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   Preface 

   This monograph is multivariate, multiperspective, and multipurpose. We intend to 
be innovatively integrative through statistical synthesis. Innovation requires capacity 
to operate in ways that are not ordinary, which means that conventional computa-
tions and generic graphics will not meet the needs of an adaptive approach. Flexible 
formulation and special schematics are essential elements that must be manageable 
and economical. 

 We fi nd that the computational context of the  R  statistical software system is 
quite convenient for meeting these needs.  R  is easily available without charge and 
extensively augmented by CRAN contributions. Compared to other language-like 
software systems,  R  gives the user high-level commands while allowing many mod-
ifi cations on an optional basis along with capability for custom composition.  R  is 
keyboard and keyword controlled, however, as opposed to being mostly mouse-a-matic. 
Consequently, some learning and experimentation are required to proceed profi -
ciently. A purpose of practicality is thus to be enable Rs of those who are interested 
enough to delve deeply into data and pursue practice. To encourage this degree of 
dedication, we have a didactic dataset that threads through all but a couple of the 
chapters. This demonstrative dataset is suffi ciently small to be entered entirely by a 
patient person in a single session, but extensive enough to provide practice by select-
ing several subsets. An auxiliary of appendices is provided for preliminary practice 
with  R . 

 A philosophical purpose is to accomplish some attitude adjustment with regard 
to analytical alternatives that tend to be conceived as competing. We encourage 
shifting the concept of  competition  to  complementary  insofar as appropriateness of 
assumptions may allow. We promote what we call “comparadigms” of comparative 
analysis whereby insight is gained from differences that emerge by varying views, 
such as scalings and statistical strategies. The underlying question here is  when does 
a (statistical) difference make a difference (that is evident or suggestive) ? The extra 
effort of traveling alternate routes to an intended end can either offer insights or be 
comfortingly confi rmatory. 
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 We further transmute  competing  into  coupling  through what we will call  data 
distillation  to distinguish it from other monikers, such as data mining. Packaged 
protocols of statistical systems typically all have the same starting point of the basic 
data table (matrix). We will often do differently by feeding forward the results of 
one analysis into another analysis as a chain of informational condensation. Many 
analytical activities act as fi lters that mute minor messages and amplify aspects of 
major messages. We thus have a progressive process of obtaining overtones and 
portraying prominent patterns. Retaining results from intermediate operations 
allows for stepping back to add interpretive undertones that may also carry impor-
tant implications. 

 Another point of perspective lies in remembering that data are dualistic as inter-
play between observational instances and values of variates. There are variations in 
the view with addition or deletion of cases, and likewise for variates. This is clari-
fi ed by considering each case to be a sort of signaling device, and the variates to be 
transmissive channels for conveying content. A crucial question in probing for pat-
terns is whether certain subsets of the case devices are projecting peculiar/particular 
patterns on some of the channel variates. Such dual decomposition of data is the 
essence of data distillation. 

 Interwoven throughout this thematic tapestry is a primary purpose of promoting 
partial prioritization. This problem is pervasive in modern society from environ-
ment to economics. Complete prioritization is often quite contentious, but picking 
the best of the better and the worst of the worse will often suffi ce to allocate avail-
able resources and alleviate partisan paralysis. Since combinatorial computations 
are often involved in prioritization, preliminary partitioning into similar sets can 
rapidly reduce the computational concerns. Therefore, clusters of cases and charac-
terizing collectives can be crucial. While objectivity is essential for circumventing 
confl icts, it is also essential not to exclude expertise. Transparency is likewise a 
critical concern, for which easily deciphered displays are especially effective. We 
have endeavored to present the particulars in a manner that is accessible and accept-
able to a spectrum of professional practitioners as well statistical specialists.    

University Park, PA, USA Wayne L. Myers
 Ganapati P. Patil
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 Our primary perspective lies with practical procedures for strategic screening and 
partial/progressive prioritization when there are multiple measures containing 
comparative criteria for substantial sets of informational instances. Computational 
considerations impose constraints on combinatorial comparisons, and perception of 
patterns for visual verifi cation helps to cope with complexity. The open source data 
analysis system called  R  ©  (R Development Core Team  2008  )  is well suited for this 
coupling of computation and cognition. We seek secondarily to provide a portal into 
the realms of  R  through exposition by example. For continuity of comparison, we 
concentrate on a dataset of cellular conservation characteristics for the State of 
Pennsylvania (Myers et al.  2000  ) . This has been a favorite dataset for us in illustrating 
innovative analytical approaches since it allows us to incorporate spatial proximity 
into the comparative context. This dataset is shown in Appendix 1, and provides the 
present point of departure. The  R  software can be downloaded via the  R -project Web 
site   http://www.r-project.org     making it readily available to all. Appendices 2–5 offer 
a springboard for those who are unacquainted with  R  consisting of introductory learn-
ing exercises that have served as the basis for workshops to introduce  R  protocols. 

 We confi gure what might be called  comparadigms . We collect data on instances 
of interest in terms of multiple observable properties through some protocol(s) of 
quantifi cation to obtain a matrix (table) of data. By means of analytical methods we 
then compare several properties on the individual instances and compare the proper-
ties across instances to obtain prominent patterns. The information available for 
comparison is inherently dualistic—it arises jointly from the choice of instances on 
which to observe properties and from choice of properties to observe on instances. 
An instance can be considered informally as a sort of signaling device for monitor-
ing a complex contextual environment and the properties (or indicators) as channels 
through which signaling is being conducted. Interest lies in analyzing the outputs of 
the several such devices to determine clarity of signals and characterize complexity 
regarding comparative status of the environments being monitored. 

 Many or even most analytical approaches provide ways of fi ltering the outputs to 
enhance clarity and determine collective modes of operation with regard to signaling. 

