F assumes A.
(2) A is unrealistic.
(C) Thus: F is not successful.

Clearly, this argument is neither a valid deductive nor an inductive argument
and the so-reconstructed explanation fails. But there is an obvious (trivial) way to

fix it by introducing a further premiss>:

(3) If F assumes A and A is unrealistic then F is not successful.

Now, (1), (2) and (3) entail (C), indeed, and the argument is valid. But is it
sound? Premisses (1) and (2) are true according to the problem’s definition. And
number (3)?

10.3 Criticizing the unrealistic-assumption explanation

This section’s argumentation aims at showing that (3) is not true and the above
reconstruction of the unrealistic-assumption explanation fails. The main work has
already been done by somebody else whose results will be presented here. This
person is Larry Laudan and the work we refer to is his well-known pessimistic
meta-induction (see Laudan, 1981)*.

The background of Laudan’s work is quite different from ours: In the last
decades, one of the predominant debates in philosophy of science has been the

2 See for instance Salmon (1989, p. 174).

3 Adding this premiss does not force us to subscribe to a certain conception of expla-
nation more specific than the inferential one. Lycan (2002, p. 411) lists five different
paradigms of explanation: subsumption, showing-to-be-expected, causal, filling-the-gap-
in-understanding and reduction where the last may be omitted in our context. By altering
the comment that we give to (3), our explanation can be attributed to any of the remaining
four paradigms. If we consider (3) as a general regularity, it is an explanation by subsump-
tion. Were (3) an empirically successful regularity, (C) would be shown to be expected. If
(3) is an acceptable statement, the explanation would fill a gap in understanding by show-
ing up inferential relationships. And finally, (3) may even be interpreted as stating a causal
relationship: If F assumes A and A is unrealistic, then A’s falsity causes F to fail. (Under
this lecture, an implicit fourth premiss is involved.) In sum, and this underlines the gen-
erality of the inferential conception, we may remain neutral with respect to the alternative
accounts of explanation.

Page numbers according to the reprint in Papineau (1996).
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quarre] about scientific realism, i.e. the thesis that our best scientific theories are
at least approximately ‘true’> and do properly refer. In the 1970s, some philoso-
phers, Hilary Putnam (Putnam, 1975) first and foremost, proposed an important
argument in favor of scientific realism: the so-called no-miracle argument. It
claimed that scientific realism is the best (because: only) explanation of the suc-
cess of science and that its success will remain a miracle under any other account
of science. Laudan (1981) presents a striking attack of this no-miracle argument.
His strategy is to show that scientific realism does not explain the success of sci-
ence at all. It is not his whole reasoning we are interested in but rather one partic-
ular step: the disproof of the claim,

(T2) If a theory is explanatorily successful, then it is approximately true. (p. 118)

A theory’s success is, however, not limited to giving satisfactory explanations.
More general, a theory is successful “if it makes substantially correct predictions,
if it leads to efficacious interventions in the natural order, and if it passes a battery
of standard tests” (Laudan, 1981, p. 111). Under this reading, (T2) turns out
to be the general version of the contraposition of (3). This raises the hope that
Laudan’s disproof of (T2) may also establish the falsity of (3) although it does
not necessarily do so. From a logical point of view, his argument is as simple as
effective: It just consists in many counter-examples. A counter-example to (T2)
is a theory that is successful but not approximately ‘true’. Given that genuine
reference is — at least for the realist — a necessary condition for truth, it suffices
to enumerate successful theories that fail to refer.

Now, what the history of science offers us is a plethora of theories that
were both successful and (so far as we can judge) non-referential with
respect to many of their central explanatory concepts. (Laudan, 1981,
p. 121)

Having discussed the ether-theories of the 19th century as a first example in some
detail, Laudan extends his list of counter-examples:

the crystalline spheres of ancient and medieval astronomys;

the humoral theory of medicine;

the effluvial theory of static electricity;

‘catastrophist’ geology, with its commitment to a universal (Noachian)
deluge;

the phlogiston theory of chemistry;

5 In a metaphysical sense.
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the caloric theory of heat;

the vibratory theory of heat;

the vital force theories of physiology;
the electromagnetic ether;

the optical ether;

the theory of circular inertia;

theories of spontaneous generation.

This list, which could be extended ad nauseam, involves in every case
a theory that was once successful and well confirmed, but which con-
tained central terms that (we now believe) were non referring. [...]
But we need not limit our counter-examples to non-referring theories.
There were many theories in the past that (so far as we can tell) were
both genuinely referring and empirically successful which we are none
the less loath to regard as approximately true. (pp. 121f.)

For Laudan’s examples are theories (i) that involve — relative to nowadays ac-
cepted theories false and thus: — unrealistic assumptions, and (ii) whose success
consisted mostly and at least partly in predictive success, they are, as we hoped,
not only counter-examples against (T2) but also against 3).

This evidence against (3) may be augmented by examples taken from our own
case studies. The ideal gas law, for instance, can be derived from unrealistic as-
sumptions but has been successful for quite a long time as we saw in chapter
4. Or consider climate models! To call certain of their assumptions unrealistic
would even be an understatement. Flux adjustments introduce ad hoc assump-
tions that contradict the most basic principles of physics as energy- and mass-
conservation. But maybe climate models are no good counter-example for they
are hardly successful. The point, however, is that introducing these unrealistic
assumptions improves the overall predictive performance. In this respect, climate
models represent an even stronger counter-example than Laudan’s examples since
forecasts based on unrealistic assumptions may not only be successful but even
more successful than their realistic counterparts.

Laudan’s pessimistic meta-induction plus our own modest record of examples
altogether imply that unrealistic assumptions do not explain forecast failure the
way suggested in the preceding section.

6 Notice that they are also counter-examples against (3) in any of its different readings ac-

cording to footnote 3.
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10.4 An alternative explanation involving unrealistic assumptions

The failure of the explanation outlined above does of course not imply that any
explanation involving unrealistic assumptions necessarily fails. In fact, what I
want to show in the remainder of this chapter is that unrealistic assumptions do
have a role to play in explaining forecast failure as well as in improving fore-
casts whereas both are closely related. While simply stating that a forecast’s as-
sumptions are false is not sufficient for explaining forecast failure, a (modified)
unrealistic-assumption explanation, in order to be successful, has to show addi-
tionally in how far the false assumptions were responsible for the forecast’s fail-
ure. A more detailed case study about a once successful theory involving unrealis-
tic assumptions and its improvement shall pace the way to a better understanding
of how such a modified unrealistic-assumption explanation might work.

The case we will have a closer look at is the ideal gas law. It had been consid-
ered as empirically quite successful in the first half of the 18th century although
some deviations from this law were known by then.” In the mid of the 19th cen-
tury, Rudolf Clausius showed that it can be derived within a molecular-kinetic
theory of heat. In order to deduce the ideal gas law, serious simplification, i.e.
unrealistic assumptions, have to be made. Namely,

Al) Molecules are Newtonian mass-points without volume, in particular, there
are no collisions between molecules.

A2) There are no inter-molecular forces.

When applying Newtonian mechanics to these mass points, the ideal gas law can
be derived with some further assumptions as the following reconstruction of a
textbook-deduction demonstrates.

Let us set the stage: Consider a cubic box with edge-length @ and a coordinate system parallel
to the box’s edges. The box shall be filled with N homogeneously distributed molecules of a
certain gas with molecular mass m. These molecules are moving around whereas the velocity-
distribution is assumed to be isotropic. This means: For any two directions and any given speed,
there is the same number of molecules flying with this speed in both directions.

Our first and principal task is this: to calculate the momentum exerted on the right side wall
perpendicular to the z-axis by impacts of molecules that hit this wall. In doing so, we only
have to consider those molecules that move towards this wall (the right-moving molecules), i.e.
those with a positive z-component of velocity. As the velocity distribution is isotropic, there
are N/2 such molecules. Let us name them: The easiest way is to number them by an index
1 = 1...N/2. Now, v(t) shall denote the absolute velocity of the ith molecule and v, (%), v, (i),
v,(%) the corresponding components.

7 See chapter 4.
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Figure 10.1: Ilustrations of the molecular kinetic deduction of the ideal gas law.

As a final preliminary step, we define some structure upon the set of the right-moving
molecules. This is achieved by grouping them according to their respective speed: We de-
fine an as-fast-as relation between molecules: ¢ as-fast-as 7 iff v,(¢) = v,(j). As-fast-as is an
equivalence relation inducing a partition on the set of all right-moving molecules with velocity-
classes [v,] including all molecules with (x-component) velocity v, see figure 10.1a. Moreover,
let |v,| denote the number of right-moving molecules with speed v,.

All this said and done, we can eventually start by calculating the momentum dp,,, imparted
by the molecules in the velocity-class [v,] during a time-interval dt on the right-side wall. Each
of these molecules imparts, according to momentum conservation (assuming that collisions are
elastic), a momentum of 2mu, when it hits the wall. But how many molecules of velocity-class
[vz] do hit the wall during dt? All those that are close enough to reach the wall within dt as
illustrated in figure 10.1b. Since the molecules are, by assumption, homogeneously distributed,
this is the fraction v, - dt/a of all molecules in [v,],

Vg - dt
a

dp, = Joa]) 2o,

#of hitsindt

= Z - v5{2)

i€lvg]

The total momentum imparted on the wall in dt is the sum of the momenta imparted by the
molecules of each velocity class,

dp zzdpvz
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2m-dt .,
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Where 5_, sums over all N/2 right-moving molecules. Next, we have to consider the other
velocity-components. Because the velocity distribution is isotropic (all directions are equiva-
lent), the squared velocities sum up to the same number for each component,

sz(i)2 = Zvy(i)2 = sz(i)z.
By applying Pythagoras, i.e.
Vi o(i)? = 0.(5)% + v, (5)% + v, ()2,

we obtain,

S = 33w
- 1)

where 2 is the mean square velocity of the molecules. Substituting this into (10.1) yields,

_ 2m'dtl(11\rﬁ)

a 3\2
t —
= %—(Z—N-mv2 (10.2)

As the situation is perfectly symmetric, this is the momentum imparted on any of the six
walls of the box. From now on, the derivation is straightforward. Since force is the time-
derivative of momentum, (10.2) allows us to calculate the force acting on each wall,

dp 1 /1dt —
== =_"(=ZN.m
dt dt(3a m“)
=§-%N~mﬁ.

The pressure P of the gas is the force divided by the area upon which it acts, namely the
wall’s area a - a, thus

F 11 —
=L 2 N.m
a? 3ad m

And because a? is the box’s volume V this can be arranged to,
1 —
PV = §N - mv?.

Finally, the application of the molecular kinetic theory of heat, namely the identification
of (absolute) temperature 7" with mean kinetic energy of the substance’s molecules: Setting
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1/2mv? = 3/2kT where k is a constant (the so-called Boltzmann constant), we obtain the ideal

gas law,
PV = NEKT,

or, defining the universal gas constant R as the product of k£ and the number of molecules per
mol (Avogadro’s number, N,),
PV =nRT, (10.3)

with n denoting the number of moles.

As mentioned above, deviations from the ideal gas law were already known
when Clausius presented his molecular-kinetic deduction. However, empirical
evidence against the ideal gas law grew significantly in the second half of the
19th century due to the works of Andrews, Amagat and Cailletet. As a response,
van der Waals proposed a modified gas law that was supposed to be compatible
with the empirical evidence. But it is a philosophical commonplace that there are
infinitely many alternative (gas) laws that are compatible with the necessarily lim-
ited amount of data. So how did van der Waals choose among the alternatives? At
this point, the unrealistic assumptions of the ideal gas law (A1) and (A2) became
extremely helpful. Van der Waals dropped those assumptions, replaced them with
new ones, and modified the gas law accordingly. In particular, he assumed that

A1’y Molecules have a specific volume V).

A?2') There are attracting inter-molecular forces.

(A1) entails that the free volume, i.e. the volume a molecule can occupy, is not
equal to the container’s volume as molecules may not overlap each other. Since
each molecule blocks a space roughly equalling four times its own volume, the
free volume is,

Viee = V — 4NV = V — ndN,Vag = V — b (10.4)
=:b

Van der Waals maintained that what the ideal gas law actually talks about is the
free volume and the latter must be substituted to V.

In addition, (A2’) implies that molecules are slowed down shortly before hit-
ting the walls (and thereby inducing the pressure). Also, such hits do occur less
frequently than under the absence of any inter-molecular attraction. Consequently,
the observed pressure is less than the pressure as determined by the ideal gas law.
Van der Waals proposed the following correction term involving a further param-
eter a,

2
p="RT = (10.5)
‘/free \V y

correction
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Taking (10.4) and (10.5) together yields the van der Waals equation,

2
(P + ﬁv’%)(v — nb) = nRT. (10.6)

These modifications of the ideal gas law not only led to better predictive perfor-
mance but also explained the ideal gas law’s failure. First of all, for high volumes
and low pressures, the ideal gas law is the limiting case of the van der Waals
equation. This follows from the fact that (A1) and (A2) are fairly correct approx-
imations for high volumes and low pressures. However, with rising pressure and
decreasing volume, inter-molecular forces and the molecules’ volumes may no
longer be neglected. The modified theory seems to explain the ideal gas law’s
success as well as its failure. This becomes strikingly clear when we calculate the
ideal gas law’s forecast error by making use of the van der Waals equation! Let
us assume that (10.3) is used to predict the temperature of a gas submitted to ever
growing pressure. Consequently, the predicted temperature is,

PV

TF =——
nR’

whereas the correct value according to (10.6) equals,

T = (P+ V2)(V—nb).
This allows us to determine the forecast error,
PV 1 an?
=TF T = - (P+ V —nb
‘ na LA
an bn
= — 1)). 10.7
=P+ 27— 1)) (10.7)

which is growing in P and declining in V. Hence, we did not only explain the
predictive failure of the ideal gas law in general but also its quantitative forecast
€1TorS.

Let us look back at the last main steps of our case study to understand what
exactly ensures that this kind of explanation explains, and where the difference to
the unrealistic-assumption explanation we discussed in the previous sections lies.
As afirst step, the unrealistic assumptions were refuted and replaced by alternative
assumptions which, in turn, induced an alternative model, M. Forecasts based on
M, and thus on the modified assumptions, were more successful than the original
ones. Finally, and this seems to be the most important thing, M explained (im-
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plied) the failure of the forecasts based on the old assumptions. The general form
of the explanation is,

(1) F assumes A.
(2) A is unrealistic.
(3’) The model M warrants: If a forecast assumes A, then it brings
about systematic forecast errors.
(4) M is (accepted as) true.
(C) THuUS: F brings about systematic forecast errors.

Having a closer look at this explanation, we realize that (2) is no longer needed!
Indeed, the explanation does not really seem to be an unrealistic-assumption ex-
planation but rather looks like an explanation of forecast failure conditional on
a certain model M. However, if we take it for granted that a true model does
not bring about systematic forecast errors, then (3’) and (4) imply (2), presup-
posed that M has to assume either A or not-A. Although A being unrealistic is no
premiss which is needed for the argument to be valid, it is a necessary condition
for its soundness, i.e. for its premisses to be true. In this sense, we have finally
identified a type of successful unrealistic-assumption explanation. It is, however,
much more sophisticated and demanding than the explanation-type we discussed
originally.

Let us finally apply our findings to macroeconomics: The unrealistic assump-
tions of economics do not per se explain macroeconomic forecast failure. A sat-
isfying unrealistic-assumption explanation analogous to the above type would re-
quire a model that modifies these assumptions, that gives rise to (at least relatively)
successful predictions and is therefore accepted as true, and that explains why the
original assumptions are responsible for macroeconomic forecast failure. But such
an empirically adequate alternative to classical economics is yet to emerge. How-
ever, this still leaves room for other successful explanations of macroeconomic
forecast failure which involve unrealistic assumptions. And to the extent that the
explanations discussed in the previous chapters refer to problematic assumptions
underlying some macroeconomic forecasts as for instance the low complexity of
predictive models or the imprecision of the predictive data, even they might be
considered as unrealistic-assumption explanations in the widest sense, too.
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Chapter 11

Consequences for traditional decision
making

Summary

Traditional accounts of rational decision making cannot be applied in the field
of macroeconomic policy-making because macroeconomic forecasts fail consis-
tently. Having elaborated a minimalist notion of instrumental rationality, this
chapter shows in particular that neither the deterministic nor the probabilistic ac-
count of rational choice can be applied. Furthermore, rational decision making
cannot be based on causal knowledge, either. Eventually, macroeconomic policy-
making is characterized as decision making under uncertainty and ignorance.

11.1 Instrumental rationality

The concept of (instrumental) rationality is at the heart of our private and so-
cial lives. It has a guiding function, and is structuring our individual as well as
on collective behavior by providing a procedure for deliberate choice between
alternative actions'. In its most general version, this procedure consists in assess-
ing the logical connections between alternative choices on the one side and the
agent’s background knowledge? on the other. A choice is rational if and only if it
is consistent with the background knowledge. This abstract definition represents
a logico-semantical account of rationality since it only takes the logical relations
between a strategy’s description and some assumed background knowledge into
account.

In so far as we can ascribe some shared background knowledge to a group
of agents, this account does not only apply to individual but also to collective

1
2

Or ‘strategies’, as I will say below.
Including descriptive as well as normative beliefs.
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decision making. It is thus not merely an analysis of individual rationality. We
do for example apply the above definition of rationality to group decisions when
evaluating the policy of ‘the’ US-administration ex post (“Why do they oppose the
ICJ?" — “They probably belief that ... "), or deliberate what a government should
do. Still, we have to assume a homogeneous body of background knowledge
and our account of rationality does not provide a procedure for collective rational
choice, if multiple agents disagree with respect to their background knowledge.
In the light of this constraint, we give an account of “atomistic rationality” (Jaeger
et al., 1998).

Qur logico-semantical approach implies that it depends on a decision’s de-
scription, its interpretation whether it is rational or not; for not the strategy as
such but only its description is logically connected with other statements. As long
as the problem is sufficiently simple, descriptions are definite; for complex strate-
gies, however, several distinct descriptions might be appropriate ~— an observation
which will be taken up in chapter 13. For the time being, we shall assume that the
strategies’ descriptions are given unambiguously.

If a strategy is rational (to adopt) as long as it is consistent with an agent’s back-
ground knowledge, the idea of rationality can fulfill its guiding function only if the
strategies on the one hand and the agent’s background beliefs on the other hand are
not logically independent. Otherwise, the decision for any strategy would be com-
patible with her beliefs, which would not be very helpful for making a choice. The
background knowledge must therefore include statements which connect strate-
gies and beliefs. 1 will call such statements bridge-principles. Bridge-principles
differ in connecting different fypes of beliefs to strategies, and hence make spe-
cific requirements regarding the background knowledge. Unless these epistemic
requirements are fulfilled the alternative strategies will be logically independent
from the agent’s beliefs in spite of the bridge-principle, and again the idea of ra-
tionality cannot fulfill its normative function. The sections below will classify and
analyze different procedures of rational decision making according to the bridge-
principles involved. I will argue that, given the limits of economic forecasting, the
epistemic requirements of standard patterns of rational conduct are unsatisfiable.

Before doing so, let us see how the above definition of rationality relates to,
agrees with and differs from other explications of this important idea. Suppose
that we had sufficiently strong and satisfiable bridge-principles so that in every
relevant decision making situation only one alternative strategy is consistent with
the background beliefs and thus rational. Under such circumstances, a decision
for a certain strategy is rational if and only if the strategy can be deduced from
the agent’s beliefs, including the bridge-principles, i.e. if there is a warrant for
it. Now, what if one redefines rationality accordingly? Clearly such a warrant-
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definition of rationality is stronger than our above definition. In particular, it im-
plies that there is (at most) one rational choice for any decision problem. Yet
that seems too strong an implication for there are situations such as chance games
where alternative, mutually inconsistent strategies are, according to our intuitions,
rational — at least not irrational. Facing such counter-examples, the warrant-
definition might be saved by claiming that the categories of ‘rational’ and ‘irra-
tional’ decisions are not collectively exhaustive: Accordingly, a decision is ratio-
nal if it is warranted by the agent’s beliefs, it is irrational if it is inconsistent with
the agent’s beliefs, and it is neither rational nor irrational if it is consistent with
but not deducible from the background knowledge.

The warrant-definition comes quite close to Habermas’ explication of instru-
mental rationality. However, Habermas does not only require the action to be
warranted but also the belief on which it is founded, for instance the assumption
that the action is efficient,

A purposeful action is the more rational, the better the associated claim
for efficiency can be justified. (Habermas, 1981, p. 27)

Whereas Habermas connects the rationality of a decision to the warrants for the
underlying assumptions (pp. 26f.), our definition of rationality merely requires
the strategy to be consistent with the agent’s beliefs irrespective of whether the
beliefs are warranted or not. This allows us to distinguish two questions: ‘Is
the decision rational?” and ‘Is the decision founded on correct beliefs, i.e. are
the underlying assumptions justified, are the epistemic requirements met?” Both
questions are legitimate and important when evaluating alternative strategies and
we might very well criticize a decision on the grounds that it rests on questionable
beliefs (although, given these beliefs, it is perfectly rational).

Compared to these alternative notions of instrumental rationality, our definition
can be termed a minimalist one. Adopting the minimalist definition in the course
of the following investigations is justified for two reasons: First of all, rational
decision making in the minimalist sense calls for an applicable bridge-principle,
which is also a requirement of rational decision making in any stronger sense.
Hence, if in some domain, as for instance economic policy-making, decisions can-
not be taken according to the minimalist definition because no bridge-principle is
available, rational decision making is not possible in any sense at all. Secondly,
it shares the virtue of all minimalist definitions by allowing us to formulate more
fine-grained questions. Accordingly, we can distinguish between a decision be-
ing rational (given some background knowledge) and its being based on justified
beliefs.
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Figure 11.1: The - and the (3-tree, representing epistemic situations which are required by the
standard and the probabilistic pattern of rational conduct respectively.

11.2 The standard pattern of rational conduct

The bridge-principle and its epistemic requirements

The classical pattern of rational decision making is defined by the following bridge-
principle:

Bridge-principle 1 (Standard pattern) If strategy s leads to the most desired
world-state w of all possible world-states that could result from some strategy,
then the rational agent implements s.