    Chapter 1   
 Motivation and Computation                  

http://www.r-project.org


2 1 Motivation and Computation

We are most interested in  prominent patterns  or  major messages  that emerge from 
the data domains; and, in this sense,  data distillation  might be an appropriate adjunct 
to the jargon of  data mining . Underlying our approach is intent to promulgate pre-
cedence of preference among instances for partial and/or progressive prioritization 
while lending logic and logistics to public portrayal of a prioritization process. The 
imperatives are often to target the best of the best as prime prospects or the worst of 
the worst as critical cases, leaving the mixed messages for later etiological investi-
gation of interactions. Note that our use of the term  precedence  in relation to prefer-
ence among instances is not to be confused with the so-called precedence-type 
statistical tests for comparison of treatments with a control which focus on the order 
of occurrence for outcomes (Balakrishnan and Ng  2009  ) . 

 Our approach is unconventional in asserting that multiple views have greater 
prospect of revealing prominent patterns than single views, so we couple what are 
often seen as competing methodologies while looking for commonalities and 
contrasts. We suggest analytical sequences whereby the results of one analysis are 
fed into another analysis instead of starting over directly from the data. Each analy-
sis in such a sequence becomes a sort of fi lter that feeds forward amplifi ed aspects 
of major messages while muting more minor messages. We do not insist on show-
ing statistical signifi cance as a prerequisite for probing possibilities. We do, 
however, use distributional models as frames of reference. In the course of these 
pursuits, we endeavor to demonstrate how each analytical activity serves as a lens 
for learning. 

 Since terminology can be a source of confusion, it should be addressed carefully 
as the need arises, and some such is appropriate at the outset. The term  case  is 
shorter than the term  instance  and, although it has several other meanings, is not 
likely to cause confusion when used as a substitute for  an   individual   instance  herein. 
A specifi c set of cases having some commonality is called a  collective . Analysis can 
be conducted at the level of either case or collective, with collective constructs being 
useful for controlling complexities of computation. In addition to using the terms 
 case  or  collective  instead of instance, we use the term  variate  for a property as quan-
tifi ed by a specifi ed protocol with these quantities  varying  from case to case. It is 
this case-to-case variation that is of primary interest, since complete uniformity of 
quantity across cases becomes only a composite characterization rather than a 
comparative characteristic. When variates satisfy special strictures, they will be 
considered as investigative  indicators . We thus consider a  multivariate data matrix  
that comprises  n  cases or collectives of cases as rows and  p  variates or investigative 
indicators as columns along with a leading column of IDs. 

   Plan of Presentation 

 We begin by delving directly into our data domain and its conservation context 
followed by a briefi ng on basic building blocks of architecture in  R  (Venables et al. 
 2005 ; Hogan  2010  ) . After cursory consideration of command context for  R , 
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we pursue parsimony in a simplifying sequence of scalings for variates. Starting 
with original observations, statistical standardization serves to suppress differences 
due to units of measure. Relative ranking further removes distributional differences, 
leaving only ordinal aspects of analysis. This threefold suite of scalings makes an 
ideal introductory platform for applying special scaling schematics in  R , such as 
parallel boxplots and “pairs” plots of lattice graphics (Verzani  2005 ; Crawley  2007 ; 
Horton and Kleinman  2011  ) . We then move to complexities of covariances and 
correlations among multiple measures as refl ections of their relationships and 
redundancies. This leads to rotational rescaling regimes and abstract autonomous 
axes as virtual variates “packaged” in terms of principal component analysis (PCA) 
and disposable dimensions. 

 Creating collectives by clustering can circumvent computational constraints, 
cope with complexity, and simplify schematics. Dealing with disparities as 
distances is common in clustering, and there are many methodological modalities 
and depictions as dendrograms. Combinatorial keys to clusters can be inferred 
from classifi cation and regression trees (CART). Confl icting clusters from alterna-
tive approaches can be reconciled by comparative contingency. Contingent clusters 
can be cast comparatively in low dimensional distance domains called principal 
coordinates (PCO) by methods of multidimensional scaling that concentrate on 
capturing neighborness    with minimal structural stress that would induce distortion. 
Skeletal structures of networked neighbors can serve to show sensitivities to scal-
ing scenarios. 

 Prioritization perspectives progress from collectives to cases. Rating regimes for 
ascribing advantage and perceptual precedence plots furnish a framework connected 
to concepts of partial ordering (Brüggemann and Patil  2011  ) . Subordination sche-
matics and representative ranks become combinatorial constructs for condensing 
criteria and ORDIT ordering for sequencing of sets. Coupling of comparatives and 
salient scaling promote partial prioritization. Cases of clarity lie in convergent 
corners of coupled comparatives, whereas complexity and confounding are charac-
teristic of a mixed middle. Median mismatches are functional features for investi-
gating interplay of indicators. Rank rods, end extents, and distal data diagnostics 
reveal candidate cases for remediation and retention whereby a particular criterion 
is substantially degrading overall status or elevating otherwise inferior status. 
Complementary cases can be chosen in progressive prioritization by revising ranks 
so that advantage accrues only if a candidate has one or more ranks that are better 
than those found among previous picks. Landscape linkages can contribute to 
confi guring criteria where selections are spatially specifi c. Constellations of criteria 
can be considered in confronting complex contexts. 

 Although matrix mechanisms underlie much of the methodology, they receive 
minimal mention in the main parts of the presentation. So that the matrix function 
facilities of  R  are not neglected, however, some of the earlier exposition is revisited 
and extended in a mechanistic matrix mode. The focus here is on virtual variates 
obtained by rotational transformation and inverted accordingly as may be appropri-
ate. The purview that we present provides a pathway for pursuing particulars of 
partial order and systematic selection from sequences of sets.  
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   Data Domain 

 The setting for our data domain is the State (Commonwealth) of Pennsylvania in the 
USA partitioned by a tessellation/zonation into 211 hexagonal cells with each cell 
encompassing 635 km 2 . The hexagonal cells have been numbered as part of a North 
American grid whereby the numbers increase along northeast to southwest sequences 
of cells. Thus, there are breaks in the numbering for Pennsylvania as the sequences 
of cells enter and leave the state. The geographic arrangement of cells and number-
ing is shown in Fig.  1.1 .  