Consider as an illustration a decision by the Federal Open Market Committee
to buy or sell federal funds in order to maintain interest rates at its target rate.
In this example, the desired world-state is described by the target rate, and the
alternative strategies are to buy or to sell federal funds, or not to intervene in
the market. Given the knowledge of how the market intervention influences the
interest rate, the bridge-principle BP1 unambiguously determines the strategy to
chose.

The principle BP1 connects decisions on one side with beliefs about alterna-
tive strategies, their (certain) consequences, possible world-states and preferences
between them on the other side. Hence, it makes the following epistemic require-
ments:

(i) The agent has to know the set of alternative strategies S = {s1, s2...}.

(ii) The agent has to know the set of possible world-states W = {wy, w;...}.

(iii) The agent has to have consistent preferences between the possible world-
states so as to label one of them the most desired one. (An utility function might
serve as a shortcut for such a preference relation.)

(iv) The agent has to know the conditional forecasts for all strategies (these can
be summarized in a mapping from S to W).
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The left-hand graph in figure 11.1 represents the epistemic requirements of
BP1. It will be referred to as a-tree in the following.

If the standard pattern is applicable, that is all requirements (i) to (iv) are
satisfied, the unique rational decision can be deduced.* The ‘problem’ can be
‘solved’, and rationality can hence fulfill its guiding function. Notice finally that
the standard pattern requires normative judgment in the form of preferences be-
tween world-states. That is why the whole decision requires more than calculation
and deduction, although, given the epistemic requirements, finding the rational de-
cision is simply a technical task.

Unfulfilled requirements in economic policy-making

Are the epistemic requirements (i)-(iv) satisfied in the case of macroeconomic
policy-making? I maintain that this is not the case. The reason is that we do not
have credible macroeconomic forecasts conditional on alternative policy-strategies
(requirement iv). This has yet to be shown for so far, i.e. in the first two parts of
this study, we have just seen that and explained why categorical macro forecasts
fail. However, in the course of the introduction I argued already that conditional
forecasts are only credible if the corresponding categorical forecasts are so (see
p- 11 above). As a consequence, conditional macroeconomic forecast are not
credible either.

Although I consider the preceding argument as conclusive, I want to put for-
ward a further reasoning that undermines the possibility of policy-relevant condi-
tional macroeconomic forecasting. In order to avoid confusion, note that we are
not talking about conditional forecasts in general but about very specific condi-
tional forecasts — genuine policy conditional forecasts that predict what would
happen were a specific policy-measure adopted. Now, consider the following
methodological argument which draws an analogy: Genuine CFs are produced
by the same methods that are used for categorical macroeconomic forecasting.
But these methods largely fail to generate successful categorical forecasts. So,
in analogy, macroeconomic CFs are (probably) incorrect, too. Eventually, all the
explanations of forecast failure of part 2 directly apply to genuine conditional
forecasts, t00.*

However, the fact that positive macroeconomic CFs are not credible does not
imply that this holds for negative conditional point forecasts, too. And indeed,
that seems not to be the case. It is for instance certainly possible to correctly

®  Notice that we have to make the implicit assumption that two different strategies do not lead
to one and the same future world-state. This is quite reasonable, for even those strategies
which seem to bring about the same consequences usually differ in some minor side effects
they cause.

This kind of argument will be vital for the reasoning in the next section.
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predict that GDP will not grow by 12% if a government introduces an obligatory
minimum holiday of two months for every employee. So, negative conditional
macroeconomic forecasting appears to be quite feasible — but that does not safe-
guard the standard pattern of rational conduct.

We have seen that the standard pattern of rational conduct as defined by BP1
cannot be applied to macroeconomic policy-making because the epistemic re-
quirement (iv) is not satisfied. In the literature on uncertainty, for example in
the writings of Funtowicz and Ravetz that will be discussed in chapter 13, the
absence of agreed-upon aims and values plays a role as important as the lack of
credible CFs. What I want to demonstrate now is that this uncertainty about val-
ues might simply result from a lack of credible forecasts: The lack of correct
CFs can always be reconstructed as an uncertainty about aims (condition (iii)-
problem) and what appears to be a normative problem (“We do not know what
we want.”) sometimes really is a problem of limited foreknowledge.’ To under-
stand this, consider the above example of the Fed’s monetary policy. Assume
that we have no credible CFs that tell us how a change in interest rates influences
inflation and growth. On the other hand, the Fed knows very well which open mar-
ket interventions to perform in order to attain a certain interest rate. Now, if we
consider the different open market interventions as alternative strategies and the
possible future macroeconomic conditions as world-states, condition (iv) is not
satisfied whereas condition (iii) is: The Fed aims at moderate, stable inflation and
high growth rates. However, if we consider short-term ahead world-states instead
which basically differ with respect to the interest rate, conditional forecasts that
map the open market interventions into these world-states are available (condition
iv) but the Fed does not have clear preferences between the world-states, hence
condition (iif) is unsatisfied. In that second case, it seems as if the Fed merely has
a ‘normative’ problem and must simply make up ‘its mind’ about what it wants.
This, of course, is a fallacy; the apparent uncertainty about aims is deeper rooted
in an uncertainty about consequences and outcomes. That is also true for the sim-
ilar case of targeting a global CO2-concentration (see IPCC, 2001a, pp. 612ff.)
as well as for many other examples. Generally, such a confusion might lead to
an overestimation of the importance of uncertainty about values (which certainly
exists to some extent).

Our conclusion that epistemic requirement (iv) of the standard pattern is not
met seems to be challenged by the following subversive question: Are subjective
beliefs about the consequences of alternative strategies not enough to apply BP1
and to make a rational decision? This is certainly possible and such a decision

3 An observation that will indeed be useful for the reconstruction of some procedures dis-

cussed in the next chapter.
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would be rational according to our definition. However, we have seen earlier
that a rational decision might still be criticized for being based on unjustified,
questionable assumptions. And that is exactly the case if it is based on subjective
beliefs. Thus we are fully entitled to criticize for instance a government which
bases its policy decisions on wishful thinking instead of credible CFs.

Up to this point we rather imprecisely said that the standard pattern cannot be
applied to macroeconomic policy-making in general. However, not virtually every
macroeconomic policy-measure is necessarily affected by what we have said so
far. We will complete this section by explicating which kind of macroeconomic
policy-questions cannot be tackled by the standard approach.

First of all, any policy-measure that is meant to alter the economic output is
concerned. For applying the standard pattern to such a problem requires condi-
tional growth-forecasts. Hence, tax-cuts, for example, public investment programs
or any other policy that is meant to boost the economy may not be dealt with as
proposed by the standard pattern of rational decision making. Secondly, policies
that are to influence price levels cannot be determined by the standard proce-
dure. For these obviously require conditional inflation forecasts — which we do
not have, either. This mainly poses a challenge for the central banks. Thirdly,
many economic policy-measures which are not meant to alter the output indi-
rectly rely on GDP-forecasts, since they, according to the standard pattern, require
a conditional forecast which is in turn based on an categorical co-prediction of
GDP. Consider for example fiscal policies which are supposed to consolidate the
government budget. The conditional forecasts which predict tax-revenues con-
ditional on alternative taxing-schemes or -rates seriously depend on categorical
GDP-forecasts, and insofar as we do not have credible GDP-forecasts, we do not
get credible conditional tax-revenue-forecasts either. For the same reason, poor
performance of growth forecasts poses a problem to monetary policy, too. And
even long-term structural reforms of the pension system, the public health system
or the labour market cannot be managed according to the standard pattern as the
corresponding conditional forecasts rely on categorical, sometimes even condi-
tional co-predictions of GDP.

Finally, there might be some ‘economic’ policies which fall in neither of these
categories and to which the standard pattern could be applied irrespective of ma-
croeconomic forecasts’ performance. Some types of environmental regulations or
policies to foster innovation and development of new technologies might be of
this kind. Of course, these policy-fields might be (and probably are) governed by
other uncertainties so that the standard pattern cannot be applied there either. We
have never claimed that uncertainties about economic growth and inflation are the
only relevant ones for policy-making.
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11.3 The probabilistic account of rational decision making

The bridge-principle and its epistemic requirements

If not according to the standard pattern, maybe rational decision making in macroe-
conomic policy areas is possible according to a probabilistic account. The stan-
dard bridge-principle applied in economics and rational choice theory in cases of
uncertainty is,

Bridge-principle 2 (Expected utility maximization) The rational agent adopts
that strategy s; which maximizes expected utility.

The expected utility of a strategy s; is defined as,
EU(s;) = paU(wi) + paU(wq) + . ..

with p;; = P(wj|s;) denoting the probability that outcome w; results from im-
plementing strategy s;.5 The utility function U() represents a shortcut for both
the agent’s preferences between different outcomes as well as his risk preferences
(see Jaeger et al., 1998, pp. 153ff.).

Let us consider monetary policy as an example, again. Assume the Federal
Open Market Committee had to decide whether to change its target rate or not. If
utility is supposed to be a function of inflation and GDP, and the probabilities of
all possible outcomes (combinations of GDP and inflation) are given for all strate-
gies (target-rates), then the optimal strategy which maximizes expected utility can
be calculated. If the decision problem is simple enough in terms of alternative
choices and possible outcomes, the optimal decision might even be deduced non-
quantitatively as the following example shall illustrate. In June 2003, the Fed
justified a decision to decrease interest rates as follows,

The Federal Open Market Committee decided today to lower its target
for the federal funds rate by 25 basis points to 1 percent. |[...]

The Committee perceives that the upside and downside risks to the at-
tainment of sustainable growth for the next few quarters are roughly
equal. In contrast, the probability, though minor, of an unwelcome sub-
stantial fall in inflation exceeds that of a pickup in inflation from its
already low level. On balance, the Committee believes that the latter
concern is likely to predominate for the foreseeable future. [Fed Press
Release, June 25, 2003]
Thus, what we deal with is for example not the probability that there are few malaria-deaths

conditional on the fact that there are few blankets in the barracks, but the probability that
there are few malaria-deaths conditional on the fact that the doctors burn the blankets.

6
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In the rational reconstruction of the Fed’s decision, utility will be considered
as a function of inflation only.7 Now, if we assume that

(a) there are three alternative strategies, namely to increase the target rate (s;),
not to change it (s9), or to lower it (s3);

(b) each strategy might result in a “pickup in inflation” (w;), roughly stable in-
flation (w9) or “an unwelcome substantial fall in inflation” (wj3) while there
is a trade-off between pickup and fall; specifically we assume that,

Il

P(pickup|s;) + P(fall|s;) P(pickup|sq) + P(fall|ss)

= P(pickup|ss) + P(fall|s3);
(c) the utility function satisfies U(fall) < U(pickup) < U(stable);

(d) the conditional probability of a fall in inflation is higher than the conditional
probability of a pickup for all strategies whereas the difference between both
probabilities is minimal for the strategy s3;

it follows with BP2 that the rational agent adopts the third strategy.

According to the trade-off condition (b),

D31+ P33 = Pa+ Pas
< P31 — P21 P23 — Pas,

Ml

where p;; := P(w,|s;}. With (c), this yields

(P31 — pa1)U(pickup) > (pas — pss)U(fall)
< pa1U(pickup) + pssU(fall) >  poiU(pickup) + pogU{fall).

As p3y = pao, it follows from the definition of expected utility that the expected utility from
the third strategy is greater than the expected utility from the second one. A similar argument
shows that the third strategy is also superior to the first one.

This exercise was not supposed to clarify the actual decision process of the
Fed but to illustrate that a qualitative deduction of an optimal solution apparently
requires strong assumptions and is therefore limited to sufficiently simple cases.
Generally, numerical estimations of the specific probabilities are required for the
calculation. But even in our simplistic case we probably cannot get along without
such numerical estimations because they are what the assumptions (b) and (d)
ultimately have to be based on.

7 Omitting the growth aim seems to be justified since “upside and downside risks” are judged

to be “roughly equal”.
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The bridge-principle BP2 establishes logical connections between decisions on
the one hand and beliefs about the possible outcomes of different strategies, the
conditional probabilities of such outcomes and preferences between them on the
other one. It makes the following epistemic requirements:

(i’) The agent has to know the set of alternative strategies S = {s1,52...}.

(ii’) The agent has to know the set of possible world-states W = {w;,ws...}.

(iii’) The agent has to have consistent preferences between the possible world-
states as well as risk preferences. (An utility function might represent these pref-
erences.)

(iv’) The agent has to know the conditional density forecasts for all strategies,
or, the other way around, the probabilities of the possible world-states conditional
to the different strategies.

The [-tree in figure 11.1 represents the epistemic requirements of the proba-
bilistic pattern of rational conduct. As for the standard pattern, the one and only
rational decision can be calculated if the epistemic requirements are met. Its major
advantage compared to the standard pattern is obviously that it no longer requires
perfect foresight. On the opposite, it can be applied under uncertainty as long as
reliable conditional probability forecasts are available. We will subsequently re-
fer to such situations in which probabilities can be assigned to possible outcomes
as decisions under risk in accordance with the terminology proposed by Knight
(1921),

It will appear that a measurable uncertainty, or ‘risk’ proper, as we shall
use the term, is so far different from an unmeasurable one that it is not
in effect an uncertainty at all. We shall accordingly restrict the term
‘uncertainty’ to cases of the non-quantitative type. (p. 20)

Let us finally notice how closely BP1 and BP2 are related: BP2 not only applies
to cases where BP1 no longer applies, but it also applies to all cases where BP1
does. In these cases, BP2 reduces to BP1 so that the latter is in fact a special case
of the former.

Unfulfilled requirements in economic policy-making

Are the epistemic requirements of the probabilistic pattern fulfilled in the field
of macroeconomic policy-making? Although these requirements are weaker than
those of the standard pattern, they are not satisfied either. While the crucial re-
quirement under certainty was (iv), the crucial requirement under risk becomes
(iv’), namely the availability of credible conditional probability forecasts (CPF).
In the preceding parts of this investigation, we have hardly dealt with probability
forecasts so that an argument is needed which links the failure of macroeconomic
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point forecasts and their explanation to the impossibility of probabilistic forecast-
ing. The following general claim is at the heart of my argument: The explanations
of macroeconomic forecast-failure entail the failure of density forecasts. Almost
all the problems CFs face and which were identified in part 2 are also virulent for
CPFs, as we shall now see.

External effects (chapter 5). Many of the external effects an economy’s devel-
opment depends upon are not predictable. Even worse and what matters here, not
even the probabilities of the possible outcomes are known. What is the probability
that the civil war in X-land will end by Christmas? What is the probability that
some scientific invention will revolutionize the way we produce Y-components?
As these situations are anything but well-understood, shielded nomological ma-
chines and we have no probabilistic models to adequately describe them, we are
not in a position to generate credible CPFs.

Data (chapter 6). Poor data quality does not necessarily represent a problem for
probability forecasting: If GDP-data, for instance, were given as an objective den-
sity function rather than a point figure, point-forecasts would automatically evolve
into density forecasts and thus give rise to PFs. But that is not the case. And we
might doubt that it even could be the case: As we have seen, the statisticians them-
selves characterize the production of GDP-data as a rather creative process. This,
however, means that any probability distribution quantifying the data imprecision
would merely reflect the statisticians’ subjective probabilities instead of objective
probabilities.

Reflexiveness (chapter 7). No matter whether the published forecast is a prob-
abilistic one or not, it enters into the expectation forming process of the economic
agents as a new datum and therefore potentially alters its very object. Reflexive-
ness thus is as much an obstacle to probabilistic as to non-probabilistic forecast-
ing.

Sensitive dependence on initial conditions (chapter 8). SDIC as such does not
rule out probabilistic forecasting. If the probability distribution of the initial con-
dition’s error is given, we, or our computer, might very welli calculate a density
forecast. However, SDIC is like a lens which magnifies errors in the probability
estimation. Assume that we had reliable probability estimations for most initial
conditions except for some minor parameters. Maybe, they could have been ne-
glected if the system were linear, but under SDIC, these minor parameters might
be crucial and the shape of the forecasted density function might very much de-
pend on their probability distribution. This is why SDIC magnifies all the obsta-
cles discussed in part 2. In addition, the fundamental limit of predictability in
terms of a maximum forecast horizon derived in section 8.1 applies (primarily,
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indeed) to probability forecasting as well.®

Simulation (chapter 9). As we have explicitly discussed, probability forecast-
ing which makes use of simulations requires the availability of a reliable simula-
tion. We do not have such reliable economic or climate simulations at our disposal
and the simulations actually performed do not give rise to credible probability
forecasts.

Concluding the previous paragraphs, the explanations of macroeconomic fore-
cast failure imply a failure of conditional probability forecasts, too. Hence, the
epistemic requirement (iv’) of the probabilistic pattern of rational conduct is not
satisfied in the field of macroeconomic policy-making and the principle BP2 can-
not be applied.

In analogy to the non-probabilistic case, this does not exclude the possibility
of negative probability forecasting. More specifically, if some negative point fore-
casts are credible, so are some negative probability forecasts, too.” For every neg-
ative point forecast implies a negative density forecast, namely the forecast which
rules out any density function which attributes non-zero probability to the event
excluded by the negative point forecast. Thus, negative probability forecasting is
possible to the degree that we can rule out density functions which attribute non-
zero probabilities to impossible outcomes. On the other hand, these are the only
density functions we can rule out. The arguments against probabilistic forecasting
imply that we can forecast the objective probabilities of the possible outcomes
neither positively nor negatively in a credible way.

A critical question one faces at this point of the argumentation is: ‘Very well,
you’ve shown that we won’t get objective probability forecasts. But aren’t sub-
jective probabilities sufficient to apply (Bayesian) decision theory?” Subjective
probabilities are estimates of probabilities which are not necessarily justified in
any way but which merely represent an individual’s subjective degrees of belief.
The answer thus is similar to the one we gave in the previous section: Of course,
BP2 and the whole apparatus of EU maximization can be applied if subjective
CPFs are given. And by doing so, one might derive the one and only rational de-

&  Hitherto, I have assumed that probability forecasts are derived from a model with a deter-

ministic dynamic and initial probability distributions of the variables. This is in fact part
of the procedure by which the Bank of England constructs its fan charts (see Britton et
al., 1998). Still, probabilities are also used to characterize a fully deterministic dynamic
system. Assuming that it is ergodic and analyzing its attractor enables one to derive the
probability that the system is in a certain subspace of the phase diagram at an arbitrary time
t+. But the crucial notion here is that of arbitrary time for this method yields objective prob-
abilities only if the time ¢* is chosen randomly by a well-understood random mechanism
from a sufficiently large time interval. Objective probabilities are introduced by random
sampling only. If one attempts to forecast the system state at ¢/, ¢’ is, however, not chosen
randomly. For a similar argument compare Gillies (2000, p. 192)

If we consider a point forecast as equivalent to a very narrow interval forecast.
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cision. But rationality is, to say it again, not the only ground on which to criticize
a decision. Knowing how well-founded the beliefs and assumptions underlying
a decision are is as important as the question of its rationality. And in the case
of subjective probability estimations, we have to ask why collectively binding de-
cisions should be based on some set of consistent probabilistic beliefs of some
individual if these beliefs lack any justification? Why, then, these and not any
other beliefs? No, if we do not know the density functions, if we do not have
credible CPFs, then there is no point in taking some subjective beliefs for granted
and pretending to possess the required CPFs. That would be (self-)deception, and
would have nothing to do with responsible decision making.

11.4 A causal account of rational conduct

The notion of conditional forecast has been one of the key concepts in the pat-
terns of rational conduct we have discussed so far. Maybe we have to change
our conceptual perspective in order to find a pattern which can be applied in eco-
nomic policy-making. Maybe the notion of conditional forecast is not at the heart
of rational decision making at all. If we succeed in setting up a bridge-principle
that does not comprehend credible conditional forecasts as one of its epistemic
requirements, then rational decision making would be unaffected by poor forecast
performance. But what could replace the central notion of conditional forecast?
An obvious candidate is the idea of causality. A bridge-principle which links
decisions with beliefs about facts and preferences by exploiting cause-effect rela-
tionships is

Bridge-principle 3 (Cause-effect) If strategy s; causes the desired world-state
w, then the rational agent implements s;.

This principle is easily illustrated: Assume the Bank of Japan (BoJ) knew that
a lower interest rate would cause the economic agents to realize more investment
projects which in turn would boost economic growth. And assume that this were
the most-desired thing the BoJ could think of. Then, in line with BP3, the rational
decision of the BoJ would be to decrease interest rates.

At first glance, the epistemic requirements of BP3 seem to be less demanding
than those of the previous bridge-principle,

(i”) The agent has to know the set of possible world-states W = {wl, wsy .. }

(ii”) The agent has to have preferences between the possible world-states which
determine a most desired state w*.

(iii”) The agent has to know which strategy s; causes w*.

In short: The agent must know what he wants and which intervention causes
what he wants. Although this seems to be satisfiable, I am going to argue that
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the requirements (i”)-(iii”") are in fact not sufficiently weaker than those of bridge-
principle 2. And insofar as the latter cannot be met in the domain of economic
policy-making, the former cannot either. I see two kinds of arguments which im-
plement this general line of reasoning; one of them is going to be fully elaborated
now, whereas I can merely sketch the other one.

Here comes the first argument. Its main idea consists in showing that any de-
cision making relevant causal claim implies negative CPFs of the kind we cannot
make in a credible way. Assume that conditions (i”’) to (iii”) were satisfied. It is
analytically true that the probability of w* given s; is either larger or strictly less
than the probability of w* given that s; is not carried out. Now, if it is strictly
less, then following the cause-effect principle of rational conduct would lead us to
adopt a decision which actually decreases the probability of the desired outcome!
That does not only sound intuitively absurd but also contradicts the principles BP1
and BP2. Hence, in such a case, BP3 is not suited for economic policy-making.
But what if the probability of w* is increased by implementing s;? If we knew
reliably that that were the case, we would be in a position to derive correct nega-
tive conditional density forecasts. In particular, we would be able to rule out all
density forecasts that do not satisfy the above probability inequality. These, how-
ever, would clearly include density functions that assign zero-probabilities to all
impossible outcomes, density functions that we cannot credibly exclude according
to the discussion in the previous section. Hence, we do not have decision making
relevant causal knowledge with regard to economic policy-making. The argument
is in brief,

(1) (i), (i1”) and (1ii”).

(2) Either P(w*|s;) > P(w*|—s;) or P(w*|s;) < P(w*|=s;).

(3) If P(w*|s;) < P(w*|-s;), then BP3 implies to chose a strategy
which decreases the probability of the desired outcome.

(4) If some principle implies to chose strategies that decrease the prob-
ability of the desired outcome, then this principle is not suited for
rational decision making.

(5) The probability inequality P(w*|s;) > P(w*|—s;) implies some
negative conditional forecasts of density functions which assign
zero probabilities to all impossible outcomes.

(6) Thus: If we have appropriate causal knowledge so as to apply BP3,
then we are in a position to establish negative conditional forecasts
of density functions which assign zero probabilities to all impossi-
ble outcomes.

(7) In the case of economic policy-making, we are not in a position to
establish such negative conditional density forecasts.
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(8) Thus: We do not have appropriate causal knowledge so as to apply
BP3 in the field of economic policy-making.

This argument makes it clear that the original intention to replace the notion
of conditional forecast by the notion of causality fails. Causality is the stronger
concept, and relevant causal knowledge implies some knowledge about negative
conditional probability forecasts we just do not have.!®

A further, second argument which concludes that (iii”) is satisfiable in eco-
nomic policy-making would consist in showing that the methods which are used
to derive causal claims in economics are in fact undermined by the very same
problems that hamper macroeconomic forecasting. Although I believe that this is
the case, I am not able to demonstrate it. Such a task would lead us beyond the
scope of this inquiry.

11.5 Uncertainty and ignorance

Our macroeconomic foreknowledge is neither adequately represented by the o-
tree nor by the S-tree. That is the reason why the standard as well as the prob-
abilistic pattern of rational conduct cannot be applied. On the other hand, we
are certainly not in a situation of complete ignorance. We definitely know more
about our economic future, e.g. things that will not happen like full-employment
by next week, than a stone-age man who came here traveling through time. The
problem sparked off by the collapse of the traditional bridge-principles is that any
decision, any strategy is consistent with this background knowledge. The idea
of rationality can no longer fulfill its normative function. And this situation will
prevail unless we find new bridge-principles that fully take account of the limits
of our (economic) foreknowledge and do not make epistemic requirements that
are not satisfiable. Or, as the IPCC wisely puts it in its (as we will see: twofold)
conclusion,

In sum, a strategy must recognize what is possible. (IPCC, 20015,
p. 774)

The presentation and discussion of such new bridge-principles is what the next
chapter is dedicated to. Yet before we can propose bridge-principles whose epis-
temic requirements can be met, we have to specify our epistemic situation. What
10

Some readers might wonder why I included the distinction in premiss (2) with this strange
second case where the realization of a cause decreases the probability of its effect. Isn’t this
a mere logical possibility only philosophers bother about? Philosophers bother about such
possibilities indeed and philosophers of science have in fact invented ingenious devices,
experimental settings (see for instance Cartwright, 1999, p. 163) where a cause is claimed
(not unobjected) to decrease the probability of its effect. That is why I included the case
distinction.
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y-tree d-tree

Figure 11.2: The +y- and the 4-tree, representing the epistemic situations of uncertainty and
ignorance.

kind of foreknowledge do we have if we have less than represented by the G-tree
and more than nothing?

So far, we have dealt with two kinds of epistemic situations: those of certainty
and risk. Now, we will add two more categories: situations of uncertainty and of
ignorance. In line with Knight’s original proposal, uncertainty refers to situations
where one knows the possible outcomes of alternative strategies without being
able to assign probabilities to the resulting world-states. In short, not probabilities
are known but merely possibilities. Under ignorance, things are even worse: Here,
we do not even know all the possible outcomes of an action. When, for example,
in the 1930s engineers and chemists invented a new kind of substance with stable
thermodynamic properties and desired safety characteristics that could be used
in a variety of industrial processes as well as in households, they did not even
dream of the possibility that these chlorofluorocarbons (CFCs) might trigger off
the depletion of the stratospheric ozone layer. Under ignorance, we might know
some possible outcomes and we might know some impossible outcomes, i.e. what
will not happen, but there are also some possibilities of which we are unaware.
This implies that there can be different degrees of ignorance which we cannot
estimate (for we cannot count possibilities we have not thought of, yet). The
epistemic situations of uncertainty and ignorance are represented by the ~y- and
the J-tree in figure 11.2.

Our simple four-fold category-system by and large agrees with more sophis-
ticated systems which have been proposed by Faber et al. (1996), Wynne (1993)
or Healy (1999). It is sophisticated enough to guide our further investigations.
In particular, our account can be reconciled with Levi’s interesting extension of
traditional rational choice theory. Levi (1980) allows for multiple permissible
probability- and utility functions to account for uncertainty. This enables him to
investigate whether a given strategy is E-admissible, i.e. maximizes expected util-
ity for some combination of the different probability- and utility functions (Levi,
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1980, p. 96). If there is a single E-admissible strategy, then this is the optimal
choice according to Levi. Now, given that we cannot rule out any density function
that assigns zero probabilities to impossible outcomes, we have to deal with situ-
ations where any such probability function is permissible. This implies in Levi’s
theory that almost!! any strategy is E-admissible and that the agent has to rely
purely on secondary criteria. Bridge-principles for decision making under uncer-
tainty are nothing but explications of such secondary criteria.

As far as our macroeconomic foreknowledge is concerned, we are in situa-
tions of uncertainty or more or less severe ignorance, depending on the specific
policy-problem. The task of the next chapter will therefore be to develop bridge-
principles that are applicable under such conditions.

Some of the bridge-principles and their patterns of rational conduct discussed
in the next chapter rely on the assumption that uncertainty or ignorance will even-
tually be reduced to risk or certainty. It would be a crucial set back for such
patterns of rational conduct if some kind of uncertainty or ignorance were irre-
ducible, indeed. The possibilities of improving one’s foreknowledge and thereby
shifting step by step from ignorance to risk shall therefore be discussed in the re-
mainder of this chapter. Two reductions have to be considered: (a) the reduction
of ignorance to uncertainty, and (b) the reduction of uncertainty to risk.

I reckon step (b) as the by far more important obstacle whereas Faber et al.
(1996) argue that there is even irreducible ignorance. So let us consider step (a)
first: Is there irreducible ignorance? First of all, I take it that whatever is phys-
ically possible can be imagined with some creative effort. There is no possible
world that we cannot imagine in principle. In this sense, ignorance can be re-
duced. However, this is rather a reduction in degree, and it does not follow that
we can actually imagine all possible outcomes, i.e. reduce ignorance to uncer-
tainty.'? Furthermore, there might be empirical reasons that prevent the complete
reduction of ignorance to uncertainty: We simply do not have enough time — let
alone cognitive capacities — to enumerate all possible outcomes. Thus, as a mat-
ter of fact, we will not always succeed in reducing ignorance and lots of decision
situations are characterized by ignorance. In addition, we can never be sure that
we have eliminated ignorance unless the situation is sufficiently simple so that we
merely have to consider a handful of quantitative variables whose combinations
make up the possible world-states.

Although there are some empirical obstacles to the reduction of ignorance,
there are apparently no fundamental limits. This is yet the claim Faber et al. (1996)
try to defend. They put forward five arguments which we can easily refute. The

1
12

To be specified in section 12.2.
Although some paintings might be imitations, it is not possible that all paintings are imita-
tions.
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first two arguments fail because of a confusion of unpredictability and ignorance.
Even if the problems of “genotypic evolution”, i.e. a change in a system’s funda-
mental structure, and “chaos” imply that the system’s behavior is unpredictable,
as Faber et al. (1996, pp. 217f.) point out, this does by no means entail that we
cannot “specify all possible future outcomes” (Faber et al., 1996, p. 210). The
next three arguments all are examples of poor philosophy of science. Consider
this,

So scientists have to accept that, despite their sharpest definitions, they
have to use words and notions which are not completely unambiguous.
From this it follows that scientific statements also can never be totally
clear and unambiguous. So we remain ignorant even if we express our
surest knowledge [...].

However, ambiguity is no obstacle to describing possible future world-states that
might result from our strategies, and is thus no obstacle to reducing ignorance.
The fourth argument starts by claiming that the “ideal scientist can derive the
entire corpus of his knowledge from [...] an axiomatic system” (p. 219). But
“we can never know the truth of our axioms”. (p. 220) That is why we “remain
ignorant at a very fundamental level of our scientific endeavor” (p. 220). Sure,
no empirical theory can be proven to be true. But what does this have to do with
imagining possible worlds? Nothing, as we do not need ‘really true’ theories to
think of what might happen if ... The most fantastic argument, however, is the
fifth one: Its main idea is in short that from “Gédels theorem we {...] know that
even closed logical systems are sources of ignorance, and this ignorance cannot in
principle be reduced” (p. 220). This clearly takes the cake! The (non-)provability
of some sentences in some formal systems has definitively no impact at all on our
ability to reduce ignorance by using our fantasy! But in some sense, finally, Faber
et al. (1996) are right: Ambiguity is a problem. It is the problem which underlies
all their fallacious arguments as they do not use the notion of ignorance in the way
they, like we, originally defined it.

So, let us have a closer look at step (b), the reduction of uncertainty to risk.
Here, we should distinguish (b1) a reduction as the ‘forecast horizon’ decreases
and new information emerges and (b2) an immediate reduction which consists in
constructing the 3- out of the y-tree. In so far as (bl) is concerned, reduction of
uncertainty due to newly available information seems to be a plausible idea. Ob-
servation 4 from part 1 which stated that macroeconomic forecast error typically
increases with the forecast horizon supports this intuition. That much is clearly
true: Uncertainty is reducible in the sense that, based upon new information, some
world-states which were formerly thought to be possible may be ruled out so that
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the fan of possible future world-states narrows.'? This, however, does not mean
that we shift from one epistemic category to another: Still, we face uncertainty,
not risk. Uncertainty is reduced in degree, but it is not reduced to risk. And as the
reasons why we do not obtain any credible probability forecasts are invariant to
the forecast horizon, I do not really see how such a shift could occur.!#

This said, it seems to be unlikely that there is a way to construct the 3- right
out of the v-tree (b2). We have considered the categories of uncertainty and ig-
norance only because neither the notion of risk nor certainty adequately described
our epistemic situation, our (economic) foreknowledge. Insofar as uncertainty is
a weaker requirement than risk, how could it be possible to deduce a G- from a
v-tree? There is no such deduction. Nonetheless, I will briefly discuss what might
look like one. Kahnemann et al. (1982), based on experiments about probabilistic
inference-making, identify three heuristics which individuals tend to rely on when
making probabilistic judgments. The first of these heuristics, representativeness,
consists in estimating the probability that a is G according to the similarity of a to
some typical instance of G. The second heuristic, availability, suggests to deter-
mine the probability of some state p by the difficulty to imagine that p. And fol-
lowing the third method, adjustment and anchoring, the probability of some state
p is adjusted from the presumably known probability of some state p* according
to the degree of difference between p and p*. These heuristics and especially the
second one could be used to construct the G- out of the y-tree. But should they
be used to do so? Not without pointing out their many pitfalls, Kahnemann et
al. (1982) claim that these heuristics tend to be effective. I am sure that they are
effective as long as they are applied in everyday situations the individual is ac-
quainted to and experienced with. Yet they are not suited to assess probabilities of
future states in highly complex systems — as long as these probabilities are meant
to be objective (and that is what we suppose them to be). One of the reasons why
individuals stick to such simple heuristics is that they enable them to make quick
judgments without taking the complexities fully into account. But that is exactly
what we ought to do in climate or macroeconomic policy: recognize the systems’
complexity.

Our critique of attempts to reintroduce probabilities is backed by recent devel-
opments in operational research. In the introduction to Rational Analysis for a

13 Yet, if we were in a position of ignorance, new information might on the contrary make us
realize that there are more possibilities than we originally thought of.

These reasons of forecast failure might no longer hold if science — economics or clima-
tology — is revolutionized at some time in the future and equipped with a new ingenious
method to generate forecasts. This changes the name of the game, and such a scientific
progress is of course possible, and unpredictable. The irreducibility of uncertainty to risk
in the course of time is therefore as firmly but not any firmer established as the meta-
prediction that forecasts will fail in the future for the same reasons they fail today.

14
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Problematic World Revisited, the standard textbook of ‘soft’ operation research,
Rosenhead & Mingers (2001) point out that,

where the uncertainties (about what is currently happening, about fu-
ture events, about what priorities to apply) are an integral part of the
‘wickedness’ of the situation, attempts to reduce them to numbers can
only result in the analysis being unhelpful. [...] When an eventuality
whose occurrence is uncertain is important enough to be considered in
deliberations, it is that possibility that is relevant, more than any numer-
ical expression of its probability. (pp. 16t.)

Thus, again, the urgency to develop patterns of rational conduct for situations
of uncertainty and ignorance.



Chapter 12

Rational decision making under
uncertainty and ignorance

Summary

This chapter explores alternative approaches to decision making under uncer-
tainty and ignorance: the quasi-probabilistic approach, extremum approaches and
approaches focusing on the spectrum of future options and possibilities. It de-
fines the approaches by their respective bridge-principles before presenting sound
applications and discussing their limitations. Also, it introduces the theory of se-
quential decision making which allows to apply the findings regarding one step
decisions to sequential cases, too. In sum, this chapter demonstrates that there
is no unique, entirely convincing approach to decision making under uncertainty
and ignorance.

12.1 How to deal with ignorance

To which kind of belief do bridge-principles have to connect choices if our back-
ground knowledge is characterized by uncertainty and ignorance? Ignorance mere-
ly indicates the incompleteness of this background knowledge: The d-tree is noth-
ing but a holey ~y-tree. In other words, ignorance does not positively specify the
kind of knowledge one possesses. For, in addition, it is impossible to estimate the
degree of ignorance, bridge-principles for uncertainty and ignorance have to ex-
ploit the background knowledge’s structure as represented by the -tree. We have
to find principles which relate beliefs about conditional possibilities and condi-
tional impossibilities to choices.

Although the principles we consider are, in the first place, principles which
help us to deal with uncertainty, we can test in how far they are suited for situations
of ignorance by examining their robustness to ignorance. Such a robustness test in
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a first step determines the correct choice according to a certain bridge-principle for
some situation of uncertainty. Then, by deleting some of the assumed background
knowledge, we introduce ignorance. The question is: Does the application of the
bridge-principle to the modified background knowledge still give rise to the same
choice? If so, then the principle obviously prescribes the ‘correct’ choice even if
background information is limited, i.e. it is robust to ignorance. On the other hand,
the more the prescribed choice varies under ignorance as compared to uncertainty,
the less the principle is able to cope with ignorance.

But maybe, from a more practical point of view, the most important thing when
making decisions under ignorance is simply to be aware of it. To be aware that
something completely unforeseen might happen. And this awareness should re-
sult in being prepared. Such a — only apparently paradoxical — preparation for
the unknown might consist in very different measures like saving some resources
or increasing one’s flexibility to react. For ignorance can always be reduced in de-
gree, as we have argued in the previous chapter, one should in addition always try
to identify omitted possibilities and improve one’s background knowledge. As we
have already noted, this rather involves creativity than rigid proof or systematic
investigation. Thus, no recipes exist for conducting such an ignorance-reduction.
In the light of this task, even the quite absurd methods of ensemble predictions
in climatology which consist in constructing possible worlds become very useful.
Finally, the development of comprehensive scenarios, which is also the approach
adopted by the IPCC, might help not to forget some possibilities while, in the
same time, rendering the information of the ~y-tree in a way that does not over-
strain human cognitive capacities (see also Chermack, 2003).

12.2 The quasi-probabilistic approach

The mean-principle

The first bridge-principle for decision making under uncertainty we discuss ranks
the alternative strategies according to the mean-utility of their respective possible
outcomes. Hence,

Bridge-principle 4 (Mean-principle) The rational agent chooses a strategy s so
as to maximize the mean-utility of the possible outcomes.

This principle is logically equivalent to BP2 plus the Principle of Indifference
which says to assign equal probabilities to its possible outcomes for each strategy.!
An agent who adopts the mean-principle therefore acts as if maximizing expected

! More precisely, the Principle of Indifference as originally stated by Keynes (1921, p. 42)

asserts that equally justified alternatives are equally probable.
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utility under the assumption of equal probabilities. Although the probabilistic
approach cannot be applied under uncertainty (section 11.3), this as such is no
argument against the mean-principle because for any choice an agent makes un-
der uncertainty there are conditional probability distributions P(w;|s;) so that the
agent acts as if maximizing EU given P(wj|s;). Thus, if the attribution of equal
probabilities were justified, the mean-principle would be justified, too; whereas
the inverse does not necessarily hold: Justifying the equal-probabilities attribu-
tion is not necessary for justifying the mean-principle. The mean-principle might
eventually be justified for other reasons. But which ones? What, if anything,
makes the mean-principle attractive? Its underpinning idea seems to be that all
possibilities should be treated equally — not in terms of their evaluation, but in
terms of their chance of occurrence. If for example five different outcomes are
possible and we do not know their probabilities, why assume that one is more
likely than another? But if the underlying reasons of the mean-principle are of this
kind, then it is nothing but the maximizing EU principle given subjective proba-
bilities indeed and there are no other reasons in favor of it. The mean approach is
quasi-probabilistic, a short-cut for a special case of expected utility maximization.
The argument against the mean-principle is in brief,

(1) Ifitis justified to assign equal probabilities to the outcomes of each
strategy rather than assuming any other probability distribution,
the mean approach is justified, too.

(2) This is the only justification of the mean-principle (mean approach
is quasi-probabilistic).

(3) Thus: If and only if it were justified to assign equal probabilities
to the outcomes of each strategy rather than assuming any other
probability distribution, the mean approach would be justified.

(4) It is not justified to assign equal probabilities to the outcomes of
each strategy rather than assuming any other probability distribu-
tion.

(5) Thus: The mean-principle is not justified.

In addition to the quasi-probabilistic character of the mean-principle, here is
another problem to consider: The mean-principle is very susceptible to ignorance.
The introduction of even small degrees of ignorance into the background knowl-
edge might alter the choice entailed by the principle significantly. As an illus-
tration consider the situation described in table 12.1. The agent has to choose
between two alternative strategies s; and s;. Under ignorance, strategies s; and
s9 seem to have four and three possible outcomes respectively with the evalua-
tions given in 12.1a. As the mean utility of sg is larger than that of s;, the mean-
principle implies to implement s;. Now, assume that the third possibility of s;
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(a) Ignorance
strategy utilities of possible outcomes mean utility

51 1,1,2,-10 —3/2
Sa 1,2,-5 -2/3
(b) Uncertainty
strategy utilities of possible outcomes mean utility
51 1,1,1,1,3,-10 -1/2
S2 1,2,-5 -2/3

Table 12.1: The mean approach is not robust to ignorance.

which was evaluated with utility 2 in fact ‘hides’ three different possibilities with
utilities 1, 1 and 3 which become apparent if ignorance is resolved (figure 12.1b).
Under uncertainty, the new mean utility of s; is -1/2 and therefore greater than
s9’s mean utility so that the rational choice is s; instead of so. The main reason
why the mean-principle reacts so sensitively to ignorance is that any information
encoded in the v-tree, in particular including the number of possible outcomes of
each strategy, is used to determine a ranking.

Over and above these rather abstract reasons against the mean approach, there
are numerous examples where the application of the mean-principle leads to coun-
ter-intuitive results. As these examples coincide with the positive examples in
favor of a worst-case scenario approach, they will be dealt with in the next section.

Ruling out dominated strategies

We have argued in the previous chapter that under uncertainty it is as reasonable
to assume some set of probability distributions as any other.? This is the reason
why the mean approach cannot be justified. However, it does not imply that ev-
ery strategy can be presented as rational just by assuming an appropriate set of
probability distributions. For some strategies might not maximize EU under any
set of probability distributions. These strategies can consequently be ruled out un-
der a probabilistic approach without presupposing objective CPFs. Under which
conditions is that the case? Levi’s extension of rational choice theory, briefly in-
troduced in the previous chapter, as applied to the special case where the «y-tree
and the utility-function are fixed, represents a suited framework to address this
question.

Indeed, there is a single sufficient and necessary condition for being admis-
sible (rational under some set of CPFs) if any set of probability distributions is
permissible: A strategy s; is admissible if and only if for every strategy s; (j # %)
there is a possible consequence wy, of s; whose utility is greater than that of some

2 As long as they assign zero-probabilities to all impossible outcomes.
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possible outcome wy, of s;. Formally,

Vi(Vy # i3k;, kj : Uwy,) > U(wy;) <= s; is admissible).

The proof comes in two steps. But first of all, let us fix the following notation: w; shall denote
the best possible outcome of some strategy s; and, accordingly, w;” the worst one. Besides, the
double index j; in “w;,” ranges over all world-states which are possible outcomes of s;.

(a) To prove the first (left-pointing) implication, let s; be some strategy and assume that
Vi # i3ki, kj » U{wy,) > Ulwy,). This clearly implies that Vj # ¢ : U{w]) > U(wy). We
then consider the following conditional probabilities,

(i) for i:

1l we= wf
Plwlsi) = { 0 otherwise
(ii) for Vj # 1

1 wg = w;

Plurds) = { 5

If we compare the expected utilities of s; and some other strategy s; we thus get,

otherwise ~

EU(s;) = U(w;") 2 U(w;) = EU(s;).

Hence, s; is by definition (see page 192 above) admissible.

(b) The second part of the proof consists in showing the contraposition of the left-pointing
implication. Accordingly, let us assume that 35 # ¥k, k; : U(wy,) < U{wy,). This entails
in particular that U(w;") < U{w;y), i.e. the worst possible outcome of s; is still better than
the best possible outcome of s;. Yet this implies that whatever the weights (probabilities), the
mean weighted utility (expected utility) of s; is strictly smaller than that of s;. Hence, s; is not
admissible.

What we have just proved in turn entails that a strategy s; is not admissible
if and only if there is a strategy s; so that every possible outcome of s; has a
larger utility than any of s;’s possible consequences. In other words, s; is not
admissible if and only if s; dominates s;.* It is definitively reasonable to rule out
dominated strategies, but it does not help us very much because strategies in the
decision problems we are interested in are de facto hardly ever dominated. Even
if we are lucky and some policy-measures can be ruled out by this criteria, there
are usually a lot of strategies left. And the case where one strategy dominates all
alternatives is virtually never realized. Therefore, ruling out dominated strategies
is not a bridge-principle which could fulfill its guiding function in macroeconomic
policy-making.