 As a further frame of reference, Pennsylvania is situated in northeastern USA 
with New York State on its northern (upper) border and the northwestern corner 
jutting up to Lake Erie. The topographic character of the state is shown by virtual 
hill-shading in Fig.  1.2 . This reveals the overall geologic and physiographic charac-
ter of the state, with predominance of the sandstone-based Appalachian Plateaus in 
the west and north where weathering of rock produces rather coarse-textured and 
infertile soils that do not support extensive agriculture involving row crops. Eons of 
erosion in the Appalachian Plateaus have created deeply cut river valleys and rug-
ged terrain in the uplands with extensive forest that may be quite fragmented in 
some subregions.  

 To the east and south of the Appalachian Plateaus region is the strongly folded 
area known as Ridge and Valley which curves from south-central to northeast in the 
state. Here, the hard rock and thin soils of the ridges are mostly covered by forest, 

  Fig. 1.1    Hexagonal cells and cell numbering for Pennsylvania in northeastern USA       
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whereas the valleys are primarily agricultural and/or urban/suburban. The Ridge 
and Valley is fl anked to the southeast by the broad agricultural corridor of the Great 
Valley. The southeastern (lower right) sector is a more subdued plateau called the 
Piedmont which has quite fertile soils with extensive agriculture and urbanization 
leaving only remnant patches of forests. Figure  1.3  shows the general physiographic/
ecoregional partitioning.  

  Fig. 1.2    Hill-shading depiction of topographic character of Pennsylvania       

  Fig. 1.3    Major physiographic/ecoregional areas of Pennsylvania       
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 Given this general biogeography, rather pronounced differences in the character 
of the landscape are to be anticipated along with differing capacities to provide habi-
tat for fauna and fl ora. In this context, the hexagon data has six variates as follows. 

  BirdSp  is the number of bird species for which there is potential habitat in the 
hexagon. 

  MamlSp  is the number of mammal species with potential habitat in the 
hexagon. 

  ElevSD  is standard deviation of an elevation grid in hexagon (topographic 
complexity). 

  PctFor  is percent of hexagon with forest. 
  Pct1FPch  is percent of hexagon in one contiguous forest sector. 
  Pct1OPch  is percent of hexagon in one nonforest sector. 

 A listing of this dataset from a space-delimited text (.txt) fi le as would be appro-
priate for input to  R  appears in Appendix 1.  

   Architecture of R 

 As mentioned in our opening paragraph, Appendices 2–5 contain tutorials on  R . We 
also note at the outset that a working folder for fi les should be set up on the computer 
and data fi les transferred to it before starting  R . The  R  menu bar allows for changing 
to that working directory at the beginning of an  R  session so that all data fi les will 
be directly accessible. Any previous work in  R  can likewise be reloaded if it was 
saved in concluding a prior session. Versions of  R  from 2.7.2 and later have been 
used here. The fi le name used here for the data described above is BAMBI.txt which 
refl ects its content of Bird And Mammal Biodiversity Information. Direct prepara-
tion of such data fi les should be done in a simple text editor like Microsoft Notepad 
instead of a more sophisticated word processor that would corrupt the fi le by inclu-
sion of formatting information. A special component of  R  documentation provides 
guidance for Import/Export from and to other software environments, such as 
spreadsheets (R Data Import/Export, 2005, R Development Core Team, ISBN 
3-900051-10-0). 

 The fi rst task is to get data into R so that analysis can be initiated. When working 
with a tabular matrix of data as variate values for cases, the  R  construct of a  data 
frame  is most useful. A  data frame  is one among several kinds of analytical  objects  
upon which  R  can operate. The user gives names to objects in  R , and the objects are 
effectively addressed by name as far as the user is concerned (Dalgaard  2002 ; 
Allerhand  2011 ; Curran  2011  ) . Appendix 6 is a glossary of the more important 
names used for present purposes.  R  (mostly) does not use capital (upper case) let-
ters in its preset syntax, so the user can help to avoid confl ict with existing things in 
the language by having one or more capital letters in each name. However, there are 
some very notable exceptions, particularly T as TRUE and F as FALSE. TRUE and 
FALSE should never be reassigned. If T and F are used otherwise for notational 
consistency, they must be reset before use in command function calls. 
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  R  works with expressions entered in response to prompts. The default prompt is 
a > “greater than” sign, which is also used frequently otherwise in the  R  syntax. If a 
command is incomplete at the end of a line,  R  issues a continuation prompt for 
which the default is a + “plus” sign that is likewise used frequently otherwise. The 
option is also provided to change these prompts, and the convention here will be to 
use a single @ as the main prompt and a double @@ as the continuation prompt. 
This is accomplished with the  R  command— 

     options(prompt=”@ ”,continue=”@@ ”)  

 Following is an initial  R  session to transfer data from the BAMBI.txt fi le as a 
data frame named BAMBI, then to list fi rst the names of variates in the fi le, then the 
last six cases   .

       

 Note fi rst that commentary can be incorporated in an  R  session by starting it with 
a “hash mark” # symbol. Everything on the line following # will be ignored by  R . 
Also note that the specifi cations for an  R  command are placed in parentheses fol-
lowing the command “word” and separated by commas. The two-character sym-
bol  < -  is conveniently thought of as “put into”. In this situation, it puts the result of 
the  read.table  command into a data frame object named BAMBI. 

 Command words will not contain spaces, but can have periods as connectors to 
convey a multiword sense of meaning as in the  read.table  command. Command 
specifi cations in parentheses are interpreted by default order or by keyword. For this 
 read.table  command, the default is to put the fi le name as the fi rst specifi cation. 
The  header =   T  is used to declare that it is true that column names are present in the 
fi rst line of the fi le as header information prior to the actual data lines. There is a 
default condition for some specifi cations that can be omitted when the default per-
tains. Note particularly that the hexagon identifi cation numbers are being allowed to 
have a place in the data frame in the manner of a variate. This will require that the 
column be explicitly excluded from computations in which it does not belong. It 
would also have been possible to add a specifi cation that the fi rst item for each case 
be used as a row name instead of a variate, with the added specifi cation being – 

  BAMBI <   - read.table(“BAMBI.txt”,header =   T,row.names =   1)  

 The hexagon identifi ers would then be treated as names rather than numbers, and 
there would not be sequential numbers for cases appearing in output from the 
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t ail()  command. Listing the last half-dozen cases in the fi le allows one to verify 
that there are the expected number of cases and that they have been read properly. 
If desired, the fi rst half-dozen cases could have been similarly listed with the 
 head()  command. 