3 AsLevi (1980, p. 144) notes incidentally, too.
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12.3 Extremum principles

The susceptibility to ignorance of the mean approach arose because it exploited
any available information, that is the entire -y-tree. If bridge-principles attempt to
avoid this, they have to pick some particular parts out of the y-tree and base the
evaluation of alternative strategies on these specific parts only. A straightforward
way to do so consists in considering only a specific subset of possible conse-
quences for each strategy. And the possible consequences which suggest them-
selves are, of course, the extreme outcomes, i.e. the best and the worst possible
case. Especially the latter has been used extensively to formulate bridge-principles
for uncertainty and ignorance.

The bridge-principle and alternative theoretical formulations

The best known extremum bridge-principle is the so-called maximin rule which
states that one should try to maximize the utility of the worst possible conse-
quence,

Bridge-principle 5§ (Maximin) The rational agent chooses the strategy with the
most acceptable worst possible outcome.

If there are two strategies with the same smallest possible utility, then the sec-
ond worst possible outcome is considered and, if necessary, the third etc., etc.
to establish the ranking between the two strategies. This is an application of the
“lexicographical rule”; and the maximin principle, when applied together with
this rule, is also called “leximin”.

Maximin has been discussed in many different versions in decision theory (see
Levi, 1980, pp. 145ff.): Defining regret as the difference in utility between the
actual outcome and some fixed best possible outcome, minimax regret is nothing
but the maximin rule.* The same holds for the minimax risk (Luce and Raiffa) or
minimax loss (Savage) rules.

A more general approach which considers both extreme possible outcomes
is the optimism-pessimism principle originally proposed by Shackle (1949). A
simplified version according to Levi (1980, p. 148) is this>: After a focal pair
consisting of its best and worst possible outcome is attributed to each strategy, the
ranking of the strategies is determined by some procedure which ranks the focal
pairs. The optimism-pessimism approach does not favor or prescribe a specific
ranking method of focal pairs. This is left to the decision maker. One family of

4 If, however, maximal regret were defined as the difference between best and worst pos-

sible outcome for each action (Hansson, 1997, pp. 297f.), it would lead to clearly absurd
consequences as for instance adopting options with very, very bad outcomes only.
A more detailed, but still brief exposition can be found in Ford (1990).
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ranking methods for focal pairs is the weighted average ranking aU(w™) + (1 —
a)U(w™). Given this ranking procedure, the value of « depends on what Shackle
calls the agent’s “gambler preferences” (Ford, 1990, pp. 28f.). Thus, a security
oriented agent might choose a value of & = 1 so that the optimism-pessimism
rule reduces to the maximin principle, whereas a more risk-seeking individual or
an incorrigible optimist would probably chose a much smaller value for a. What
is important about the optimism-pessimism approach is that it is a unifying frame
for similar principles and not a bridge-principle as such. If adopted by an agent, it
does not prescribe any choice in a decision making situation. Though it helps to
focus the choice on two instead of possibly infinitely many possible outcomes, it
hardly fulfills a bridge-principle’s guiding function.

Applying maximin

Many apparently different approaches to deal with uncertainty and ignorance wh-
ich have been developed by practitioners facing real decision problems reduce to
the maximin principle at a second glance. There are consequently at least as many
different practical versions as there are theoretical formulations of the maximin
approach.

Before, however, we proceed to the practical applications, we should men-
tion the famous application of the maximin rule in political philosophy by John
Rawls. Rawls (1971) suggested that individuals under the veil of ignorance apply
the maximin principle. This was attacked by Bayesians like Harsanyi (1975) but
has recently been defended by Angner (2004) on the basis of Levi’s theory and
reasonings which are very similar to ours. These parallels are less surprising if
one realizes that Rawl’s fictitious veil of ignorance is not a fiction at all accord-
ing to the results of our investigation — at least not in so far as our economic
foreknowledge is concerned.

We are all familiar with maximin principles as we apply them in our every-
day reasonings. Although the “maximin-rule” is probably hardly known to deci-
sion makers, the notion of “worst-case scenarios” is certainly a familiar one. But
worst-case reasoning is of course nothing but maximin reasoning. Consider the
following situation: Having got the flue you consult Dr. Newmed. He gives you
the advice to take one of the new WonderPills that will possibly cure you at once
so that you won’t have to bother with the flue for the next two or three weeks.
After you asked him what he means exactly with “possibly”, he reluctantly ad-
mits that these pills are his own invention and nobody had ever tried them before.
Given his theory, there is the realistic possibility that they cure at once, but he can-
not rule out any “side-effects”, especially, in the worst case, irreversible damage
to the brain. This said, you say good bye and go. And in doing so, you apply the
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maximin principle for decision making under uncertainty and ignorance.

Another concept we are quite familiar with and that frequently appears in po-
litical discussions is the notion of robustness. If we do not know what is going to
happen, whatever we do should be robust to the unpredictable developments. This
means that a decision should ensure the attainment of goals irrespective of what is
going to happen.® Yet if a strategy guarantees the attainment of some aims, even
the worst possible outcome of that strategy is still acceptable. On the other hand,
if some strategy has the most acceptable worst possible outcome relative to all
alternative strategies, then this strategy is more robust and guarantees the attain-
ment of some goals to a higher degree than any other strategy. Hence, focusing on
and maximizing the worst possible outcome is a short-cut procedure for ensuring
robustness.

One of the very few approaches suited for decision making under uncertainty
discussed in the third volume of the IPCC’s Third Assessment Report, Mitigation,
is the tolerable windows approach (see IPCC, 2001a, pp. 616f.).7 This approach
consists in identifying those strategies which ensure that the system evolves within
a predefined corridor of acceptable (tolerable) states. Under uncertainty, it is nec-
essary to evaluate all the possible outcomes of all strategies. The basic idea, then,
is to identify robust strategies so that, whatever happens, only acceptable world-
states are attained. But ensuring robustness is just a version of the maximin-
procedure, and so is the tolerable windows approach, too. However, the tolerable
windows approach as applied in the TAR seems to assume perfect foresight be-
cause only one single climate model is used and because the consequences of each
strategy (i.e. the resulting emission-path) are assumed to be known. Disappoint-
ingly, the IPCC does not succeed in taking uncertainty fully into account when
developing decision making procedures.

Finally, we will discuss the most important practical equivalent of the maximin-
rule: the precautionary principle (PP). Morris (2000) distinguishes the strong and
the weak PP. As an exemplification of the strong version, he cites the conclusions
of the Wingspread Conference on the Precautionary Principle from January 26,
1998,

When an activity raises threats of harm to human health or the environ-
ment, precautionary measures should be taken even if some cause and
effect relationships are not fully established scientifically.

As we shall see later, this is not the only sense in which the term “robustness” is used in
decision theory.
Most of the presented approaches require CPFs.
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In this context the proponent of an activity, rather than the public,
should bear the burden of proof. (Science & Environmental Health
Network, 1998)

This implies that measures to prevent some possible harm, if necessary the ces-
sation of the activity that might cause it, must be adopted. Thus, activities are
rational only if it is impossible that they cause harm to human health or the envi-
ronment. The strong PP focuses on worst-possible outcomes and is therefore just
another version of the maximin principle.

In contrast to the strong PP, its weak version merely asserts that lack of sci-
entific certainty is not a reason to postpone measures which aim at preventing
harm. This is the version which predominates in international law; and one of the
first formulations numerous treaties now refer to® is the 15th principle of the Rio
Declaration on Environment and Development,

In order to protect the environment the Precautionary Approach shall be
widely applied by states according to their capabilities. Where there are
threats of serious or irreversible damage, lack of full scientific certainty
shall not be used as a reason for postponing cost-effective measures to
prevent environmental degradation. (United Nations, 1992)

Thus, the weak PP simply asserts what we have taken for granted throughout
the last chapters: that we cannot wait until uncertainty is reduced to risk or even
certainty before taking a decision. This stems from the fact that we face irreducible
uncertainty in many policy domains. We cannot postpone decisions under uncer-
tainty until we obtain credible CFs for the same reasons that we cannot postpone
decisions under risk until we obtain credible CFs. A gambler engaging in roulette
who tried so would never ever put a stake on any field. Hence, Gollier & Treich
(2003, p. 81) are absolutely right to contrast the (weak) PP with a “wait-and-see”
strategy. Beck (1986) pinpoints the effects of denying the weak PP,

By forcing up the scientific standards one minimizes the group of ac-
cepted and policy-relevant risks, and as a consequence implicitly issues
allowances for risk potentiation. To put it pointedly: Insisting on the
purity of scientific analysis leads to the pollution and contamination of
air, food, water and soil, plants, animals and men. (p. 86)

Given that the weak PP rather asserts a triviality, it is surprising to see that (i)
in the Rio-formulation it applies only conditionally to “threats of serious or irre-
versible damage” and (ii) it seems to be contested even in its weak form. As to
(i), if uncertainty is irreducible, a decision has to be taken based on the available

8 See for instance European Environmental Agency (2001, pp. 13f.).
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knowledge no matter whether the stakes are high or low. And (ii) the objections
raised against the weak PP are just gormless: Thus, Morris (2000, pp. 13f.) enu-
merates five problems of the weak PP — three of which only urge that the terms
“threat”, “damage” and “serious” have to be defined. Such a critique, besides
merely touching the conditions under which the principle shall apply and not the
(self-evident) principle as such, is unsustainable for these notions are supposed
to be vague and value-laden because their very function is to enable agents to
normatively evaluate world-states. Any demand for defining them objectively is
completely missing this important point. The fourth problem consists in the fact
that every action is strictly spoken “irreversible” — yet this is pedantic because
clear cases could still be distinguished even if actions differed in degree of irre-
versibility only. Finally, the fifth problem,

Fifth, science has not yet, and is unlikely in the future, to provide a fully
fledged deterministic theory of the universe from which all particular
events can be predicted. In other words, there will always be scientific
uncertainty, both with regard to environmental effects and with regard
to all other matters, especially concerning the future. (Morris, 2000,
p- 14)

Yet that is what we have been urging all the time. And it is the reason why we
cannot wait until uncertainties are resolved! The weak PP says no more than that.

We should note that the weak PP (as opposed to the strong one), like the
optimism-pessimism principle, is not a bridge-principle and does not connect
strategies or decisions to background knowledge under uncertainty. Instead of
being deduced from the weak PP, “[the] appropriate response in a given situation
is [...] the result of an eminently political decision, a function of the risk level
that is ‘acceptable’ to the society on which the risk is imposed” as the European
Commission underlines in a Communication on the PP (European Commission,
2000, p. 15). Nonetheless, such a political decision may of course be based on
some bridge-principle such as the maximin principle for instance.

Problems and limitations

Whilst the mean approach has faced the problem of insufficient robustness to ig-
norance, the maximin principle seems to be better off: As generally (unless the
lexicographical rule is applied) only one possible outcome per strategy is consid-
ered, the rational choice entailed by the maximin principle and some background
knowledge will hardly vary if the degree of ignorance changes. Precisely, it will
only vary if a new possible outcome of the prescribed strategy arises which is
worse than another strategy’s worst possible outcome. But although maximin is
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suited for decision making under ignorance, it faces several other problems as the
following five cases will illustrate.

First case: Gambling. Imagine you were invited to participate in a TV quiz-
show where you might win up to 1 million euro. If you accept, the worst possible
outcome is to win nothing, to pay the 500 euro travel cost and, eventually, to
be stultified for all the world to see. When, on the contrary, you stay at home
and watch the show from your sofa, the worst possible outcome is to be bored.
Assuming that being bored for 45 minutes is not as bad as paying 500 euro and
being publicly stultified, the maximin principle entails not to participate in the
show. However, I am sure that this is not what most of us would consider as the
(only) rational choice.

The lesson to be learnt from this case is that focusing on the worst possible out-
come only — even when it is quite acceptable — might result in missing worth-
while opportunities. Maximin should therefore be restricted to situations where
the worst possible outcome is really intolerable. This is the reason why serious
or even irreversible damage is usually considered as a necessary condition for
applying the strong PP.

This idea can be put in a more general and more metaphorical way: Max-
imin assumes that the situation of interest is fragile what implies the possibility
of bursting, irreparable damage and loss. In such cases, one should try everything
to prevent the worst case. Now: How fragile is our economy? How fragile is our
global environment? How fragile is life? Answers to these questions determine
one’s stance towards the maximin principle. If the idea of fragility is central in
one’s Weltanschauung, if one is aware of the dangers that social or environmental
systems might burst, if one perceives the ice on which we are walking to be thin,
to put it in one of my teacher’s favorite metaphors, then one inclines to apply a
precautionary approach.

Second case: Investment. Consider an investment decision; the investor typi-
cally faces the choice between (i) realizing a project whose future returns are
unknown (uncertainty) and (ii) paying his money into a bank account and enjoy
constant interest payments. If everything goes fine, (i) results in much higher re-
turns than the interest payments whereas its worst possible outcome usually con-
sists in loosing all one’s money. As we lack objective probabilities, maximin can
be applied and it entails not to realize the project (i) but to save the money (ii)
instead. Given the severely bad possibility of loosing all the money, this choice
seems to be reasonable according to our intuitions. However, as all the investment
decisions are of this kind and as maximin thus applies generally, the social out-
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come of the approach is largely undesired: zero investment, economic stagnation
and, later, depression, collapse.

Third case: Scientific research. 'When deciding about future scientific research,
we face a similar problem. Should we engage in a new scientific research program
or not? Although the promises of the research are always high, so are the poten-
tial harms, too. The new research might on the one hand give rise to applications
which solve the global energy problem, allow food production in the desert, uiti-
mately defeat lethal diseases, as well as, on the other hand, provide methods for
mass production of weapons of mass destruction, or trigger off the final ruination
of the global environment. With respect to these consequences, we are not only
uncertain, but largely ignorant. The alternative to conducting new research is to
continue business as usual — admittedly not as bad as those horror scenarios just
mentioned. Thus, maximin prescribes not to engage in the new research. Again,
whilst this might be intuitively the right thing to do in each single case, certainly
not everybody considers its collective outcome, this is the deadlock of science and
the end of scientific and technological progress, as desirable.

The interesting point about these last two cases is: Even if we take it for granted
that maximin can be applied for each single decision (it is rational not to continue
this research, it is justifiable not to realize that project and pay the money into an
account), the outcome of collectively doing so (scientific deadlock and economic
collapse) is undesired! The situation is similar to the prisoners dilemma and the
public goods problem where rational behavior on the individual level does not
bring about the most preferred situation. In other words, individual rationality
does not coincide with what we may loosely call collective rationality. This also
seems to be true for the maximin principle: The result of consistently applying
maximin is not only different from but sharply opposed to the outcome which
would follow if individual behavior were coordinated effectively. Maximin must
therefore be applied with care and we cannot urge decision making under uncer-
tainty to be based on a principle with possibly devastating consequences. The
problem ultimately arises because the possible outcome of collectively applying
maximin (scientific deadlock and economic collapse) does not appear in the in-
dividual’s «y-tree as a possible consequence of the option which seems to max-
imize minimal utility. A solution to this problem must internalize the possible
outcome of collective application into the decision making process. Coordination
through collective deliberation seems to be one way to do so, but it exceeds the
well-structured logico-semantical approach to rational decision making under un-
certainty and ignorance which consists in making choices consistent with some
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background knowledge and a bridge-principle. Here we already catch a glimpse
of the direction of thought we will follow in the next chapter.

Fourth case: Nuclear energy. In the following discussion about whether to abol-
ish nuclear energy or not, the opponents try to base their policy recommendation
on the maximin principle. Neo No argues: “The civil use of nuclear power might
sooner or later spark off a maximum credible accident, contaminating the whole
continent, causing millions of casualties. We should abolish nuclear power to-
day rather than tomorrow!” “Our technology,” replies Peter Pro, “is the safest
world-wide. Abolishing nuclear power in this country might lead to a lowering of
safety-standards world-wide and thereby to a maximum credible accident. There’s
no use in abolishing nuclear energy!” And Patty Pro, his sister, adds: “Even if we
abolished nuclear power, other countries would continue to use it and the worst
case is not banned — if the worst cases are equal for both strategies, why then
opting for one rather than for the other?” Neo No is just about to reply when
George H. Green (member of Environmentalists For Nuclear Energy) intervenes:
“Look, abolishing nuclear power world-wide — if that is what you wanted to sug-
gest — might lead to such an increase in GHG-emissions that, through global
warming, the ice caps melt and sea levels rise. Moreover, melting hydrates trig-
ger off submarine landslides: A tsunami of unseen size destroys coastal areas and
cities comprehensively all over northern Europe. In addition, the Gulf Stream will
collapse because the release of large amounts of fresh water interrupts the ther-
mohaline circulation. As a consequence, not only the already devastated coastal
regions but the whole of Western Europe will suffer from drastic regional climate
changes. As to the other continents ...”

This discussion illustrates that there are situations where for each option there
is a consequence which is as bad as the other strategies’ worst possible outcomes.
The nuclear energy case is certainly not unique in this sense: As soon as the deci-
sion problem is sufficiently complex, we can imagine worst-case scenarios abun-
dantly.® This, however, implies that maximin does not fulfill its guiding function
in sufficiently complex situations — a serious limitation to our principle. Our
example shows that the ~y-tree can be so large, every optional strategy including
so many different possible outcomes, that there is no difference between strate-
gies with respect to their worst possible outcome. In fact, if maximin cannot
be applied, strategies also have to have similar second worst possible outcomes,
third worst possible outcomes, etc. because a lexicographical ranking could be
established otherwise. But then, there is no difference between the options as rep-
resented by the v-tree at all and no rule can differentiate between them. In such

®  This is also noted by Hansson (1997) in the course of his discussion of the PP.
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cases, there seems to be no distinction between rational and arbitrary decision
making.

Fifth case: The tube. We are at Green Park, London and want to take the tube
to King’s Cross/St. Pancras: either Victoria Line (4 stations) or Piccadilly Line (6
stations). However, as we hurried to the platform, we have no idea whether the
Victoria Line is still interrupted between Euston and King’s Cross. Thus, taking
the Victoria might result in not reaching King’s Cross in time. Maximin hence
prescribes to take Piccadiily Line at Green Park. But there is no need to take the
slower Piccadilly Line because even if Victoria Line were interrupted, we could
change at Euston to the Northern Line to reach our destination.

The maximin as we have discussed it so far does not explicitly consider the
possibility that initial decisions might be corrected later on so that the worst pos-
sible case can be mitigated. This, however, is not a shortcoming of maximin but
of our framework which focused on single decisions rather than on decision se-
quences. We will now introduce the framework of sequential decision making and
show how maximin can be applied therein.

12.4 Decision sequences and maximin

The decision situations we have dealt with up to now were of this kind: An agent
has to take one single decision involving alternative strategies which have several
possible outcomes. We have represented such situations by the — as we should
call it from now on: — normal ~y-tree (figure 11.2). Now, many real problems
we face do not merely require one single decision before they can be filed away.
Policy-making is frequently analyzed as a policy-cycle involving continuous de-
cision making. The importance of conceiving decision making as a continuous
process has also been highlighted in climate policy,

Such a sequential decision-making process aims to identify short-term
strategies in the face of long-term uncertainties. The next several deca-
des will offer many opportunities for learning and mid-course correc-
tions. The relevant question is not “what is the best course of action for
the next 100 years”, but rather ““what is the best course for the near-term
given the long-term objective?” (IPCC, 20014, p. 613)

The point, however, is not that such a situation does not fit into the normal y-tree.
Any decision does. The point is rather that the normal ~y-tree only contains further
decisions implicitly in the possible world-states instead of making them explicit.
The structure of the normal ~y-tree can yet be expanded so that all (relevant) future
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Figure 12.1: An expanded ~-tree of depth 2, representing the uncertain outcomes of decision
sequences.

decisions are explicit. Each possible outcome of some strategy becomes the origin
of a further decision problem. The result of this procedure is the expanded v-tree
as shown in figure 12.1.

The expanded ~-tree is divided into several layers. The very left layer, the
wV-layer, contains the original decision point, i.e. the root of the whole tree.
The alternative strategies to be chosen make up the next layer, the s%-layer. Their
possible outcomes are displayed in the w'!-layer and so on. For practical purposes,
the expanded ~y-tree has to be finite. Its depth is the index-number of its last w-
layer. We say that this layer contains the final states of the decision problem.
Preferences or utilities in sequential decision problems are given for these final
states only.

Now, which strategy should be adopted today (w?-layer) in the light of future
decisions and possible outcomes according to the maximin rule? As we do not
know the utilities of the possible outcomes, w}, of the alternative strategies at
layer s°, we cannot apply maximin directly. Nevertheless, we can determine a
choice recursively by evaluating the strategies (world-states) at layer ! given the
evaluation of the world-states (strategies) at layer [ 4 1, starting at the final states.
Maximin may then serve as one of the recursive rules which define an evaluation
function v() (for value) over the expanded -tree,

R1 Initial layer: v(w]) = U(w]) for all final states w.

R2 Evaluate s-layer: v(s}) = min]’i(v(wﬁl)) for all strategies s! in layer s' and
their corresponding possible outcomes wéj’l
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Figure 12.2: Evaluating an expanded y-tree with recursive maximin rules.

R3 Evaluate w-layer: v(w!) = max;, (v(sgjl)) for all world-states w! in layer

w' and the resulting alternative future strategies s;;“.

The first rule simply sets the value of the final states to the corresponding util-
ities we have assumed to be given. The real recursive rules are R2 and R3. R2
declares how to evaluate a strategy given the evaluation of its possible outcomes.
According to R2, a strategy is worth the value of its worst possible outcome. This
is the maximin rule. To complete the recursive definition of v(), R3 defines how
to evaluate a world-state w given the evaluation of the alternative options avail-
able under w. Here, the decision maker is assumed to opt for the best available
strategy given some alternatives so that the world-state is worth the value of the
best strategy it makes available. With these rules, the values of the strategies in
the s%-layer can be determined. The rational agent then adopts the strategy with
the highest value.

Figure 12.2 exemplifies the evaluation of an expanded -tree with the recursive
rules just introduced. A handy way to characterize the maximin rule under sequen-
tial decision making is: Assume that there is a malicious daemon who influences
the possible outcomes to your detriment. This is of course just a convenient way
of talking — adopting the maximin rule does not entail (having the belief) that
there is such a daemon. Also note that the crucial recursive rule is R2. In fact any
bridge-principle originally designed for the normal ~y-tree we have discussed so
far can be applied to the expanded -tree by plugging it in as the recursive rule
R2.

Applying maximin to sequential decision problems has helped us to get rid of
the problem illustrated by the fifth case above. The other problems, however, still
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remain. The easiest way to see this is by applying the recursive maximin rule to
expanded vy-trees of depth one. In this case, single and sequential decision mak-
ing are identical and so are the original and the extended maximin rule. Hence,
whatever poses a problem for the normal maximin approach, does so for recursive
maximin, too.

Before we leave the maximin approach and investigate another family of bridge-
principles, we should consider the scientific requirements if decision makers adopt
the maximin-rule. This is fairly obvious: Under maximin, the most important
parts of our background knowledge are those which depict worst case scenarios.
Scientists should thus give priority to the investigation and identification of very
bad, intolerable possible outcomes of available strategies.

12.5 Counting possibilities and future options

The bridge-principles which we will discuss in this section connect the decision
in favor of a strategy to the background information about how many different
possible developments this strategy gives rise to and how many future options
will be available once the strategy is implemented.

Minimizing future possibilities

This bridge-principle prescribes to choose a strategy so as to minimize the degree
of future uncertainty,

Bridge-principle 6 (Minimize uncertainty) The rational agent adopts the strat-
egy with a minimum of possible future outcomes.

This principle intuitively makes sense because the less possible outcomes, the
better we can prepare for each of them. Consider as an example a transport prob-
lem: You are charged with transporting three items with a lorry to a remote village.
All three items, namely a barrel of gasoline, a barrel of oil and a container full of
mechanical tools, are urgently needed and not receiving one would cause equal
damage to the local population. Now, there are two distinct routes you can take,
both lead you through areas which are controlled by gangs. Route A112 takes
you through the swampland and you might be attacked by a gang which is always
keen on oil and oil only. Taking the other route, H64, you might be ambushed in
the rainforest but you know nothing about the rainforest gang’s preferred booties.
Yet what we know for sure is that whatever route you take, there will be no more
than one raid and if there were a raid indeed, the gang would not steal more than
one item. So, what are you going to do? A sensible choice seems to be: Call
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the local villagers, inform them that the oil might not arrive as planned, and than
take route A112 through the swampland. This seems to be sensible because under
this choice the villagers at least have the chance to prepare for the missing oil —
whereas if you took route H64, they would have to prepare for a possible lack of
any of the items. This is a sound application of the minimize uncertainty principle.

In order to apply minimize uncertainty to sequential decision problems, we
have to define a set of recursive rules. As we evaluate strategies according to the
set of future possibilities they give rise to, we shall adopt a set-theoretical approach
and define the evaluation function v() over the expanded ~y-tree as follows,

R1 Initial layer: v{w?) = {w?} for all final states w?.

R2 Evaluate s-layer: v(s}) = |, (U(wéfl)) for all strategies st in layer s' and
their corresponding possible outcomes wjfl

l

R3 Evaluate w-layer: v(w;) = min} (v(s !

1Y) for all world-states w! in layer w

Ji
and the resulting alternative future strategies sé“.lo

Each final state gives rise to one possibility — the final state itself (R1). A strat-
egy gives rise to as many possible final states as all its direct possible outcomes
together (R2). And, as previously, we assume that the decision maker chooses
strategies so as to minimize future possibilities (R3). The evaluation function v()
attributes the set of future possibilities to each node in the expanded y-tree and
the minimize uncertainty principle therefore prescribes to chose that strategy at s°
whose value has the smallest cardinality. For illustration, the recursive rules are
applied in figure 12.3.

The limitations of the minimize uncertainty approach, however, are numer-
ous. First of all, it contradicts the maximin rule in many cases where the latter
can be applied sensibly. Even more, minimize uncertainty completely disregards
preferences and utilities. This indicates that it should be restricted to situations
where considering utilities is not helpful or has become illusive, cases as exempli-
fied by the transport problem (equal utilities of possible outcomes) or the nuclear
energy discussion (y-tree too complex). Furthermore, minimizing uncertainty is
not quite as robust to ignorance as the maximin approach because the minimize
uncertainty approach considers the cardinalities of all alternative sets of possible
outcomes and these cardinalities are always altered by a reduction or an increase
in ignorance.

These limitations appear to be negligible in the light of the most severe flaw of
the minimize uncertainty principle. Maybe the seemingly sound applications of
this approach are no application of it at all. Consider the following example to see

19 Here, min} (a;) := a;, with |a,| = min;(|ay|).
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Figure 12.3: Evaluating an expanded -y-tree accordingly to the minimize uncertainty principle.

why the possibility of preparation is a core condition of the minimize uncertainty
approach: You are given four chips: blue, red, yellow, green. If you choose option
A among two alternatives (A and B), you possibly loose the green chip. Choose
B and you possibly loose the green, the yellow or the red chip. For each chip
you possess at the end of this game, you get 100 euro. Now, which option do you
chose? A, because there are less different possible outcomes? Yet nothing seems
to be wrong with choosing B instead. But if choosing B is as reasonable as opting
for A, then something has to be wrong with the bridge-principle! In contrast to
the transport case, there is no way one could prepare for one of the possible out-
comes of the game. Via the fixed rewards, equal utilities are guaranteed. On the
other hand, preparation actually means to change the utility of an outcome. We
call the villagers so that they can start saving oil and thereby reduce the damage
of not receiving the supplies. If that is the correct analysis, the worst possible out-
come of taking route A112 (oil is stolen, but villagers are prepared) has a higher
utility than the worst possible outcome of taking the H64 (an item is stolen but vil-
lagers are not prepared) and the intuitively sensible choice for A112 rather results
from an application of the maximin principle than from the minimize uncertainty
approach.

Yet, in cases where preparation is feasible and might reduce the harm of some
possible consequences, but where this harm-prevention is for some reason not
included in the world-states’ description and therefore is not reflected in the utility
function, the minimize uncertainty approach might serve as a useful and simple
heuristic to incorporate the preparation-reasoning. As such, it should not replace
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other bridge-principles, but rather complement them where they do not lead to
unique prescriptions.

Maximizing future options

An approach to decision making under uncertainty we are all familiar with is
to try to ‘keep one’s options open until one knows more’. Such an approach
which favors flexibility and openness makes sense under the crucial assumption
that uncertainty will be reduced in the future. If by tomorrow we will know as
little as today, then there is no point in postponing a decision. If, on the other
hand, uncertainties are going to be reduced significantly (in degree), we should
try to delay the decision in order to explore the new information in the future.
Notice that what counts is not the absolute degree of uncertainty but its relative
decrease.

Just-in-time decision making is the perfect realization of the openness ap-
proach: If flexibility is so high that decisions can be taken without any planning-
and thus forecast-horizon, then uncertainty is no longer an obstacle to rational de-
cision making because the standard approach (bridge-principle 1) can be applied
to the just-in-time decision. But just-in-time decision making requires that uncer-
tainties will be entirely reduced and that by that time all alternative outcomes are
still ‘reachable’. Although these conditions will hardly be satisfied in the policy
domains we primarily deal with, they depict the state the openness approach aims
at.

Since the openness approach urges to make today’s decision in the light of
future decision options, it applies to sequential decision problems only. Figure
12.4 illustrates the important assumption of the openness approach, namely that
some of the arrows connecting the strategies in the last s-layer with the final states
will disappear once the initial decision is made and time goes by.

Now, how do we state the openness approach in terms of recursive rules that
allow us to evaluate an expanded y-tree? At first glance, the openness principle
seems to state that we should try to maximize future options, i.e. the number of
available strategies, and that a world-state is worth the number of strategies it
makes available. In spite of being the underlying idea this is too simple: First of
all, not every further strategy makes a world-state more valuable. Some strategies
might for instance inevitably cause a worst-case and should not be considered as
increasing the value of a world-state. Secondly, the proposed rule would not result
in a recursive evaluation of the expanded ~y-tree. Each w-layer could be evaluated
independently of the rest of the tree. Yet there is a straight forward way to fix
these problems: The value of a world-state is defined as the sum of the values of
all directly available strategies. This yields the recursive rule R3.
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Figure 12.4: The assumption that uncertainty will be reduced illustrated in an expanded -y-tree:
Some of the arrows to the final layer will eventually disappear.

What about the missing rules R2 and R1? R1, of course, is unproblematic and
can be defined as before. R2, however, poses a problem. The question is: What
makes a future strategy valuable under the assumption that some of its possible
outcomes might turn out to be impossible? I guess any of these criteria could be
considered: the number of intolerable possible outcomes, the number of highly
preferred possible consequences, the number of possible outcomes, the utility of
the best possible outcome, and so on. Hence, the openness approach does not
provide us with a clear instruction of how to evaluate strategies given the values
of their possible outcomes. But defining R2 has always been the most difficult
task when setting up a set of recursive rules and that was what we have used the
bridge-principles for. Now if the openness principle does not determine R2, we
may simply use any other bridge-principle to do so. Thus, the openness approach
can be combined with maximin, optimism-pessimism, minimize uncertainty or
any combination of them.

In the following set of recursive rules, the maximin rule completes the openness
approach,

R1 Initial layer: v(w}) = U(w}) for all final states w?.

R2 Evaluate s-layer: v(sl) = minji(v(wjjl)) for all strategies s! in layer s’ and
their corresponding possible outcomes w;“
R3 Evaluate w-layer: v(w!) = > v(st*?) for all world-states w! in layer w*

Ji
and the resulting alternative future strategies sé-jl.
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Figure 12.5: The openness approach and the maximin principle are combined to evaluate the
expanded y-tree.

Figure 12.5 illustrates these rules by applying them to a fictitious decision prob-
lem.

The fact that the openness principle requires a further bridge-principle and
can be combined with maximin is maybe less surprising if we consider Beck’s
argumentation in favor of the openness approach,

Alternative developments can thus obstruct the future or leave it open.
One either takes a decision for or against a journey to the unknown no
man’s land of the though unseen but foreseeable ‘side-effects’. Once
the train has departed it is difficult to stop it. We hence have to choose
alternative developments that do not obstruct the future and that trans-
form the process of modernization itself into a process of learning by
ensuring that the withdrawal of lately discovered side-effects is always
possible through the reversability of decisions. (Beck, 1986, p. 294)

Now Beck suggests that this openness is ultimately linked to a worst-case ap-
proach,

We thus have to test practical developments for a risk giantism which
would deprive men of their humanity and condemn them to faultless-
ness from now on to all eternity. (p. 293)

The argument asserts that the worst case entails that there is no way back and that
the remaining options are worthless. The worst case is identical with the no-more
options case. Trying to prevent worst-cases (following maximin) is therefore,
according to Beck, necessary for safeguarding and maximizing valuable future
options.
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Figure 12.6: Rosenhead’s decision tree. (Source: Rosenhead, 20014, p. 196)

The other side of the coin: Rosenhead’s robustness analysis

We have noted in the previous chapter that uncertainty about a strategy’s out-
comes can always be rendered as uncertainty about the evaluation of a (certain)
outcome. Here comes a direct application of this observation: If we transform the
expanded ~y-tree so that the evaluation of the final states becomes uncertain, the
openness approach presented above is almost equivalent to the “robustness analy-
sis” of Rosenhead (2001a). I will first present Rosenhead’s analysis and then show
how exactly it relates to our openness approach. Henceforth common limitations
of each method will be discussed.

I shall briefly introduce Rosenhead’s approach alongside the diagram he uses
himself for illustration (figure 12.6). The decision tree is composed of different
layers, each consisting of “decision points” except the last one which comprises
the “end-states”. Decision points are best interpreted as world-states which the de-
cision maker can bring about. The connections between the decision points indi-
cate which world-states can be directly attained from some decision point. World-
state 8, for instance, can directly be brought about from world-state 3 whereas
world-state 7 cannot. Thus, the decision maker is assumably completely control-
ling and determining which world-state is reached. In contrast, uncertainty gov-
erns the evaluation of the end-states. Rosenhead considers finitely many different
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Initial Future

decision Fl F2 F3 F4
2 1/5 2/5 0 1/4
3 2/5 25 2/3 1/4
4 2/5 3/5 2/3 2/4
5 3/5 3/5 173 2/4

Table 12.2: Robustness scores of initial decisions under alternative future scenarios

“futures” which give rise to different evaluations of the end-states as represented
by the four columns on the very right of figure 12.6. Hence, he implicitly assumes
that future developments are external to the decision making process.

Rosenhead defines “robustness” of an initial decision (“commitment”) as “the
ratio of the number of acceptable configurations that are reachable from that com-
mitment, to the total number of configurations which have been identified as hav-
ing acceptable expected performance at the planning horizon” (p. 189). Thus, “the
robustness of each candidate initial decision package can be calculated for each
future separately” (p. 191). The robustness score of each initial decision accord-
ing to the decision tree in figure 12.6 is given in table 12.2. This is the information
the decision has to be based on. How? Rosenhead’s robustness analysis does not
tell us. In fact, table 12.2 can be represented by a normal ~y-tree, and we still face
a classical one-step decision problem under uncertainty of the kind we have been
dealing with throughout this and the previous chapter. And we therefore need a
further bridge-principle which guides our decision. This can be the maximin rule
or any other principle. Just like the openness approach, Rosenhead’s robustness
analysis has to be completed by a further bridge-principle, and is compatible with
any of them.

This said, how can we make sense of Rosenhead’s approach in terms of our
framework? As mentioned above, I suggest to interpret decision points as world-
states which can be brought about by the decision maker. Thus for each of these
world-states a strategy is available which surely gives rise to it. As described
in the previous chapter, the uncertainty about the evaluation of end-states can be
interpreted as an uncertainty about the further consequences of the end-states. In
contrast to Rosenhead’s analysis, this uncertainty is necessarily internal to the
decision making process in our framework, i.e. there is no a possible future for
which all end-states can be evaluated but there are, for each end-state, different
possible futures. Figure 12.7 is then a representation of a typical decision problem
a la Rosenhead by an expanded ~y-tree.
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Figure 12.7: A typical decision problem Rosenhead considers represented by an expanded -
tree. The uncertain consequences of the final-states induce the different possible evaluations.

Problems and limitations

The openness approach is without doubt a valuable approach to decision mak-
ing under uncertainty. As an example, we have already mentioned just-in-time
approaches which are for instance proposed for management decisions by Bryan
(2002) and Beinhocker & Kaplan (2002). Rosenhead (20015) presents another
sound application where the decision problem consists in choosing the subjects
for an O-level examination. In spite of these sound applications, the openness
approach faces some problems and limitations.

The first limitation arises out of the central assumption of the openness ap-
proach which might indeed be problematic: that uncertainty will be reduced by
degree in the future. Consider for example climate change. It is not clear at all that
we will have substantially reduced our uncertainty about the long term impacts of
GHG-emissions on our climate in the relevant future, say the next 20 years. Alas,
postponing the decision might not only be useless but harmful because we might
have lost 20 important years to prevent severe consequences of climate change.
Thus, before applying the openness approach it is crucial to check whether uncer-
tainties may be reduced or not. This, of course, is itself uncertain.

We have seen that both versions of the openness approach require an addi-
tional bridge-principle for completion. This bridge-principle had to specify the
second recursive rule, or the final choice given the robustness-scores (table 12.2)
respectively. But we have not yet identified an absolutely unproblematic bridge-
principle and every limitation or problem of the bridge-principle used to complete
the openness approach becomes a limitation or problem of that very approach,
too. If we use for example the maximin principle, then all its problems limit the
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Figure 12.8: Two decision trees illustrating time-inconsistencies of Rosenhead’s robustness
analysis (bottom) and the openness approach in our framework (top).

applicability of the openness approach.

Furthermore, the openness approach faces so-called time inconsistencies. Con-
sider the two decision trees in figure 12.8. No matter what the evaluations of the
end states and final states, the openness approach complemented by maximin fa-
vors the decision to attain world-state w; rather than w,.!! And indeed, opting
for w; seems to make sense assuming that uncertainties will be at least partly re-
solved at time £;. But what if uncertainties are not resolved by that time and will
be reduced later, ¢, > ¢;? Then, having chosen w;, we have to reduce our future
options at the second decision step (¢;) to only one without knowing more than
at £y. If we had chosen w, instead of w;, we would guard at least two options
for ty and thus, in terms of flexibility, be better off! If time ¢, (when uncertainty
is reduced) is greater than ¢; the openness approach might ultimately lead to a
non-optimal prescription.

This problem, however, may be fixed by modifying the approaches slightly.
Rosenhead’s approach can be modified so as to evaluate the robustness-score of
the decision points at time ¢, rather than of the initial decisions. The agent then
makes an initial decision which allows him to reach the decision point with the
highest robustness score at ¢,. Regarding the evaluation of the expanded y-tree,
the recursive openness rules have to be restricted to the evaluation of the layers
at ¢ > t,. The remaining layers are then evaluated according to the recursive
rules of the sequential maximin approach. Both modifications will make sure

' Tt is easy to verify that the robustness-score of w is greater than or equal to that of w, and

that v(w;) = 2v(w,).
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that, if ¢, = %o, the initial decision in the example will be w;. We can finally
note that this modification underlines the importance of the uncertainty-reduction
assumption. If this assumption is not satisfied, i.e. . — oo, then the modified
openness approach becomes nothing but the sequential maximin procedure.

As to the robustness to ignorance, there are two points to be considered. Like
for the other bridge-principles, we have to figure out whether the choice entailed
by the openness approach alters when ignorance is introduced. Besides this, there
is the additional question in how far the crucial assumption of the openness ap-
proach is undermined by ignorance. Let us start with this one. At first glance, the
introduction of ignorance into the decision problem seems to spoil the assumption
that uncertainty will be reduced. For under ignorance, uncertainty will possibly
grow as new, unseen possibilities are discovered. On the other hand, maximiz-
ing valuable future options (available strategies) might even be a sound strategy
under the assumption that some currently known possibilities might turn out to
be impossible (reduction of uncertainty) and some yet unknown new possibilities
might emerge (reduction of ignorance). For if one has acted so as to maximize the
amount of valuable options and an unforeseen intolerable possibility arises, there
might still be some valuable options which exclude that worst case. If, in contrast,
the newly emerged possibility is highly attractive, some of the safeguarded options
might include it as a possible outcome. This said, ignorance does not undermine
the assumptions of the openness approach, but rather strengthens its case.

Yet the question remains whether the choice prescribed by the openness ap-
proach alters given a reduction of ignorance. This primarily depends on which
bridge-principle is used to complete the approach. Accordingly, a combined
maximin-openness approach is much more robust to ignorance than a combination
of the mean principle and the openness approach. All things considered, the com-
bination of maximin and openness seems to be sufficiently robust to ignorance.

12.6 The organism metaphor

This section discusses attempts to obtain bridge-principles for decision making
under uncertainty and ignorance by reasoning by analogy. The volume on tools
for policy analysis of the collection Human Choice and Climate Change edited
by Rayner & Malone (1998) includes a whole chapter on reasoning by analogy
(Meyer et al., 1998). Its analogies are drawn between current climate change on
the one hand and (i) past climate change or (ii) urban climate change on the other
hand in order to learn from how agents dealt with and adapted to the resulting
challenges. Thus, analogies are used to directly infer prescriptions about what
to do given the uncertain future of our climate. The bridge-principle involved is
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something like: Behave in analogy to agents in relevant, sufficiently similar cases,
if the agents had been successful. Such a principle is, as I see it, only of very
limited use as ‘sufficiently similar cases’ might not be available and the agent’s
success might simply be due to luck. So instead of using analogies to derive
specific prescriptions directly, we will attempt to obtain a general bridge-principle
by reasoning by analogy.

But an analogy to what? We need a class of decisions (i) which we frequently
face, (ii) which are typically made under uncertainty, and (iii) which we finally
manage quite successfully. There is a type of familiar decision situations which
satisfy these conditions: We face uncertainty every day when we try to get along
with plants, animals and our fellow men, and we are generally quite successful
in dealing with them. So, the idea is to observe which principles regulate our
acquaintance and contact with organisms in order to see in how far these principles
can be applied to other decision contexts, namely to climate and economic policy-
making.

The gardener paradigm

Though each of us to some extent deals with organisms of different sorts every
day, some people have specialized in doing so. For example: the gardener and
the doctor. Both have to take decisions under uncertainty; for instance when they
diagnose unfamiliar symptoms and have to decide how to treat the plant or the
patient.!? Their approaches to decision making are certainly distinct from those
of an engineer and can thus be characterized negatively: Gardeners and doctors
do generally not carry out narrowly focused intervention into the system in order
to reach a specific aim. “Well, let’s fix the X-component in order to increase
the pressure of the Y-tank, then everything will be fine again”, is for instance
something we are used to hear from engineers, not from a gardener or a good
doctor. Here is an attempt to enumerate some positive characteristics of what we
shall call the gardener paradigm to decision making under uncertainty.

Self regulation. Gardeners and doctors are aware of the system’s (as the case
may be: limited) capacity to reach the desired state on its own, e.g. to cure itself.

Vital processes. Gardeners and doctors support those vital processes of the
system which are crucial for self regulation and for the attainment of the desired
system state.

Soft methods. They preferably do so by creating a suitable environment instead
of intervening directly in the system.

12 On the other hand, not all decisions gardeners or doctors take are decisions under uncer-

tainty, treatments of well known diseases rather involve decisions under risk.
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Parallelism. Thereby, they implement different measures simultaneously and
do not rely on one single measure only.

Long-term perspective. Gardeners and doctors consequently adopt a long-term
perspective when trying to reach their aims: The system requires constant care
instead of a single repair.

The bridge-principle they follow is simply,

Bridge-principle 7 (Gardener paradigm) The rational agent chooses the strat-
egy which satisfies best the (five) characteristics of the gardener paradigm.

Gaia theory

The gardener paradigm is famously applied to the global ecologic system in Gaia
theory. Gaia is the shorthand for the hypothesis “that the biosphere is a self-
regulating entity with the capacity to keep our planet healthy by controlling the
chemical and physical environment” as the architect of this theory James Lovelock
(Lovelock, 1987, p. xii) defines it.