 In order to avoid the necessity of excluding the column of hexagon IDs for each 
calculation, the fi rst thing will be to make a subsidiary data frame named BAMBIV 
that contains only the variates. This is accomplished by specifying that the fi rst 
column containing IDs be eliminated in transferring information from the BAMBI 
data frame to the BAMBIV data frame. Excluding a component of a data frame 
requires knowing how  R  designates different components of a data frame. This is 
done in terms of rows and columns placed in square brackets with rows fi rst and 
columns second using a comma to separate rows from columns. Anything not speci-
fi ed is taken as being included. A single row or column can be excluded by specifying 
its number as negative. The command 

  BAMBIV <   - BAMBI[,-1]  

 thus serves to create the reduced data frame. It is also prudent to use the  length()  
command to verify that numbers of rows and columns in the data frame are as 
expected. 

  @ BAMBI <   - read.table(“BAMBI.txt”,header =   T)  
  @ BAMBIV <   - BAMBI[,-1]  
  @ length(BAMBIV)  
  [1] 6  
  @ length(BAMBIV[,1])  
  [1] 211  

 It can be seen that the default for the  length()  command is to give the number 
of columns in a data frame, but asking for the length of a particular column will give 
the number of rows (cases) in the data frame. 

 Throughout the ensuing presentation, heavy reliance will be placed on the help 
facilities of  R  for making the mathematical specifi cs of computational commands 
available to the reader. An  R  command with its defaults is effectively a complete 
mathematical specifi cation, and including optional arguments will alter the analyti-
cal scenario in specifi c ways. It is always advisable for users to avail themselves of 
the help facilities to ensure that their understanding of what a command will do is 
correct. Giving extensive mathematical formulas here would be redundant, since we 
exercise and interpret the results of each command we use. It should become obvi-
ous in what follows that many  R  commands are composite codes for sophisticated 
analytical scenarios. 

 The help facilities of  R  are simple to invoke, but the help itself is sometimes 
terse. If a command is known, help on that command can be obtained by prefi xing 
a question mark. Thus,  ?help  gives help on the help command, with help(help) 
being an equivalent form. The help itself will appear in a pop-up hypertext window 
on the  R  desktop. The standard help facilities include brief examples of the 
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command, but there is some circularity in that one must know the command in order 
to obtain help on it. This can sometimes be circumvented by having  R  search its 
help texts for words that pertain to a desired command. The form for this is: 

  help.search(“target text”)  

 and in response,  R  will indicate which commands use those words in their explana-
tory help text. 

  R  sometimes extends the meaning of mathematical terms. For example, a  vector  
object in  R  is any singly ordered set of the same kind of quantities. One might, there-
fore, expect that multiplying two vector objects would give their inner product   .

       

 However, the snippet of  R  code does not conform to that expectation. Twos is a 
vector object created by repeating the number 2 fi ve times, and Threes is a vector 
object created by repeating the number 3 fi ve times. Use of the conventional asterisk 
symbol  *  as a multiplication operator causes the computation of element-by-element 
products. A special multiplication operator % * % gives the inner (vector) product. 
Notice also that  R  did not distinguish whether or not one vector was a row vector 
and the other a column vector.  R  presents the result as a matrix object having one 
row and one column.      
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   The scales of measure for quantifying features of cases used in original recording of 
the data must obviously have some interpretive appeal; otherwise, they would not be 
used for recording the data in the beginning. In any case, the data as recorded on the 
original scales provide the starting point for rescaling to gain some comparative 
interpretive advantage. We pursue a structural scaling sequence of successive statis-
tical simplifi cation. In so doing, we focus on variability because variability consists 
of information and noise with (white) noise being variability that is lacking in pattern 
(independently random). A fairly crude gauge of variability is  range  as difference 
between maximum and minimum. Maximum and minimum are given in the default 
summary of a data frame provided by     R .     

    Chapter 2   
 Suites of Scalings       

    

 The quarter-point values (quartiles) of ordered cases also appear in the summary, 
with the  median  being the second quarter-point thus marking the middle as half of 
ordered values. The one remaining item that appears is the  mean  as the arithmetic 
average computed as total over all cases divided by the number of cases.  R  does not 
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subtract the minimum from the maximum for us.  R  commands are usually brief, but 
doing this series of simple subtractions does get a bit involved. We fi rst get the 
means as a template for ranges, and then step through the variates incrementally in 
a “loop” procedure to get differences   .  

    

 The fi rst of these preceding lines puts the number of variates into an object 
named P. The second computes means for the variates. The third uses means as a 
template for ranges. The fourth uses an object named I as an incremental index to 
step through the variates putting the difference between the max and min values into 
the respective element of Ranges. Giving just the name of the Ranges object then 
displays its contents. 

 If we were to consider some sort of collective among these six variates, four of 
them would speak with similar voices since their differences between max and min 
are about 90. One would speak with a weak voice since it has only about ¼ of this 
range. The other would speak with an extra strong voice since its range is more than 
twice 90. 

 The disparities of variability are at least in part due to the different units of mea-
sure, which suggests that an alternative scaling might improve comparability. Before 
proceeding with alternative scalings, however, we are reminded that range is a some-
what simplistic expression of variability since it looks only at the most extreme 
values at the low and high ends. Further insight can be gained by looking also at 
sub-ranges, such as the range that encompasses the middle half of the values for the 
cases, called the  inter-quartile range  or  IQR  for short. It also helps to have a graphic 
comparison (Keen  2010  ) , which can be obtained in the form of a  boxplot . A boxplot 
is built around a box showing the ends of the inter-quartile range, and with a heavy 
line in the box at the median value that splits the cases into lower and upper halves. 
“Whiskers” extend above and below the box for a distance that is some multiple of 
the  IQR , with the default being 1.5 times the  IQR . Any cases having values beyond 
these whiskers are marked individually as what might be called “outliers”. Boxplots 
for the BAMBIV variates are obtained as follows and shown in Fig.  2.1 .     