Lovelock identifies three principles which are crucial for living with Gaia
which partially reformulate, partially extend the above characterization of the gar-
dener paradigm,

1. The most important property of Gaia is the tendency to keep con-
stant conditions for terrestrial life. Provided that we have not se-
riously interfered with her state of homoeostasis, this tendency
should be as predominant now as it was before man’s arrival on
the scene.

2. Gaia has vital organs at the core, as well as expandable or redun-
dant ones mainly on the periphery. What we do to our planet may
depend greatly on where we do it.

3. Gaian responses to changes for the worst must obey the rules of cy-
bernetics, where the time constant and the loop gain are important
factors. Thus the regulation of oxygen has a time constant mea-
sured in thousands of years. Such slow processes give the least
warning of undesirable trends. By the time it is realized that all
is not well and action is taken, inertial drag will bring things to a
worse state before an equally slow improvement can set in. (Love-
lock, 1987, p. 127)

Acting in accordance with these principles implies to minimize interferences
with Gaia as far as possible for in the absence of severe interventions conditions
suitable for life will be maintained automatically (homoeostasis), whereas results
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of interventions might be irreversible (principle 2). It follows in particular not to
harm the vital subsystems of the Earth, as for instance the rainforests (principle
3).

Gardening the economy

This organism metaphor is as familiar in economics as in ecology. Different
economists have conceived the economic system as an organism rather than as
a huge “socioeconomic machine” from the very beginning of economic science.
Consider as a first example Alfred Marshall who used the organism metaphor ex-
tensively and in different varieties throughout his Principles of Economics (Mar-
shall, 1920),

[Economists], like all other students of social science, are concerned
with individuals chiefly as members of the social organism. (1.11.28)

... But the chief outcome of recent studies is to make us recognize more
fully, than could be done by any previous generation, how little we
know of the causes by which progress is being fashioned, and how
little we can forecast the ultimate destiny of the industrial organism.
(1L.IV.27)

... The main drift of this study of Distribution then suggests that the
social and economic forces already at work are changing the distribu-
tion of wealth for the better: that they are persistent and increasing
in strength; and that their influence is for the greater part cumulative;
that the socio-economic organism is more delicate and complex than at
first sight appears; and that large ill-considered changes might result in
grave disaster. (VI.XIIL.53) [all italics added]

The organism metaphor is not only used as a mere illustration but also to gen-
erate new economic insights by reasoning by analogy, and Marshall even applies
Darwin’s theory to explain the evolution of the “industrial organism” (IV.VIII.2-
6).

Yet already the founding father of modern economics, Adam Smith, made ex-
plicit use of the organism metaphor in his Wealth of Nations and even applied the
idea of homoeostasis, i.e. the capacity of self-regulation, to the economic system,

Some speculative physicians seem to have imagined that the health of
the human body could be preserved only by a certain precise regimen
of diet and exercise, of which every, the smallest, violation necessarily
occasioned some degree of disease or disorder proportioned to the de-
gree of the violation. Experience, however, would seem to show that
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the human body frequently preserves, to all appearances at least, the
most perfect state of health under a vast variety of different regimens;
even under some which are generally believed to be very far from be-
ing perfectly wholesome. But the healthful state of the human body, it
would seem, contains in itself some unknown principle of preservation,
capable either of preventing or of correcting, in many respects, the bad
effects even of a very faulty regimen. Mr. Quesnai, who was himself a
physician, and a very speculative physician, seems to have entertained
a notion of the same kind concerning the political body, and to have
imagined that it would thrive and prosper only under a certain precise
regimen, the exact regimen of perfect liberty and perfect justice. He
seems not to have considered that, in the political body, the natural ef-
fort which every man is continually making to better his own condition
is a principle of preservation capable of preventing and correcting, in
many respects, the bad effects of a political oeconomy, in some degree,
both partial and oppressive. Such a political oeconomy, though it no
doubt retards more or less, is not always capable of stopping altogether
the natural progress of a nation towards wealth and prosperity, and still
less of making it go backwards. If a nation could not prosper without
the enjoyment of perfect liberty and perfect justice, there is not in the
world a nation which could ever have prospered. In the political body,
however, the wisdom of nature has fortunately made ample provision
for remedying many of the bad effects of the folly and injustice of man,
in the same manner as it has done in the natural body for remedying
those of his sloth and intemperance. (Smith, 1776, IV.9.28)

Nowadays, as far as I can judge, the organism metaphor has largely receded
and been replaced by the engineer paradigm. The term “Gemeinschaftsdiagnose”
(collective diagnosis) which refers to the collective growth forecast of the leading
National Institutes in Germany alludes to the medical analogy and may count as a
terminological relict of the gardener paradigm.

Once the gardener paradigm is adopted, the implications for economic policy-
making are straightforward. To put it negatively first, we cannot and should not
attempt to “engineer” economic recovery'® or any other desired macroeconomic
state as we engineer steam engines with some desired properties. As to the pos-
itive general prescriptions, we should for instance trust in the self-regulating ca-
pacities of the economy and limit economic policy interventions to a minimum.
Those readers who have become suspicious when I cited Smith will now certainly
cry out that this is a piece of ultra-liberal advice and that the gardener paradigm

3 Asis frequently suggested and expected, for instance by Crooks & Major (2003).
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promotes an unsocial and irresponsible laissez-faire! Still, they err. The gardener
paradigm in contrast acknowledges the importance of politics: a garden without a
gardener is not a garden, but a mess. Similarly, there can be no functioning market
economy without any political regulation. According to the organism metaphor,
economic policy should consist in setting the framework and creating a suitable
environment so that the economy evolves into the desired direction rather than
directly intervening in the system. Perturbations can be minimized if measures
are made public long before they are implemented and policies are adopted ac-
cording to public rules rather than discrete decisions. From this point of view,
government, in taking care of the economy, is crucially important: In this light the
gardener metaphor is anything but ultra-liberal.

But is the gardener metaphor possibly conservative in the sense that it favors
the status quo? In fact, it isn’t, either. Organisms evolve, can grow, and change
their shape (the caterpillar becoming a butterfly). The gardener metaphor simply
urges that such changes shall occur gradually as the system evolves at its own
pace, and shall not be forced by intervention. Clearly, the evolution can be influ-
enced by creating and changing the system’s environment. The gardener paradigm
is not conservative, but favors stepwise reforms over revolutions. Regarding the
possible evolutions of the economic system, there is something we should not
forget: the economic system, in contrast to plants or human bodies, is entirely
man-made. Not only in the sense that we have created its rules and regulations,
but also in the sense that individual decisions fully determine macroeconomic pro-
cesses at every instance in time. This implies an enormous plasticity: We can set
the rules of the game and individual behavior can change, too. The socioeconomic
organism has much more different potential evolution-paths than a biological or-
ganism: There is an unlimited number of possible ways how we can organize
our social and economic lives. Altogether, system change is possible under the
gardener paradigm.

Even if the gardener paradigm is adopted, we have to admit that it is, like
all the other approaches discussed, of limited use only. Whilst the organism
metaphor only says which fype of strategy to apply, it does not prescribe a sin-
gle strategy. According to the gardener paradigm, we should try to bring about
the desired world-state by non-interventionist methods — but which of the non-
interventionist strategies to choose is still an open question. Thence many differ-
ent strategies are generally compatible with the given background knowledge and
the gardener paradigm. Lovelock (1987) puts this, in the very end of his book,
into a pointed conclusion:

There can be no prescription, no set of rules, for living with Gaia. For
each of our different actions there are only consequences. (p. 140)
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And the very same conclusion applies mutatis mutandis to the socioeconomic
organism.

Final remarks on this chapter

Throughout this chapter we have encountered a large variety of different approach-
es to decision making under uncertainty. Some of them have been rejected en-
tirely. Others could be reasonably applied in some decision situations but lead to
absurd prescriptions in other cases. None of them can be accepted as the unique,
completely convincing approach to be adopted. Hence, we have not succeeded in
identifying a single substitute for the expected utility principle which cannot be
applied under uncertainty and ignorance. Our collection of bridge-principles can
at most count as a toolbox for decision making under uncertainty, with the flaw
that we have hardly and only implicitly specified the conditions under which to ap-
ply this rather than another principle. It is as if we were plumbers, equipped with
a rich tool-box but without having a concrete idea which of the tools to use when
faced with a bursting of pipes. — Thus is the starting point of the next chapter.
We have to understand, finally, what all this means for the way we take political
decisions, for the involvement of scientific experts in democratic policy-making,
for the role of science in a free society.



Chapter 13

Post-normal science

Summary

The idea of post-normal science (PNS) as a way of managing uncertainties in
science and politics was proposed by Funtowicz & Ravetz in the 1990s. Having
defined PNS around the core-idea of lay-involvement, this chapter reconstructs
two types of arguments in its favor: epistemic arguments on the one side and
normative arguments on the other one. These arguments are primarily inspired
by Beck, Feyerabend and Funtowicz & Ravetz themselves. Finally, this chapter
suggests a slight modification of PNS in order to circumvent a potential problem.

13.1 Introducing post-normal science

Whereas the previous chapters stressed the challenge imperfect background knowl-
edge represents for rational decision making, its implications are more ambivalent
than it might have appeared so far. The following might be considered as a pos-
itive effect of uncertainty and ignorance: They are natural limitations to political
power and control. Limits of science are at the same time limits to the “tyranny of
science” (Feyerabend). Uncertainty and ignorance guarantee to some extent that
one cannot control society the same way one controls a steam engine or a power
plant. And they warrant that it is not only up to the cleverest scientists, the most
ingenious technocrat to decide which policy to implement. Such were the pre-
dominant fears of Aldous Huxley, expressed for example by citing Tolstoi right at
the beginning of Science and Liberty (Huxley, 1947):

If the arrangement of society is bad (as ours is), and a small number
of people have power over the majority and oppress it, every victory
over Nature will inevitably serve only to increase that power and that
oppression. This is what is actually happening.
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Huxley, I suppose, thus would have welcomed our findings concerning the
limits of science.

Yet, in the following we consider free societies where decision makers are not
egoistic tyrants but elected and accountable representatives, and ask: How should
policy-making be organized in fields characterized by uncertainty and ignorance?
What role should scientific expertise play? Must science itself adapt to the new
situation? — The paradigm of post-normal science (PNS) which will be discussed
in this chapter addresses these questions.

What is PNS? PNS is a bunch of principles for policy-making under uncer-
tainty and ignorance which was developed by Silvio Funtowicz and Jerome Ravetz
in several articles in the 1990s. They have expressed the key ideas of PNS already
in Uncertainty and Quality in Science for Policy (Funtowicz & Ravetz, 1990),

We envisage a process of debate and dialogue operating continuously
over all phases of a process, where uncertainty, quality and policy are
inseparably connected. That the scientific inputs are contested along
with the value considerations should be no occasion for alarm or dis-
may. This is what it is like, in the new world of policy-related research.
Provided that debate is competent and disciplined, the only loss is of
our rationalistic illusions. Beyond the inclusion of counter-expertise,
we may imagine the diffusion of the requisite scientific skills among a
broader population. (p. 67)

Accordingly, scientific statements have to be subjected to public critique and must
not be taken for granted. This has to be done in an open debate “operating con-
tinuously over all phases” of the policy-making process. Whereas, under the tra-
ditional approach to decision making, the scientific assessment which yielded the
required background knowledge (establishing the ~y-tree) on the one hand and
the evaluation of this knowledge including the decision-making based on some
bridge-principle on the other hand could be and were separated, Funtowicz &
Ravetz urge to merge assessment and evaluation. The critical discussion and re-
Jjection of this thesis will eventually, namely at the end of this chapter, lead to a
modified proposal for policy-making under uncertainty and ignorance which is
based on PNS.

The concept of PNS is explicitly introduced in Science for the Post-Normal-
Age (Funtowicz & Ravetz, 1993),

[Post-normal] science occurs when uncertainties are either of the epis-
temological or the ethical kind, or when decision stakes reflect conflict-
ing purposes among stakeholders. [...] The problems are set and the
solutions evaluated by the criteria of the broader communities. Thus
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post-normal science is indeed a type of science, and not merely politics
or public participation. (pp. 749f.) ...

The traditional fact/value distinction has not merely been inverted; in
post-normal science the two categories cannot be realistically sepa-
rated. The uncertainties go beyond those of the systems, to include
ethics as well. (p. 751) ...

The dynamic of resolution of policy issues in post-normal science in-
volves the inclusion of an ever-growing set of legitimate participants in
the process of quality assurance of the scientific inputs. (p. 752)

Thus, the principles expressed in Funtowicz & Ravetz (1990) are extended and
complemented. Funtowicz & Ravetz propose that so-called extended peer com-
munities which comprise all stakeholders set the standards and criteria for the
relevant research activities. And an additional principle explicitly states that the
traditional fact/value distinction has collapsed.

Yet, another year later, Funtowicz & Ravetz (1994) write,

Here we will sketch the elements of a post-normal science [...]. These
include the scientific management of uncertainty and of quality, the
plurality of perspectives and commitments, and the intellectual and so-
cial structures that reflect the varied sorts of problem-solving activities.
(p- 199)

The breakdown of the fact/value distinction has disappeared while the importance
of management of uncertainty and quality is newly stressed. Extended peer com-
munities can be considered as the appropriate “social structure” which reflects the
“plurality of perspectives”.

In a very recent article, Ravetz (2004) gives still another explication of PNS:

[The] ‘post-normal’ approach embodies the precautionary principle. It
depends on public debate, and involves an essential role for the ‘ex-
tended peer community’. It is based on the recent recognition of the
influence of values on all research [...]. It is the appropriate methodol-
ogy when either systems uncertainties or decision stakes are high [...].
(p- XX)

He seizes most of the former principles but adds the precautionary principle as a
defining characteristic of post-normal science.

PNS is, however, not only quite a loose concept but also defined by principles
of a very different kind which actually depend on each other. Thus, the insepa-
rability of facts and values seems to imply that stakeholders should be involved.
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And extended peer communities are institutions that guarantee that the whole plu-
rality of perspectives is taken into account. Given these diverse and interdepen-
dent aspects, I will narrow the definition to what I consider as the core of PNS.
It will become clear during the discussion of the arguments for PNS how this
core-definition is related to the remaining principles.

The core-definition reads: PNS refers to a policy-making procedure where de-
cisions are not merely fueled by scientific expertise but evolve, right from the start
of the research activities, out of an open debate in which scientists as well as lay-
men engage and where all statements are subjected to public critique. Extended
peer communities are the institutional implementation of PNS.

The idea of PNS can be clarified further by contrasting it with its alternatives.
Already the notion of post-normal science refers to what PNS is supposed not to
be: normal science in the Kuhnian sense (Kuhn, 1962, pp. 23ff.). Hoyningen-
Huene (1998) summarizes the characteristics of normal science as follows:

* the existence of regulations constraining acceptable approaches to and solu-
tions of problems;

* the expectation of the solubility of appropriately chosen problems;
* no fundamental changes in the guiding regulations;
« absence of test or confirmation of the guiding regulations.

PNS as defined above obviously negates these points. Yet Funtowicz & Ravetz
do not reject normal science in general but its application to specific policy prob-
lems, namely problems characterized by uncertainty and ignorance, as illustrated
by figure 13.1: PNS is opposed to applied science and professional consultancy,
both instantiating the idea of normal science. While under the paradigm of applied
science decisions are based on scientifically established facts which are reviewed
by scientific peer communities, under professional consultancy peer communi-
ties are typically composed of experts from different backgrounds. Each of these
paradigms has its own scope of application but if uncertainty (represented by the
x-axis) is high, policy-making should be organized in line with PNS.!

Although Funtowicz & Ravetz have introduced the notion of PNS, they were
clearly not the first to urge a public control of and a stronger lay-involvement in
science. Paul Feyerabend, for instance, vividly argued for the very same conclu-
sion in Science in A Free Society (Feyerabend, 1978),

[It] would not only be foolish but downright irresponsible to accept
the judgement of scientists and physicians without further examination.

! The y-axis of figure 13.1 represents what Funtowicz & Ravetz consider as a further suffi-

cient condition for applying PNS, i.e. the importance of the political decision to take.
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Figure 13.1: The scope of application of applied science, professional consultancy and post-
normal science. (Adapted from: Ravetz, 2004)

If the matter is important, either to a small group or to a society as a
whole, then this judgement must be subjected to the most painstaking
scrutiny. Duly elected committees of laymen must examine whether the
theory of evolution is really as well established as biologists want us to
believe, whether being established in their sense matters, and whether
it should replace other views in school. They must examine the safety
of nuclear reactors in each individual case and must be given access to
all the relevant information. They must examine [...] (pp. 96f.)

Clarifying in a footnote that “the advice in all cases is to use experts, but never to
trust them and certainly never to rely on them entirely”, Feyerabend largely agrees
with PNS.

Now that the paradigm of PNS is clarified, the question arises: Why should
policy-making be based on it? Whereas there might be all kinds of arguments
in favor of PNS, the following discussion is restricted to those which show that
PNS should be applied under — and because of — uncertainty and ignorance.
The arguments fall into two groups, namely epistemic and normative ones, and
are mainly adapted from or inspired by three different parties: Paul Feyerabend,
Ulrich Beck and Funtowicz & Ravetz & Co.?. Examples from Joseph Stiglitz’s
Globalization and Its Discontents (Stiglitz, 2002), a profound critique of the way

2

“Co.” like “commentators”.
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globalization is managed in general and of IMF policies in particular, will serve
to illustrate the arguments and remind us what actually is at stake.

13.2 Epistemic arguments for PNS

The epistemic arguments for PNS warrant one and the same conclusion: (im-
plementing) PNS tends to improve the quality of the background knowledge in
general and to reduce the degree of ignorance in particular. Assuming that that is
what we want, i.e. reducing ignorance, it follows that we should implement PNS.

The argument from plurality of perspectives

O’Connor (1999) expresses the general idea behind this argument,

[...] many different points of view can be expressed, none of which
is wholly convincing (to everybody, all of the time), none of which
deals entirely adequately with all aspects of the situation, but none of
which can be wholly rejected (by everybody) as having nothing at all
relevant to say about the situation and about what should be done and
why. (pp. 674f.)

So each person with its own individual perspective has something to add to the
overall picture of a policy problem. The European Environmental Agency (2001)
argues that that holds in particular for laymen,

these may include industry workers, users of the technology and people
who live in the locality or, because of their lifestyle or consumption
habits, stand to be most strongly affected. [...]

[The] benefit of attending to lay knowledge rests in its complemen-
tary character, its sometimes firmer grounding in real world operational
conditions — as already discussed — and the associated independence
from the narrow professional perspectives that can be a downside of
specialist expertise. (pp. 177f.)

In terms of our general framework: The involvement of laymen — thanks
to the complementary character of their knowledge — makes sure that further
possible outcomes of a policy-measure which had not been taken into account
before will be considered. The argument from plurality of perspectives can hence
be reconstructed as follows,

(1) No single individual and no single epistemic community (defined
by its shared background knowledge) is aware of all the aspects of
a complex policy decision.
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(2) The more different aspects are considered when exploring the -
tree, the more possibilities will be taken into account and the more
ignorance will be reduced.

(3) Extended peer communities represent the widest possible spec-
trum of different perspectives by recruiting scientists and (con-
cerned and unconcerned) laymen.

(4) Thus: PNS reduces ignorance and improves the available back-
ground knowledge as far as possible.

While premiss (1) is an empirical statement, it holds for systematic reasons.
Ongoing scientific progress (growth of knowledge-body) and limited human cog-
nitive capacities require an ever narrowing specialization of scientists. This spe-
cialization inevitably leads to a very specific perspective which does not compre-
hend all the relevant aspects of a situation. An extension of this reasoning yields
the argument from narrow-mindedness below.

The argument as reconstructed so far does not exclude other ways to enhance
the background-knowledge. What about interdisciplinary expert committees?
Maybe such very diverse groups including sociologists, anthropologists, biolo-
gists, economists, engineers, include as many different perspectives as a whole
extended peer community. To strengthen the case for PNS, we thus have to point
out that the perspectives of laymen are unique. Taking the above conclusion (4)
as a starting point, the argument thence continues,

(4) PNS reduces ignorance and improves the available background
knowledge as far as possible.

(5) Laymen, especially when directly concerned, have a unique per-
spective on a policy probiem.

(6) Only PNS, relative to alternative ways of policy-making, guaran-
tees the involvement of laymen in the assessment.

(7) Thus: None of the alternative ways of policy-making improves the
available background knowledge as much as PNS does.

Laymen can improve our background knowledge by reducing uncertainty be-
cause of their unique perspectives. An outstanding example of a layman who has
significantly reduced ignorance is Aldous Huxley. In his 1931 novel Brave New
World, he depicted a future society where every aspect of the human condition is
controlled and determined by means of applied science. Let us just consider one
particular aspect of his scenario: the purposeful, industrial production of men as
described in the first two chapters of the novel. In the Brave New World, men are
not born but are the product of a sophisticated technological process. This process
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starts with the cloning (‘bokanoskifying’) of human eggs. The fertilized eggs are
then filled into bottles where the growing embryo is submitted to dozens of dif-
ferent procedures aiming at conditioning it for its predestined place in society (for
every individual’s future purpose is known from the very beginning of the process
as they are produced ‘on demand’ with a correspondingly large planning horizon).
Yet, conditioning continues after the ‘decantation’ and young children are made
“liking what they’ve got to do”, as the director of the Central London Hatchery
and Conditioning Centre puts it, by means of electro shocks and alarm bells.

It is rather difficult to grasp the novelty of Huxley’s scenario today. Yet, the
following note in a foreword to the novel written in 1946 might give us a rough
idea about what creative and imaginative effort had been involved in depicting the
Brave New World,

In Brave New World this standardization of the human product has been
pushed to fantastic, though not perhaps impossible, extremes. Techni-
cally and ideologically we are still a long way from bottled babies and
Bokanovsky groups of semimorons. But by A.F. 600, who knows what
may not be happening.

Thus even 15 years after having written the novel, Huxley considered the sce-
nario still as being far from realizable. However, we did not even have to wait
until A.F. 150, i.e. 150 years after the advent of Henry Ford, to see these pos-
sibilities becoming more and more feasible! Genetic engineering will possibly
allow for much more precise, much more comprehensive and yet much more cost-
efficient manipulation of men than Huxley originally imagined. Huxley’s novel
was not a prediction, it was the description of a possible scenario, a scenario no-
body has seen as clearly as described by him before. This example underlines the
importance to involve laymen, including artists, novelists, poets and other creative
minds, in the scientific assessment of possible futures.