  @ boxplot(BAMBIV)  

 The boxplots of Fig.  2.1  are quite revealing of differences in patterns of variabil-
ity among the variates (Baclawski  2008 ; Oja  2010  ) . The pattern of variability for 
mammal species is unique among these variates. Not only is the overall range small, 
but the range for the middle half of cases ( IQR ) is also small and there are no outli-
ers. The basic message here is that many mammal species in the region are quite 
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adaptable and accommodate heterogeneity of habitat. The other fi ve variates have in 
common a skew character whereby there is a substantially heavier tail on one end or 
the other. The percent forest and percent in largest forest patch have quite similar 
patterns of variability with a heavier tail on the low side and no outliers. The eleva-
tion complexity has large overall variation, heavy tail on the high side, and a couple 
outliers on the high end. The other two variates have strong imbalance (skew) about 
the median line in the box along with several outliers, but the propensities are oppo-
site for the two with the bird species being heavy on the low side and the percent of 
area in largest open patch being heavy on the high side. 

 Whereas the range responds only to changes in extremes, informational effi -
ciency would entail change in response to alteration in any of the case values. This 
level of sensitivity is available in the  standard deviation  as an expression of vari-
ability, although not without sacrifi cing simplicity. The standard deviation is based 
on the average squared difference from the mean per degree of freedom, which is 
termed  variance . In the straightforward situation of characterizing a random sample, 
the degrees of freedom are one less than the number of cases. The standard deviation 
is the square root of the variance and has the interpretive advantage of being 
expressed in the same units of measure as the case values, whereas variance is 
expressed in squared units of measure. Standard deviations are determined as follows 
and compared as a barplot in Fig.  2.2 .      

  Fig. 2.1    Boxplots for variates in BAMBIV data frame       
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 The standard deviation view in Fig.  2.2  is generally consistent with the features 
of the boxplot view from Fig.  2.1 , but this single-value view of variability does not 
convey information about skewness or outliers. Thus, the boxplots are valuable 
despite the insensitivity of range as an expression of variability. 

 There is also another perspective on variability that can be considered, which is 
variability relative to average size. This is called  coeffi cient of variation  ( CV ) and 
expresses standard deviation as a percentage of the mean. A process for determining 
 CV  is much like that for determining range done earlier. This is accomplished as 
follows and displayed as a barplot in Fig.  2.3 .      

  Fig. 2.2    Barplot of standard deviations for BAMBIV variates       
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 It is apparent from comparing Figs.  2.2  and  2.3  that the pattern of variability 
relative to size of mean is quite different. The variability of bird species and mam-
mal species is now quite similar, and the variability of elevation complexity is no 
longer notably large. The relative variability in percent of largest nonforest patch is 
about double that of any other variate. 

   Standardized Scaling as Universal Units 

 Thus, far we have examined different ways of gauging variability, but have not actu-
ally done any rescaling. We now consider  additive  and  multiplicative  rescaling, 
with particular attention to a commonly used version called  standardization . By 
 additive rescaling , we mean the addition (or subtraction) of the same constant value 
for all cases of a variate. By  multiplicative rescaling  we mean the multiplication 
(or division) of all cases for a variate by the same (nonzero) constant. We note, and 
it is easily proved, that additive rescaling will alter the mean for a variate by addition 
(or subtraction) of the additive value; but it does not alter the standard deviation. We 
also note that multiplicative rescaling will multiply both mean and standard devia-
tion by the constant (Everitt and Hothorn  2006  ) . 

  Fig. 2.3    Barplot of coeffi cient of variation for BAMBIV variates       

 



18 2 Suites of Scalings

 Standardized scaling expresses each variate in standard deviation units from the 
(original) mean. It consists of fi rst subtracting the respective means, which changes 
all means to zero; then dividing by the respective standard deviations, which results 
in a standard deviation of 1.0 for all variates. Since the standard deviation used as a 
divisor has the same units (meters or whatever) as the original variates, there is unit 
cancellation so that the standardized data are dimensionless. From a slightly differ-
ent perspective, standardization simplifi es the scales for cross-comparison by uni-
versalizing the units of measure. Standardization can be accomplished with a single 
command as follows.     

    

    

 We will, however, also perform the standardization more mechanistically in the 
following manner and show boxplots of the standardized data in Fig.  2.4 .      

 The BAMBIS data frame for standardized data uses the BAMBIV data frame as 
a template.  R  effectively treats each column of a data frame as a vector, and the  R  
protocol for subtracting a constant from a vector is to subtract the constant from 
each element, and likewise for dividing by a constant. Thus, the fi rst “loop” sub-
tracts the means and the second divides by the standard deviations. Since there is 
likely to be some small rounding error in  R  computations, the  round()  command 
is used to round the results to six places after the decimal for purposes of display. 
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Note, however, that rounding for display does not round the actual values in the 
vector being displayed. Boxplots in Fig.  2.4  show that the standardization does not 
remove the heavy-tailed characteristics or the outliers. 

 If the standardized data were to be multiplied through by some constant, this 
would change the standard deviation to the constant but nevertheless maintain the 
equality of variation. Likewise, adding some constant throughout would shift the 
means but leave the variation unchanged. Note also that coeffi cient of variation is 
undefi ned for standardized data because division by zero is not permitted. It also 
bears reemphasizing that standardization does not remove other distributional pecu-
liarities, such as heavy-tailed skewness and outliers. In the ensuing presentation, 
such other distributional characteristics are considered as being structural features 
that may be of interest for understanding and interpreting the data.  

   Relative Rank Rescaling 

 A further structural simplifi cation is to retain only the ordering information for cases 
by ranking. Apart from the effect of ties, this method of rescaling will equalize all 
other structural aspects of the distribution. Rank numbers assigned by  R  have the 

  Fig. 2.4    Boxplot of standardized BAMBIS variates       
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same sense as the original variates, with worst fi rst. The following commands 
provide rank conversions of the BAMBI variates and boxplots in Fig.  2.5 . The only 
evident difference among the ranked variates is that variability of mammal species 
has been slightly reduced by ties   .   

    

  Fig. 2.5    Boxplot of ranks for BAMBIR variates       
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 Note that ranks are the same whether they are determined from original observa-
tions or standardized data. A contrary sense of order comes from place ranks as 
opposed to regular ranks. First place is number 1 and best in place ranks, second 
place is number 2 and next best, and so on until the worst is reached at the highest 
rank number. Place ranks will be used later for prioritization purposes. 

 It is of interest at this juncture to use the  cbind()  capability of  R  for coupling 
columns along with the  pairs()  plotting procedure of lattice graphics to obtain a 
“checkerboard” of scatter plots for these three scalings. This is accomplished for 
BirdSp as follows and shown in Fig.  2.6 .  

  @ pairs(cbind(BAMBIV[,1],BAMBIS[,1],BAMBIR[,1]))  

 The information retention by standardized scaling is evident in the straightline 
plot from corner to corner. Plots involving rank numbers on the vertical axis are seen 
to be essentially cumulative frequency distributions having the same shape for both 
original observations and standardized scaling.  

  Fig. 2.6    Pairs plot for BirdSp of original observations (var 1), standardized scaling (var 2), and 
relative (regular) ranks (var3)       
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   Representing Relations Among Multiple Measures 

 From the foregoing, it should be evident that different ways of scaling serve different 
purposes rather one necessarily being analytically superior to another. In this sense, 
they are complementary, starting with all of the available structure of variability in 
the original observations and focusing on certain aspects with particular kinds of 
rescaling. Thus far, however, attention has been directed toward variates individu-
ally, albeit in a comparative sense. Here, we broaden the view to variability in a 
larger sense that considers the joint variation among the several variates. A very 
empirical entry into the realm of joint variation is simply to make scatter plots of the 
variates by pairs as shown for original observations in Fig.  2.7 .      

     

  Fig. 2.7    Pairs plot of BAMBI variates       
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 The idea of total variability among several variates becomes pertinent at this 
juncture. For several reasons that are not of immediate interest here, total variability 
is best approached in terms of squared standard deviations which are  variances  as 
noted earlier. In this sense, the sum of the squared standard deviations for a set of 
variates can be considered as  total variance  for the dataset. As shown below, this is 
3332.243 for the BAMBIV variates. For standardized variates, total variance is 
always just the number of variates since the standard deviation and variance are both 
1.0 for standardized data. If the units of measure are not the same for different vari-
ates, then one must always ask the question of how summation of variability in 
different units is to be interpreted. This question does not arise with standardized 
variates   .  

    

 Another question arises as to what part of the total variance is due to joint varia-
tion among the variates, being in some sense redundant or multiple counting of the 
same underlying source of variation. As shown in Fig.  2.7 , some of the variates are 
strongly related, such as percent forest and percent in one contiguous zone of forest, 
whereas relations are not obvious for some other pairs of variates. With this in mind, 
we proceed to work our way from variance to concepts of  covariance  and 
 correlation . 

 We fi rst calculate the numerator of a variance by two different but equivalent for-
mulations using the percent forest variate as an example. The fi rst formulation is the 
defi nitional one of sum of squared deviations from mean. The second uses sum of 
squared values and square of sum with only one subtraction. Both ways are then 
divided by degrees of freedom for variance (one less than number of cases) and the 
square root is taken to obtain the standard deviation that has already been calculated.     
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 The foregoing results can also be compared directly with the result of using the 
built-in  var()  command. 

  @ var(BAMBIV[,4])  
  [1] 510.225  

 Since squaring a difference in the numerator of the variance provides an expres-
sion of variability for that variate, a parallel expression for joint variability of two 
variates is obtained by replacing the square with a product. The result of such replace-
ment is called  covariance . BAMBIV variates 4 and 5 (percent forest and forest patch) 
are illustrative, with results being compared to the built-in  cov()  command   . 

    

 Applying the  cov()  command directly to a data frame gives a  covariance matrix  
in which the value at the intersection of a particular row and column is the covari-
ance for the respective variates, and the value at the intersection of like numbered 
rows and columns is the variance for that variate. A positive covariance indicates 
that the variates increase together (upward sloping trend line for a scatterplot); 
whereas a negative covariance indicates that one variate decreases as the other 
increases (downward sloping trend line for a scatterplot)   .  

 The slope of the trend line for plotting a  y -variate on the vertical against an 
 x -variate on the horizontal is obtained by dividing the covariance of the two vari-
ates by the variance of the  x -variate. The intercept of the trend line is obtained by 
multiplying the slope times mean( x ) and then subtracting from mean( y ). A scatter 
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plot is obtained with the  plot()  command and a trend line with the  abline()  
command as in Fig.  2.8 .      

 The slope and intercept can also be obtained directly with the linear modeling 
 lm()  command (Fox  2002 ; Wright and London  2009  )    .  

    

    

  Fig. 2.8    Scatter plot with trend line       
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 There is interpretive advantage in appealing to standardized variates for purposes 
of gauging relationship. This is because the covariance of standardized variates has 
a clearly delimited range of possibilities, which is between −1 and +1. A perfect 
positive relationship is indicated by +1, and −1 indicates a perfect inverse relation-
ship. Zero indicates that no part of the variation is joint, so the variates have inde-
pendent variation (no redundancy). These limits are intuitively clear by the fact that 
all standardized variates have both standard deviation and variance of 1.0 and a vari-
ate has perfect relationship (joint variation) with itself. Therefore, substituting 
another variate into the variance formulation to obtain covariance cannot yield a 
value having magnitude larger than the 1.0 value of the variance. Accordingly, the 
covariance of standardized variates has been given a special name as  correlation 
coeffi cient  and a built-in  cor()  command provided for calculation directly from the 
original data without having to do intermediate standardization. This is illustrated 
for the BAMBIS and BAMBIV variates as follows   .  