A less spectacular but no less important example are the IMF policies imposed
on countries that suffer an economic crisis. Stiglitz (2002) notes that the IMF
attitudes

were antidemocratic. In our personal lives we would never follow ideas
blindly without seeking alternative advice. Yet countries all over the
world were instructed to do just that. (p. xiv)

Stiglitz, who was chairman of the Council of Economic Advisors under presi-
dent Clinton, argues that the IMF should consult widely within a country because
those “within the country are likely to know more about the economy than the
IMF staffers—as I saw so clearly in the case of the United States” (p. 49). In fact,
“if the IMF underestimated the risks to the poor of its development strategies, it
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also underestimated the long-term social and political costs of policies that devas-
tated the middle-class, enriching a few at the top, and overestimated the benefits
of its market fundamentalist policies” (p. 84). If laymen had been involved in
assessing the possible outcomes of IMF policies, its possible implications for un-
employment and poverty could not have been ignored and riots which frequently
followed the implementation of IMF advice could have been prevented.

The argument from narrow-mindedness

This argument takes up a reasoning from the previous section. It argues that be-
cause scientists and experts are narrow-minded, they tend to make mistakes by
omitting possibly important aspects. Since such mistakes can be corrected by
laymen, their involvement improves our background knowledge.

One reason for the scientists’ narrow-mindedness is given by Beck (1986),

It is not the failure of individual scientists or disciplines, but it is sys-
tematically rooted in the institutional-methodological approach of the
sciences to risks. The sciences as they are organized today — with their
highly specialized division of labor, with their understanding of meth-
ods and theories, with their externally dictated abstinence from practi-
cal problems — are simply not in a position to adequately respond to
modern risks [“Zivilisationsrisiken”]. (p. 78)

According to Beck, it is the highly specialized division of labor which necessarily
leads to narrowed perspectives. Feyerabend (1978) underpins this sociological
observation with a general methodological argument,

Every piece of knowledge contains valuable ingredients side by side
with ideas that prevent the discovery of new things. Such ideas are
not simply errors. They are necessary for research: progress in one
direction cannot be achieved without blocking progress in another. But
research in that ‘other’ direction might reveal that ‘progress’ achieved
so far is but a chimera. (p. 89)

But can the ‘mistakes’ of highly specialized scientists which consist in omit-
ting possibly important side-effects, or in not pursuing worthwhile alternative di-
rections of research be corrected by laymen? Feyerabend strongly believes so,

That the errors of specialists can be discovered by ordinary people pro-
vided they are prepared to ‘do some hard work’ is the basic assumption
of any trial by jury. [...] This assumption is confirmed in trial after
trial. [...Science] is not beyond the reach of the natural shrewdness of
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the human race. 1 suggest that this shrewdness be applied to all impor-
tant social matters which are now in the hands of experts. (p. 97)

and he gives numerous examples of ‘outsiders’ and self-proclaimed ‘dilettantes’
who made valuable contributions to science such as Einstein, Bohr or Born to
name just three prominent ones (see Feyerabend, 1978, p. 88). This said, the
argument of narrow-mindedness can concisely be written as,

(1) Scientists are (for systematic, methodological reasons) highly spe-
cialized and thus narrow-minded.

(2) Narrow-mindedness might lead to mistakes due to omission.

(3) Laymen can correct mistakes which result from narrow-mindedness.

(4) In extended peer communities, layman supervise and correct sci-
entists.

(5) Thus: PNS improves the available background knowledge.

According to Stiglitz, narrow-mindedness is one of the main problems of the
IMF: Its staff — in particular its executive managers — consist of specialized eco-
nomists who believe that economic problems can be solved by considering eco-
nomic variables and applying economic policies only. But Stiglitz (2002) stresses,

The very notion that one could separate economics from politics, or a
broader understanding of society, illustrated a narrowness of perspec-
tive. (p. 47)

Had the IMF research activities and strategy formulation been reviewed by an
extended peer community, such narrow-mindedness could have been corrected.

The argument from unanimity

We reconstruct the argument from unanimity by Feyerabend (1978, pp. 88f.). Its
first part is a classical dilemma and warrants the conclusion that scientists tend to
make mistakes: Scientists either disagree on a policy recommendation or propose
it unanimously. If they disagree, at least one of them makes a mistake. Unanimity,
on the other hand,

is often the result of a political decision: dissenters are suppressed, or
remain silent to preserve the reputation of science as a source of trust-
worthy and almost infallible knowledge. On other occasions unanimity
is the result of shared prejudices [...]. Then again unanimity may in-
dicate a decrease of critical consciousness [...]. (Feyerabend, 1978,
p- 88)
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And all these attitudes are potential sources of mistakes, too. Assuming, similar
to the argument of narrow-mindedness, that such mistakes can be corrected by
laymen, we can conclude that PNS improves the available background knowledge.
In brief,

(1) If scientists disagree on an issue, at least one of them makes a
mistake.

(2) Unanimity of scientists, on the other hand, is sometimes the result
of suppressing dissenters or shared prejudices.

(3) A recommendation which was reached by suppressing dissenters
or which is based on shared prejudices might be mistaken.

(4) Laymen can correct mistakes, in particular those which arise out
of prejudices or because dissenters are suppressed.

(5) In extended peer communities, laymen supervise and correct sci-
entists.

(6) Thus: PNS improves the available background knowledge.

Again, Stiglitz (2002, p. 220) provides a nice illustration. He notes that there
is some general disagreement among economists as to which strategies are best
suited to combat (financial) economic crises (first horn of the dilemma). However,
according to Stiglitz’s account, the IMF presents its particular advice as the one
and only truth and as if there were no scientific controversy on these issues at
all, ignoring its discontents (second horn of the dilemma). Thus, global economic
policy-making will improve from lay-involvement.

The argument from unanimity, however, faces the following critique. State-
ments and recommendations which are based on prejudices, which arose out of
a narrowed point of view or which were not submitted to open critique certainly
lack credibility and policies should not be based on them. Still, these are clearly
not the virtues we traditionally attribute to science — but their reverse. The ideal
of the scientific method includes open, unprejudiced debate and critique. In this
light, Feyerabend’s arguments may be read as a plea for more good science rather
than for control of science. Instead of introducing external supervision of scien-
tific activities, we should foster the traditional virtues of science. But these are no
exclusive alternatives, as the next argument will show. In fact, PNS is an appro-
priate way to compensate the systematic deviation of scientific practice from its
ideal.

The argument from self-criticism

The main idea of this argument is that PNS enables scientists to exercise effective
self-criticism — a capacity they have lost at least to some extent because of con-
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flicts of interests. Beck (1986) stresses the need to ensure, by the purposive design
of institutions, that science not only controls but also criticizes itself,

The possibility of self-control, praised by all monopolists, must be
complemented by the possibility of self-critique. That is: What had
to fight its way against the dominance of professions or operational
management so far must be secured institutionally: counter-expertise,
alternative professional practice, inner-professional and -organizational
controversies about the risks of developments, suppressed skepticism.
In this case Popper is right indeed: Critique means progress. Only
where medicine stands against medicine, nuclear physics against nu-
clear physics, human genetics against human genetics one can see and
judge from outside the future that is in the making. Enabling self-
critique of all kinds is by no means a danger but the truly only way
how the error which will otherwise blow the world to pieces sooner or
even more sooner could be detected in advance. (p. 372)

Contrary to Healy (1999) who considers Beck’s proposal to strengthen the sci-
entists’ capacity of self-criticism as an alternative to PNS, I believe that the two
can be reconciled. All the more as Beck’s ideas even give rise to an argument in
favor of PNS. For indeed, extended peer communities are an appropriate institu-
tional set-up which reintroduces and guarantees effective self-criticism of science:
Dissenters who might have been ignored inside their scientific community will be
heard in extended peer communities, mainstream scientists will be forced to deal
with non-orthodox critiques. Because PNS recognizes the plurality of perspec-
tives, medicine will stand against medicine and nuclear physics will stand against
nuclear physics in extended peer communities. These communities can therefore
be regarded as blend-institutions which guarantee that the scientific mainstream
doesn’t directly, i.e. without being submitted to critique, without being blended
with other points of view, fuel the policy making process. The argument from
self-criticism hence becomes,

(1) Scientific research and progress is frequently the initial cause of
new dangers and risks and therefore needs to be regulated.

(2) Thus: Scientists, when advising policy-makers, sometimes have to
assess their own profession.

(3) The institutional organization of western science tends to punish
dissenters and self-critique and to promote conformity.

(4) Thus: Scientific advisors face a conflict of interest and their as-
sessments are sometimes likely to be fudged.
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(5) Extended peer communities correct such assessments, decrease
the pressure for conformity and enable scientists to exercise self-
critique.

(6) Thus: PNS improves the available background knowledge.

As might have been expected from the previous examples, the IMF seems to
be missing the capacity to criticize itself, too. Stiglitz (2002) says that “the last
thing {the World Bank and the IMF] wanted was a lively democratic debate about
alternative strategies” (p. 15). And the IMF “believed it [its market doctrine] so
strongly that it did not need to look at any evidence and gave little credence to
any evidence that suggested otherwise” (p. 208). The IMF’s unwillingness to
effectively criticize itself also became apparent in the reaction to Stiglitz’s book
(see Stiglitz, 2002, pp. 272f.).

The argument from tacit knowledge

When reconstructing the argument from plurality of perspectives, we have as-
sumed that the specific perspective of laymen is unique. That has been the reason
why they should be involved in the scientific assessment of a policy situation.
Now why can’t scientists acquire this unique knowledge by interviewing experi-
enced laymen? This would make lay-involvement — at least insofar as justified
by the plurality argument — obsolete.

However, knowledge that has been acquired by long lasting experience is fre-
quently tacit. And as such, it cannot be ‘extracted’ out of the lay person. In
addition, it is this tacit knowledge which matters during the scientific assessment
because informed judgment is required when deciding which possibilities to in-
clude in the ~y-tree and which not. Such decisions cannot rely solely on rules or
fixed standards as Funtowicz & Ravetz (1990) remarked generally,

The set of explicit rules can be insufficient for the proper operation of
the system. Judgements must be made for interpreting or occasionally
even over-riding the rules. These depend on the skills of recognition of
the degree to which a given situation matches that in a rule-book, and
also the skills of operating in circumstances not envisaged in the rule-
book. In the absence of such skills, either blind obedience or random
panic reactions are the only alternatives. (pp. 40f.)

The following argument summarizes this reasoning by restating the argument
from plurality,

(1) Tacit knowledge which has been acquired through long lasting ex-
perience and acquaintance with the corresponding system might be
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crucial when deciding which possibilities to include or to exclude
in the ~y-tree, i.e. for reducing uncertainty and ignorance.

(2) Scientists and experts have no more, and often less, of such tacit
knowledge than practitioners, experienced laymen and decision-
makers.

(3) Extended peer communities and the open dialogue make sure that
the implicit knowledge of such persons will be considered, too.

(4) Thus: PNS improves the available background knowledge.

The argument from plurality of scientific traditions

The argument from narrow-mindedness stressed that scientists are highly special-
ized and that the limits of their point of view incline to coincide with the limits of
their sub-discipline. This idea can be generalized as western scientists tend to be
narrow-minded not only with respect to their sub-discipline, but also with respect
to the scientific tradition they belong to.

Feyerabend (1978, pp. 100ff.) notes that there is no competition between dif-
ferent scientific traditions today and that western science is the only universally
accepted one. Yet, this does not simply stem from its merits.

It reigns supreme because some past successes have led to institutional
measures (education; role of experts; role of power groups such as the
AMA) that prevent a comeback of the rivals. Briefly, but not incor-
rectly: today science prevails not because of its comparative merits, but
because the show has been rigged in its favor. (p. 102)

For other scientific traditions might very well have something to add to our knowl-
edge, it is important to reinstall the competition between different scientific tradi-
tions.

This reasoning is strengthened by Beck (1986) who observes,

The currently accepted knowledge of the risks and dangers of the sci-
entific-technological civilization had actually to be established against
the massive denials, against the frequently fierce resistance of a ‘scien-
tific-technical rationality’ that has been self-sufficient and stubbornly
prejudiced due to its faith in progress. The scientific risk-research limps
behind the socio-environmental, progress related and cultural critique
of the industrial system in every respect. (p. 77)

Hence, there are not only alternatives to western scientific tradition, but this very
tradition has so far and in some cases prevented us from acquiring crucial knowl-
edge of future dangers and risks. Thus a further reason to complement it by alter-
native approaches.
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The fact that extended peer communities include representatives of alternative
scientific traditions and therefore foster the co-existence and the healthy competi-
tion of scientific cultures completes the argument.

(1) Western science is by no means the only scientific tradition which
might give rise to valuable knowledge.

(2) Western science has been denying and playing down much of the
dangers of modern technology we are nowadays aware off.

(3) Thus: The competition and mutual supplementation of scientific
traditions will enhance our background knowledge.

(4) Extended peer communities consider different scientific traditions
and foster their co-existence.

(5) Thus: PNS improves the available background knowledge.

As an example, consider the IMF again. Stiglitz (2002) criticizes the IMF
policies for being based on a very specific tradition of economic science,

Decisions were made on the basis of what seemed a curious blend
of ideology and bad economics, dogma that sometimes seemed to be
thinly veiling special interests. (p. xiii)

This would be impossible if extended peer communities assessed and discussed
the economic crises the IMF is supposed to deal with.

13.3 Normative arguments for PNS

In contrast to the epistemic arguments, the normative arguments for PNS do not
only warrant the same conclusion but also share a common assumption. This is
the assumption that what is normatively right or wrong is not objectively given,
i.e. moral realism is rejected. Accordingly, there is no expert knowledge in the
domain of ethics, and the right values are those which are agreed upon inter-
subjectively. Generally, this assumption endorses some kind of participatory con-
ception of ethics as discourse ethics. In terms of political philosophy, it urges that
decisions must be taken democratically (for normative reasons).

Sharing this assumption, the normative arguments try to show that PNS is the
only way to guarantee that all those who are concerned participate in every deci-
sion involving a value choice.
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The argument from limits of individual rationality

We have found in the previous chapter that there is no unique bridge-principle
for decision making under uncertainty and ignorance. In contrast, several alterna-
tive bridge-principles might be equally appropriate for one and the same decision
problem. Thus the choice of the bridge-principle to adopt is to some extent arbi-
trary and reflects some underlying values. Furthermore, once a bridge-principle
is agreed upon, there might still be several different strategies which are compat-
ible with the bridge-principle and the background knowledge so that yet another
arbitrary choice has to be made. It is this underdetermination Jaeger et al. (1998)
express in different terms,

The problem with the attempt to approach risk-studies through the es-
tablishment of one privileged expert consensus lies in the possibility
that more than one view of a specific risk may be perfectly defensible.
Although this possibility runs against the thrust of traditional philos-
ophy of science, it is easy to understand even from the perspective of
the rational actor paradigm. If the definition of risk is a matter of util-
ity functions and subjective probabilities, there is no reason to expect
a single definition to be superior to all other ones. Perfectly rational
people may hold different utility functions and subjective probabilities

L..1 (p. 185)

Now, given (i) the normative premiss that those who are concerned should
participate or at least be represented in a value choice as well as (ii) the fact that
any such participation is per definitionem an extended peer community, we may
infer that policy making under uncertainty and ignorance should correspond to the
principles of PNS.

(1) For any decision-problem under uncertainty and ignorance, there
is more than one appropriate bridge-principle.

(2) A choice between equally justified alternatives expresses some val-
ues and preferences.

(3) Thus: Adopting a specific bridge-principle is a choice which ex-
presses some underlying values.

(4) Value choices should be made by those who are concerned.

(5) Extended peer communities and extended peer communities only
guarantee that all those who are concerned participate or are rep-
resented in the choice for a certain bridge-principle.

(6) Thus: Under uncertainty and ignorance, decisions should be taken
in line with the principles of PNS.
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This argument urges that extended peer communities should carry out the eval-
uation — in addition to the scientific assessment — of the ~-tree, and take the
final decision. This, however does not distinguish between decision making un-
der uncertainty on the one hand and under certainty on the other. For even under
certainty, the evaluation of the a-tree requires a preference-relation among the
possible outcomes which is nothing but a normative judgment. The evaluation
of a policy problem thus should always, and not only under uncertainty and ig-
norance, be carried out by an extended peer community or an other democratic
institution which ensures the involvement of all who are concerned.

The argument from value-ladenness

As we have already seen when introducing PNS, the idea of value-ladenness is at
its heart. Consider again the quote from Funtowicz & Ravetz (1993),

The traditional fact/value distinction has not merely been inverted; in
post-normal science the two categories cannot be realistically sepa-
rated. (p. 751)

According to my interpretation of PNS, this statement does, however, not define
PNS but maintains that facts are inevitably value-laden under sufficiently large
uncertainty and ignorance. A similar observation is made by Beck (1986),

The claim to assess the extent of a certain risk in a rational and objec-
tive way permanently disproves itself: [...] In addition, one must have
adopted a certain normative stance in order to be able to talk meaning-
fully about risk at all. (pp. 38f.)

Therefrom Beck may infer that,

By dealing with risks the natural sciences have unintentionally and to
some extent deprived themselves of their power, have compelled them-
selves to become more democratic. (p. 77)

So far, the inevitable value-ladenness of scientific facts under uncertainty is
merely a claim and not warranted yet. Do Funtowicz & Ravetz argue for this
very thesis? Well, there is one line of argument which says that in addition to
factual uncertainties PNS has to deal with real ethical uncertainties, too, as “it
is impossible to produce a simple rationale for adjudicating between the rights
of people who would benefit from some development, and those of a species of
animal or plant which would be harmed” (Funtowicz & Ravetz, 1993, p. 751). But
even if Funtowicz & Ravetz were able to show that the emergence of factual and
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ethical uncertainties coincides, this would not at all yield the desired conclusion
of value-ladenness.

Yet, Ravetz (2004) seems to provide a compelling example for the inevitable
value-ladenness of facts,

After many generations of propaganda for science proclaiming its free-
dom from values, the secret has leaked out that all statistical tests are
value-loaded, necessarily designed to avoid one or another sort of er-
ror [...]. Without going into technicalities, we may say that any test
might be overly selective, rejecting correlations that are probably real;
or it might be overly sensitive, accepting correlations that are proba-
bly accidental. This distinction is most frequently expressed through a
‘confidence limit’, where a high confidence limit protects against over-
sensitivity but makes the test vulnerable to over-selectivity. What is
appropriate for a laboratory experiment, where the main concern is pro-
tecting the research literature from spurious results, may be quite inap-
propriate for exploratory or monitoring research, where weak signals
of harm may be all that we have. It is impossible to design a statistical
test which avoids both types of error; there must be a choice, made by
someone, somewhere. (p. 5)

Before discussing this issue in further detail, let us have a look at the whole
argument in its concise version and consider an example.

(1) There is no value-free risk assessment. In complex decision-situa-
tions, almost any scientific fact holds conditional to some implicit
normative assumptions.

(2) Thus: The acceptance of a fact requires the acceptance of some
specific values.

(3) Value choices should be made by those who are concerned.

(4) Thus: Which facts are to be accepted may not be decided by sci-
entific experts alone.

(5) Extended peer communities and extended peer communities only
guarantee that all those who are concerned participate or are rep-
resented in which facts to accept.

(6) Thus: Under uncertainty and ignorance, decisions should be taken
in line with the principles of PNS.

Value-ladenness is not merely an abstract problem as the IMF case illustrates.
Stiglitz (2002) points to the value-ladenness of IMF policies by noting that the
“lending decisions were political-—and political judgment often entered into IMF
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UNCERTAINTY-ASSESSMENT REPORT NoO. 1
prepared for the Committee ...
by the Task Force for the Assessment of Policy-Options.
Blueprint

Task: We have been charged by the committee to set up alternative policy
strategies for the handling of ... and assess their possible outcomes.

Strategies: We have examined the following range of policies: sy,.. ., S,.

Possible outcomes: The assessment involved several arbitrary choices so that
the results depend on the underlying assumption-cluster.

* Assumption cluster A gives rise to the following ~y-tree: ...
» Assumption cluster B gives rise to the following ~y-tree: ...

» Assumption cluster C gives rise to the following ~y-tree: ...

Caveat: We would like to remind the committee that the above -y-trees might
be incomplete for there might be possible outcomes we totally ignore and
which are not included in this report.

Figure 13.2: Blueprint for an uncertainty-assessment report.

advice” (p. 47). He adds that “the lack of concern about the poor was not just
a matter of views of markets and government, views that said that market would
take care of everything and government would only make matters worse; it was
also a matter of values—how concerned we should be about the poor and who
should bear what risks” (pp. 85f.). But instead of giving a priority to poverty
reduction, “U.S. economic interests—or more accurately, U.S. financial and com-
mercial market interests were reflected in the policies” (pp. 171f.).

However, to return to the abstract argument, I maintain that premiss (1) is not
generally true and although ‘scientific’ recommendations are sometimes value-
laden, this does not have to be the case. I will argue that the separation of facts
and values can principally be achieved in every situation. Thus, recall first that
the y-tree displays modal, non-normative information only. If a scientific assess-
ment which gives rise to a -y-tree is therefore value-laden, some of the statements
represented by the -tree have to hold conditional to some normative assump-
tions, e.g. they are based on some arbitrary choice. Now if such is the case, if
the y-tree inevitably rests on some arbitrary choices, then the assessment should
consists of several different y-trees corresponding to the alternative choices. As-
sume for example that some information incorporated in a y-tree is based on the
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statistical analysis of some data. This analysis should then be accomplished for
different confidence intervals and if these yield different results, the scientific as-
sessment should include several y-trees, namely one for each confidence interval.
The blueprint for an uncertainty-assessment report shown in figure 13.2 summa-
rizes the ideas outlined in this paragraph.

If the above guidelines are followed, value-ladenness can be avoided during the
uncertainty assessment. The argument from value-ladenness does consequently
not provide a reason to set up extended peer communities.