    

 To calculate correlation from original data, one fi rst calculates covariance and 
then divides by the product of the standard deviations, as illustrated for percent 
forest and forest patch (variates 4 and 5)   .  

    

 Slope of trend line is calculated by multiplying correlation by the standard devia-
tion of the  y -variate and dividing by the standard deviation of the  x -variate, as fol-
lows for comparison with the result obtained earlier   .  
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 Correlation as presented above is formally called the  Pearson correlation coeffi -
cient . It is also possible to make use of rank scaling in a relational way by calculat-
ing correlation from ranked data instead of original data or standardized data. This 
latter is called the  Spearman rank correlation coeffi cient . The Spearman correlation 
is unaffected by certain types of curvilinearity in the scatter plot relation, but it still 
must lie within the −1 to +1 range. The  cor()  command can also be modifi ed with 
an optional argument to calculate Spearman rank correlations directly from the orig-
inal data   .  

    

 An interesting but unconventional way of visualization when exploring the cor-
relations of a particular variate with the others is to make a barplot of the corre-
sponding column in the correlation matrix. For example, the correlations of BirdSp 
with the other variates are shown in Fig.  2.9  as obtained from the command:  

  @ barplot(cor(BAMBIS)[,1])  

 It is seen from Fig.  2.9  that the two most substantial relations for BirdSp are fi rst 
with MamlSp and to a lesser degree with ElevSD. The inclusion of a bar for BirdSp 
is not without purpose since it gives a bar of perfect correlation for visual compari-
son. The corresponding view for MamlSp is shown in Fig.  2.10  where relations are 
seen with most of the variates. The inverse infl uence of large open areas becomes 
evident for both birds and mammals.  

 A similar strategy can be used to show the difference in strength between 
Spearman correlation and Pearson correlation, shown for MamlSp in Fig.  2.11  as 
obtained from the command:  

  @ barplot((cor(BAMBIR)-cor(BAMBIS))[,2],ylim =   c(-1,1))  



  Fig. 2.9    Barplot of correlations for BirdSp with other variates       

  Fig. 2.10    Barplot of correlations for MamlSp with other variates       
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 where there is little evidence of nonlinear relational effects. Note that it is necessary 
to control the vertical scale in this situation, with  c(-1,1)  serving to concatenate 
the desired lower and upper limits. 

 Additional references that may be helpful for utilizing  R  in such statistical set-
tings are Crawley  (  2005  ) ; Maindonald and Braun  (  2007  ) ; Murrell  (  2006  ) ; Rizzo 
 (  2008  ) ; Ugarte et al.  (  2008  ) ; and Marques de Sa  (  2007  ) .      
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  Fig. 2.11    Barplot of nonlinear relational effects on correlation for MamlSp       
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 The scalings done thus far have treated the variates individually and have been of a 
relatively simple nature, i.e., either additive, multiplicative, or ranking. We now 
proceed to considering the data jointly among variates as a constellation of points in 
multidimensional space having as many perpendicular axes as there are variates 
(Manly  1998 ; Krzanowski  2000 ; Anderson  2003  ) . A point along an axis one unit 
from the origin provides a  basis case  or  basis vector  for that axis. This is effectively 
an “artifi cial” point having a coordinate of 1.0 on that axis and 0.0 on all other axes. 
An additive rescaling shifts the constellation of points upward or downward relative 
to the respective axis. A multiplicative rescaling changes the  magnitudes  of values 
on an axis, thus effectively stretching or compressing the axis and expanding or 
shrinking the constellation of points relative to that axis. It is also possible (and use-
ful) to consider rigidly  rotating  the axial framework itself, which does not change 
the overall multidimensional shape of the constellation and does not change the 
(Euclidian) distances between points but does give a different perspective view as 
seen along an axis. The rotational rescaling consists of determining the value along 
a repositioned axis at which a perpendicular projection of each data point will 
impinge on the new axis. 

 Coordinates of data points (cases) on a rotated axis are determined as a compos-
ite of weighted components from the variates. The composite has the form:

     
+ + +�1 1 2 2i i p ipc x c x c x

   

where in  x  
 ij 
  is the  j th variate value for the  i th case, and  c  

 j 
  is the weight coeffi cient. 

The  c  
 j 
  weight is the cosine of the angle that the new axis makes with the  j th variate 

(unrotated) axis, and is thus called a  direction cosine . A geometric requirement is 
that the squares of the direction cosines sum to one, and any set of weight coeffi -
cients that satisfy this requirement can be interpreted geometrically as defi ning a 
rotated axis. If a set of weight coeffi cients does not satisfy this requirement, it can 
be broken down into a rotation followed by a multiplicative change of magnitude. 

 To separate the rotation from the change of magnitude, fi rst calculate the magni-
tude change factor as the square root of the sum of the squared coeffi cients and then 
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fi nd the direction cosines as weights by dividing each coeffi cient by the magnitude 
factor. As an example, using one-sixth as a coeffi cient for the BAMBI variates 
would provide an “averaging” axis. However, the sum of squares for these coeffi -
cients is also one-sixth, so they do not provide a simple rotation. The square root of 
one-sixth is 0.4082482 so this is the factor by which magnitude is reduced after 
rotation. Dividing one-sixth by this factor also gives 0.4082482 as the rotational 
weighting coeffi cients. Six times the square of 0.4082482 is 1.0 as required for 
simple rotation. Although easy enough to do mathematically, adding together 
components having different units does not give a result that is straightforward to 
interpret. Such interpretive issues do not arise if the variates have been standardized 
to render them in universal units (or without units). 