A pessimistic induction and the argument from trust

We have just seen that the separation of value-free assessment and normative eval-
uation is possible at least in principle. However, Jaeger et al. (1998) note that this
has rarely been achieved,

In many cases, especially in the areas where risk management based on
the rational actor paradigm has been most conspicuously applied, the
separation of assessment and evaluation seems to have been ineffec-
tive and, at times, counterproductive, leading to more opposition and
mistrust over time, instead of less. (p. 174)

These observations might give rise to an inductive, empirical and rather pragmatic
argument against the separation of assessment and evaluation and for PNS.

(1) As a matter of fact, the separation of risk assessment and evalua-
tion has rarely been effective.

(2) Thus: The separation of risk assessment and evaluation is not ef-
fective.

(3) If assessment and evaluation cannot be effectively separated, one
should not attempt to do so.

(4) Only PNS appropriately merges risk assessment and evaluation.

(5) Thus: Under uncertainty and ignorance, decisions should be taken
in line with the principles of PNS.

The fact that attempts to separate assessment and evaluation have not been ef-
fective yet, poses also a more general problem for the legitimation of government,
as Marchi & Ravetz (1999) see,

These new hazards combine extreme uncertainty with the possibility of
extended and irreversible harm. For them new forms of governance will
be required. In the absence of reliable scientific evidence, governance
in such difficult cases becomes more dependent on the trustworthiness
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of the authorities, achieved partly by an extension of public participa-
tion. (p. 755)

The argument from trust hence becomes,

(1) The legitimation (as opposed to legitimacy) of government action
depends crucially on its trustworthiness.

(2) Under uncertainty and ignorance, i.e. under the absence of clear
solutions to policy problems, trustworthiness cannot be achieved
by reference to scientific expertise. (As attempts to separate risk
assessment and evaluation typically result in mistrust.)

(3) Yet, participation is an effective means to foster the citizens’ trust
in their government.

(4) Thus: Participation becomes an important condition for legitimate
government.

(5) PNS is an appropriate framework for largest possible participation.

(6) Thus: Under uncertainty and ignorance, decisions should be taken
in line with the principles of PNS in order to enhance government
legitimation.

Both arguments are based on the inductive inference which concludes that as-
sessment and evaluation cannot be effectively separated. Still, this inference is
fallacious. The failure of attempts to separate assessment and evaluation only
shows that the above guidelines have not been applied strictly. Doing so will
help to restore trustworthiness not only of government action but also of scientific
expertise.

The argument from entanglement

So far, we have rejected one major argument which proclaimed the breakdown of
the traditional fact-value separation. Here is yet a much more cautious critique
of this distinction, put forward by Hilary Putnam who agrees that facts can be
distinguished from value-statements. He simply stresses that there is no sharp
borderline between the two and that

conceding that there is a class of (paradigmatically ethical) judgements
that contain perhaps nine or ten or a dozen familiar ethical words neither
solves any philosophical problems, nor tells us what exactly makes a
word an ethical word, nor requires us to concede that all the non-ethical
judgements fall into one or even two or three natural kinds. (Putnam,
2002, p. 16)
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According to Putnam and several other philosophers, there are many so-called
thick concepts which are neither purely normative nor exclusively descriptive but
blended. The inseparability of facts and values accordingly becomes a linguis-
tic thesis: Values and facts are entangled because the meaning of many words
comprehends a normative as well as a descriptive component.

This kind of entanglement could pose a problem for value-free uncertainty-
assessment if the description of the v-tree, i.e. of the alternative strategies or the
possible outcomes, necessarily involved thick concepts. For even describing a
scenario in these rather than in other words would then be an arbitrary choice re-
flecting some underlying value-statements. This reasoning results in the following
argument for PNS,

(1) The description of possible outcomes will necessarily involve thick
concepts.

(2) The meaning of thick concepts includes a normative component.

(3) Thus: Adopting a specific description implies to accept certain
value statements.

(4) Value choices should be made by those who are concerned.

(5) Thus: Which descriptions are to be adopted may not be decided
by scientific experts alone.

(6) Extended peer communities and extended peer communities only
guarantee that all those who are concerned participate or are rep-
resented in which descriptions to adopt.

(7) Thus: Under uncertainty and ignorance, decisions should be taken
in line with the principles of PNS.

Now, as a matter of fact, thick terms like ‘acceptable risk’, ‘severe risk’, ‘catas-
trophic damage’, ...seem to be used in scenario descriptions. But does this have
to be the case? Are thick concepts indispensable for depicting possible outcomes?
Are they irreducible? Or can we always give a neutral, non-normative account of a
possible outcome? Answering these questions is beyond the scope of our enquiry
as it would require a couple of detailed case studies to get an idea about which
languages are appropriate for scenario based planning and which are not.>

Insofar as possible outcomes can really not be described in a value-neutral lan-
guage, we have here a normative argument for lay-involvement in the uncertainty-
assessment. Even then, the separation of facts and values, although impossible to
realize fully, should remain a regulative ideal of the policy-process.

3 Thereby, the family of IPCC scenarios would definitively be an interesting case to start

with.
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13.4 Dangers and a modification of PNS

Though there are several reasons to organize policy making according to the prin-
ciples of PNS, we may not omit the risks of doing so. Just imagine a debate where
particle physicists as well as plumbers, post-modern sociologists as well as train
conductors, lawyers and homeopaths, politicians and astrologers participate all
alike. Will this debate ever lead to some result? If every (scientific) standard is
contested in PNS, by which criteria is quality defined in PNS? Based on which
grounds will the extended peer community reach some agreement if there is a
plurality of scientific cultures and epistemic traditions?

However, the risk is much larger than a simple deadlock of policy-debates
for PNS is supposed to be not only a procedure for policy-making but a way to
reorganize science in policy-relevant fields. Yet, will science be able to fulfill one
of its important social functions, namely to provide means to question and criticize
social and political practices, if standards of quality are qualified and science is
at least a priori not given more credit than any other cultural enterprise? Should
we brush off the advice that a member of the Constituent Assembly of the French
Revolution gave his co-revolutionaries?

Let us not forget that long before we did, the sciences and philosophy
fought against the tyrants. Their constant efforts have made the revo-
lution. As free and grateful men, we ought to establish them among us
and cherish them for ever. For sciences and philosophy will maintain
the liberty which we have conquered. (quoted from Hobsbawm, 1977,
p. 336)

Beck (1986) pinpoints the current risk of immunizing social practices against any
critique by relativizing science,

[This development] might give rise to an emancipation of social prac-
tices from science through science; on the other hand, it immunizes
accepted ideologies and interests against scientific critique and opens
the fioodgates to a feudalization of scientific authority by economic-
political interests and ‘new ideological powers’. (p. 257)

Accordingly, not only will it become more and more difficult to criticize some
social practice if the plurality of scientific traditions is fully endorsed but also it
will become easier to ‘scientifically’ legitimate any practice.

These risks are to some extent addressed by Ravetz (2004),

There is a systematic problem here: if traditional research science re-
quired collegiality and a shared idealism for its maintenance, how can
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quality survive in the adversarial atmosphere of policy-relevant science.
[...] To be sure, when violent debate is dominant, then accusations of
‘junk science’ will fly in all directions. But the process of post-normal
science is one of mutual learning. It first requires respect and then ap-
preciation, of the perspectives and commitments of other parties in the
extended peer community. Trust can be built, and then extended peer
review can be done successfully. (p. 10)

More precisely, what guarantees the quality of information and background knowl-
edge in PNS is the quality of the debate in the extended peer communities. It
should conform as much as possible to a non-authoritarian, argumentative dis-
course between equal participants who thereby engage in “communicative action”
(Habermas). If debate in the extended peer communities conforms to this ideal at
least partly, then a society will improve and not degrade its overall capacity to
deliberate and criticize.

As a result of the discussion of PNS in the course of this chapter I propose
to modify the idea of PNS slightly. Under uncertainty and ignorance, the whole
political process should be divided into two steps. The first step consists in the
assessment of the options and their possible outcomes which eventually gives rise
to a (or several) y-tree(s). For epistemic reasons, this assessment should be ac-
complished by extended peer communities. By trying to avoid thick concepts,
they can ensure that the «-tree is nearly value-free. The second step comprises the
evaluation of the ~y-tree, including the choice of a bridge-principle and the final
decision. This evaluation must be accomplished by extended peer communities or
other institutions which guarantee the involvement of all who are concerned for
normative reasons. In sum, this modification structures the political process and
separates different debates so as to increase transparency, minimize complexity
and avoid possible confusions.

The examples taken from Stiglitz’s critique of global politics should have made
clear: The ideas discussed in this chapter and which conclude our investigation
are not merely of academic interest but have a huge potential impact on how we
shape our common future. If we stop pretending to have valuable foreknowledge
and if we fully acknowledge our ignorance, we will be able to take more reason-
able, more honest, and more democratic decisions. Yet, one cannot underestimate
the challenge this represents: Switching the mode of our debates from perfect
foresight and risk to uncertainty and ignorance, and from scientific authority to
pluralism will multiply the complexity of argumentation. It is an open question
whether this will exceed our collective (institutional) and individual (cognitive)
capacities.
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A: Taylor diagram

The following reasoning shows that the linear distance between a point represent-
ing a model and the point of reference in a Taylor diagram (figure 4.10) represents
the part of the RMSE that is not due to bias, divided by the observed variable’s
standard deviation. Let us consider the forecast ;_1.X tF as random variable, then
the forecast errore; = ;1 X tF — X, is arandom variable, too, and as we have seen
in Chapter 2, the MSE can be written as

MSE = E((e;)?)
Substitution that makes use of the definition of variance and covariance yields

MSE = E((-1X] = X.)?) = E((t1 X)) = 2. X X, + (X4)?)
= E((:1X7)") = 2B((1 X)) X) + E((X2)?)
= V(-1 X]) + E(1 X)) + V(X:) + E(X)?
—2COV (i1 X[, Xi) — 2B(:1 X{ )E(X))
= fv(t—le) + V(X;) = 2COV (1 X/, X))
+(E(1 X)) + E(X:)? - 2E(1 X)) E(XL)

This expression nicely pinpoints the two components of the MSE: The first bracket
represents the part that stems from the variables’ volatility, and the second bracket
stands for the error solely due to bias. It follows for MSE,,

hé?i) N V(X y (Ve XE) + V(X0) ~ 200V (- X], X))

V(1 XF)  2COV(_1XF, X;)
V(Xt) V(X)
V(s XD) VYV XD COVGXE, X))

V(X;) VVX) V(e XP)V(XY)

= 1+
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V(-1 XF) 9 V(i1 XF)

VX)) VX,

where R,  xryx, is the correlation coefficient between the predicted and the
observed values. Now, the special scale of the half circle in the Taylor diagram
ensures that R, XFXx, = sin(a) for a given forecast represented in the diagram
with o being the angle (forecast-point—(0,0)—point of reference). According to
pythagoras and basic trigonometry it follows that the linear distance between the
forecast-point and the point of reference is equal to the RMSE not due to bias
normalized by the standard deviation ¢ of the observations, namely EMS%M =

\/ MVS(—%‘;L Thus, if the forecast is not biased, the linear distance represents the
relative RMSE adjusted for the predicted variable’s volatility.

B: Original quotes

Page 83:

Der Satz: Wirtschaftsprognose ist mit den Hilfen, die dkonomische
Theorie und Wirtschaftsstatistik bieten, grundsitzlich unméglich, [. .. ]
muf [...] dahingehend interpretiert werden: Auch wenn es eine pos-
itive Theorie der Wirtschaftsprognose gébe, was wir leugnen, so wire
Wirtschaftsprognose als solche noch immer ungentigend, weil die Wirt-
schaftsabldufe durch andere Umstinde, andere Verhaltensarten mitbe-
dingt sind, die gleichfalls mitvorausgesagt werden miiBiten, aber nicht
vorausgesagt werden kénnen. Oder anders: Eine Prognose von wirt-
schaftlichen Vorgingen ist eo ipso eine Mitprognose von anderen Ver-
haltensarten, die sich im wirtschaftlichen Verhalten irgendwie quantita-
tiv niederschlagen. Das geht aber unter allen Umsténden iiber den Mdog-
lichkeitsbereich der ckonomischen Theorie hinaus, ganz gleichgiiltig,
ob die Theorie der Prognose noch so brilliant sein mag oder nicht.

Page 104:

Keineswegs alle Datensitze gehen aus direkten und auf diesen Erkennt-
niszweck bezogenen Erhebungen hervor. Viele Informationen miissen
durch Kombination von Daten gewonnen werden, die fiir diese Kom-
bination urspriinglich nicht gemacht sind. Viele Daten miissen auch
durch duBerst kreative Schitzungen produziert werden. Man wird wohl
auch heute mit einer Mischung aus Respekt und leiser Bangigkeit sagen
diirfen: In den VGR [Volkswirtschaftlichen Gesamtrechnungen] muss
auch ein wenig gezaubert werden.



Appendix 257

Page 105:

Das Aufstellen von Volkswirtschaftlichen Gesamtrechnungen ist ange-
sichts der Unvollkommenheit der statistischen Fundierung eher als kre-
ativer Vorgang denn als Rechenprozess zu verstehen.

Page 105:

Welcher Wert innerhalb der Bandbreite der vom Schitzenden nach Aus-
schopfung aller Informationen als gleich glaubwiirdig beurteilten Er-
gebnisse fiir den einzelnen Tatbestand letztendlich ver6ffentlicht wird,
ist grundsitzlich ohne Bedeutung und in der Tat mehr oder weniger
willkiirlich.

Page 105:

Den wahren Wert des Bruttoinlandsprodukts kennt niemand. Die vom
Statistischen Bundesamt fiir Deutschland veréffentlichten Zahlen stel-
len jeweils die aus Sicht der fiir die Berechnung und Veréffentlichung
Zustindigen ‘beste’ Zahl dar. Sie ist im Prinzip immer ‘vorldufig’.

Page 105:

Der Datennutzer ist stets in Gefahr, RegelméBigkeiten, Beziehungen,
strukturelle Stabilitidten herauszurechnen, die das statistische Amt bei
der Schitzung der Daten hineingerechnet hat, weil namlich nur mittels
Verhiltnisschitzungen oder Regressionsschitzungen Ergebnisse auch
fiir solche Bereiche zu gewinnen sind, fiir die direkte Erhebungen nicht
vorliegen.

Page 107:

In diesen Fillen miissen Schattenpreise bestimmt werden, das heifit
Preise, die potenziellen Marktpreisen nahe kommen. Hierbei gibt es
in der Regel nicht nur einen einzigen Wert. Vielmehr sind (z.B. je nach
unterstellter Nutzung) mehrere alternative fiktive Preise moglich, die
auf mehr oder weniger zweifelhaften Annahmen beruhen konnen.

Page 107:

Ein wirklicher Marktwert existiert meist nicht, und damit ist man auf
Schitzungen angewiesen, die aber in Wirklichkeit wegen ihrer prinzip-
iellen Uniiberpriifbarkeit Festsetzungen sind. {...] Hier werden Zahlen
eingesetzt, mit denen man nicht viel anfangen kann, und damit bekom-
men Begriffe wie Lohne, Gewinne usw. eine Bedeutung, die sie im
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normalen Sprachgebrauch nicht haben und die man nur noch nach ein-
gehendem Studium der angewandten Berechnungsmethoden erfassen
kann.

Page 114:

Wir haben ein Wirtschaftssystem vor uns, in dem sich die Wirtschafts-
wie Unternehmerakte auf eine mehr oder minder genaue Kenntnis und
eine in verschiedenem Grade gerechtfertigte Vermutung von dem Ver-
halten, das ist der Gesamtheit der 6konomischen Akte, der betreffenden
Individuen stiitzen.

Page 114:

In diese Situation kommt nun die Totalprognose: es wird von einer
Stelle, die volles Vertrauen genieft, eine Lagebestimmung des Gesamt-
systems fiir eine an die gegenwirtige unmittelbar anschlielende Zeitpe-
riode vorgenommen. [...] Vorausgesagt wird also eine Gesamtheit von
Wirtschafts- und Unternehmerakten. Diese Voraussage wird aber von
den Trigern dieser zukiinftigen Wirtschaftsakte als richtig angenom-
men. Es tritt also in jede einzelne Individualprognose ein neues Datum
ein: Das Wissen um das Verhalten der anderen. [...] Das neue Datum
ist unter allen Umstédnden so wichtig, daf es alles wirtschaftliche Ver-
halten beriihren muB. {...] Die Wirtschafter und Unternehmer werden
also [...] eine Umstellung ihrer Dispositionen — oder allgemeiner:
Entscheidungen — vornehmen.

Page 115:

[Das] Ausmaf der wirklichen Verinderungen ist unter allen Umstéinden
viel groBer als das der vorausgesagten. Die Dauer der wirklichen Ge-
schehnisse kann mit der vorausgesagten nicht zusammenfallen.

Page 115:

Man muB also die Frage erwigen, ob nicht eine soiche Berichtigung
der Prognose in Frage kommt, damit sie schlieBlich doch wahr werde.
Wird die erste Prognose bekannt gegeben [...], so wire die Moglich-
keit vorhanden, dieser Prognose eine zweite [.. . ] nachfolgen zu lassen.
Die zweite Prognose wiirde das Vorhandensein der ersten als Datumn fiir
die Wirtschaft anerkennen und damit zu rechnen haben.
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Page 179:

So gilt fiir [...] zielgerichtete Handlungen, dass sie um so rationaler
sind, je besser der mit ihnen verkniipfte Anspruch auf [...] Effizienz
begriindet werden kann.

Page 205:

Durch das Hochschrauben der Wissenschaftlichkeitsstandards wird der
Kreis anerkannter und damit handlungsrelevanter Risiken minimiert,
und folglich werden implizit wissenschaftliche Freibriefe der Risikopo-
tenzierung erteilt. Zugespitzt formuliert: Das Bestehen auf der ‘Rein-
heit’ der wissenschaftlichen Analyse fiihrt zur Verschmutzung und Ver-
seuchung von Luft, Nahrungsmitteln, Wasser und Boden, Pflanze, Tier
und Mensch.

Page 218:

Entwicklungsvarianten kénnen also die Zukunft verbauen oder offen-
lassen. Je nachdem wird also eine Entscheidung fiir oder gegen eine
Reise ins unbekannte Niemandsland der zwar ungesehenen, aber ab-
sehbaren ‘Nebenfolgen’ getroffen. Wenn der Zug einmal abgefahren
ist, ist es schwer, ihn wieder anzuhalten. Wir miissen also Entwick-
lungsvarianten wéhlen, die die Zukunft nicht verbauen und den Mo-
dernisierungsprozess selbst in einen Lernprozess verwandeln, in dem
durch die Revidierbarkeit der Entscheidungen die Zurticknahme spéter
erkannter Nebenwirkungen immer mdoglich bleibt.

Page 218:

Wir miissen also praktische Entwicklungen daraufhin untersuchen, ob
sie einen Risiko-Gigantismus enthalten, der den Menschen seiner Men-
schlichkeit beraubt und ihn von nun an bis in alle Ewigkeit zur Fehler-
freiheit verdammt.

Page 239:

Es ist [...] nicht das Versagen einzelner Wissenschaftler oder Diszi-
plinen, sondern liegt systematisch in dem institutionell-methodischem
Zugriff der Wissenschaften auf Risiken begriindet. Die Wissenschaften
sind so, wie sie verfasst sind — in ihrer iiberspezialisierten Arbeits-
teiligkeit, in ihrem Methoden- und Theorieverstindnis, in ihrer fremd-
bestimmten Praxisabstinenz —, gar nicht in der Lage, auf die Zivilisa-
tionsrisiken angemessen zu reagieren [...].
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Page 242:

Die Moglichkeit der Selbstkontrolle, die alle Besitzer von Monopolen
hochhalten, miissen ergidnzt werden durch die Moglichkeit der Selbst-
kritik. Das heif3t: was bisher sich nur mithsam gegen die Dominanz von
Professionen oder betrieblichem Management einen Weg freikimpfen
kann, muss institutionell abgesichert werden: Gegenexpertise, alter-
native Berufspraxis, innerberufliche und -betriebliche Auseinanderset-
zungen um Risiken eigener Entwicklungen, verdréngter Skeptizismus.
In diesem Fall hat Popper wirklich recht: Kritik bedeutet Fortschritt.
Nur dort, wo Medizin gegen Medizin, Atomphysik gegen Atomphysik,
Humangenetik gegen Humangenetik, Informationstechnik gegen Infor-
mationstechnik steht, kann nach auflen hin {ibersehbar und beurteilbar
werden, welche Zukunft hier in der Retorte ist. Die Erméglichung von
Selbstkritik in allen Formen ist nicht etwa eine Gefahrdung, sondern
der wahrlich einzige Weg, auf dem der Irrtum, der uns sonst frither
oder noch frither die Welt um die Ohren fliegen l4sst, vorweg entdeckt
werden konnte.

Page 244:

Das heute anerkannte Wissen um die Risiken und Gefihrdungen der
wissenschaftlich-technischen Zivilisation hat sich {iberhaupt erst gegen
die massiven Leugnungen, gegen den oft erbitterten Widerstand einer
— selbstgentigsam und borniert in Fortschrittsgldubigkeit befangenen
— ‘wissenschaftlich-technischen Rationalitit’ durchgesetzt. Uberall
hinkt die wissenschaftliche Risikoforschung der sozialen Umwelt-, Fort-
schritts- und Kulturkritik am Industriesystem hinterher.

Page 247:

Der Rationalitdtsanspruch, den Risikogehalt des Risikos sachlich zu
ermitteln, entkréftet sich permanent selbst: [...] Zum anderen muss
man einen Wertstandpunkt bezogen haben, um iiberhaupt sinnvoll iiber
Risiko reden zu konnen.

Page 247:

In der Beschiftigung mit Risiken haben die Naturwissenschaften unge-
sehen und ungewollt sich selbst ein Stiick entmachtet, zur Demokratie
gezwungen.
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Page 253:

[Diese Entwicklung] enthilt die Chance der Emanzipation gesellschaft-
licher Praxis von Wissenschaft durch Wissenschaft; andererseits immu-
nisiert sie gesellschaftlich geltende Ideologien und Interessenansprii-
che gegen wissenschaftliche Aufkldrungsanspriiche und 6ffnet einer
Feudalisierung wissenschaftlicher Erkenntnisanspriiche durch 6kono-
misch-politische Interessen und ‘neue Glaubensmichte’ Tor und Tiir.
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