   Principal Component Composites 

 Composites of components as introduced in the previous section can be interpre-
tively advantageous in several regards. It would simplify interpretive tasks if the 
variability inherent in a dataset could be recast into axial dimensions with each 
axis autonomous in the sense of not having any relation (correlation) to the other 
axial dimensions. By a multivariate optimization approach, it can be proven that 
there is a unique rigid rotation which accomplishes this. Since it is a rigid rotation 
of axes, it does not alter the multidimensional shape of the constellation of data 
points and thus preserves the total variability of the data and the (Euclidean) 
distances between data points. Although it may not be immediately obvious, this 
preservation implies that the sum of the variances for the rotated (composite) axes 
is equal to the sum of variances for the variates prior to rotation. Due to the opti-
mality properties of this rotation, it is known as  principal component analysis  
(PCA) and the resulting axial composite variates are called  principal components  
or  principal axes  (McGarigal et al.  2000 ; Podani  2000  ) . Despite the impression 
that is conveyed by some treatments of principal components, these optimality and 
independence properties do not depend upon the input variates conforming to any 
particular statistical distribution. However, it is true that probability statements 
arising from many tests of signifi cance for the components depend rather heavily 
on the type of distribution. 

 It is perhaps an understatement to say that the principal component analytical 
process is not simple, and in Part III of this book we will be much more specifi c 
about that computational process. However,  R  makes it possible to obtain principal 
components in a one-line command (Everitt  2005  ) . The most fundamental output of 
principal components analysis would be the set of weighting coeffi cients for com-
bining input variates into composite components, with each set serving to produce 
one of the composite (principal) components. Most frequently, however, composite 
components are calculated internally and a dataset of principal component (score) 
values is provided as the rescaled result. A standardization of input data is often 
conducted as a preliminary phase of the principal component process. If standardized 
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data are used directly as inputs, then this internal standardization phase will have no 
effect since standardized data will not be altered by standardization. Doing PCA on 
the standardized variates of the BAMBI data gives:   

       

 Specifying     cor =   T  requests a preliminary standardization, and  scores =   T  
requests that the values for the data cases on the rotated axes be computed. The 
result is an  R  object of the class “princomp,” which is a compound object. 

 A little information about the compound object is provided in response to the 
name of the object, giving the standard deviations of the principal component (score) 
rotated variates. By convention, the principal component variates are given in order 
of decreasing standard deviation throughout the compound object. A summary of 
the compound object provides additional information about the variability of 
the principal components, with the fi rst line again being the standard deviations. 
The standard deviations are then squared and summed to obtain a total variance as 
a base for calculating proportions. The second line of the summary gives the frac-
tion of the total variance that is attributable to each principal component, and the 
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third line cumulates these from fi rst to last principal component. Thus, it can be seen 
that the fi rst fi ve components account for 99.6% of the variability in the (standard-
ized) data, and consequently most of the major messages that the data have to convey 
will reside in the fi rst fi ve principal components. 

 While the summary tells us something about the comparative nature of the prin-
cipal components, it does not tell about the objects that comprise the compound 
object. This information can be obtained by the  attributes()  command, which 
tells us the names of the objects and the class of the compound object. The “sdev” 
object consists of the standard deviations that are given by the summary. The  R  
approach to principal components uses the term “loadings” for the weight coeffi -
cients (direction cosines) of rotation, as explained earlier. The case values as coor-
dinates on the rotated (principal component) axes are the “scores.” 

 An object within a compound object is accessed by appending the object name to 
the compound name with a dollar sign. This protocol is illustrated above in squaring 
the standard deviations to obtain the variances, which are not given in the summary. 

 These variances are quite informative when PCA is done on standardized data, 
whereupon the variances sum to the number of variates. If all variates carried an 
equal “share” of the information on variability, they would all have a variance of 
one. Since principal components are unraveling the redundancies in the data, prin-
cipal component variates having variance greater than one refl ect aspects of the data 
that had some element of redundancy among the recorded variates. Variances equal 
to or somewhat less than one refl ect separate aspects of information remaining after 
the removal of redundancies. Variances near zero refl ect minor aspects of the data in 
which little remains after the removal of redundancies. Accordingly, it is clear that 
the fi rst two principal components refl ect aspects having some redundancy. The 
second two components refl ect aspects having a modest amount of information after 
removing redundancies. It is questionable whether the fi fth component embodies a 
substantial message, but it is worth examining further before possibly deciding that 
it is a disposable dimension. It often helps to have a graphic called a  scree plot  in 
making such assessments (Fig.  3.1 ).  

  @ screeplot(BAMBISpca,type =   “lines”)  

 “Scree” is the name given to stony rubble that falls down and piles up at the base 
of a steep rocky slope. The shape of the scree plot is reminiscent of how the scree 
piles up deeper near the slope face and then thins going farther away. 

 It is always a good precautionary measure to examine the fi rst few lines of a 
rescaled dataset with the  head()  command, and also to verify the anticipated aggre-
gate proprieties. This applies to the principal component scores, and an aggregate 
anticipation is that the scores will be uncorrelated. The leading scores are as follows   :
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 Verifi cation of the uncorrelated condition to four places after the decimal is:   

       

 It is likewise informative to examine the loadings as weighting coeffi cients 
from which the principal component scores are computed. However, the default 
method for printing loadings is not ideal, so an explicit print command with speci-
fi cations is used   .

  Fig. 3.1    Scree plot of decline in principal component variances for BAMBISpca       
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 The fi rst part gives the weight coeffi cients for each component in a column. The 
fi rst line of the second part shows that the sum of squared weight coeffi cients for 
each principal component is 1.0 which satisfi es the requirement for direction 
cosines. The remaining two lines are essentially not informative. 

 There is another feature that is noteworthy and would not otherwise be obvious. 
The weight coeffi cients are predominantly negative on all but the second and sixth 
principal component axes. This shows that the principal component process is 
defi nite with regard to orientation of a rotated axis, but is indifferent as to which end 
of the axis is positive or negative. Principal component axes become more interpre-
tively intuitive if all the signs are reversed for any axis which has predominantly 
negative loadings. 

 Orientation of principal components relative to parent variates can be seen from 
biplots, along with perspectives on relations among parent variates. One of two 
aspects of a biplot consists of a scatter plot of cases on two of the principal compo-
nent axes. The second aspect of a biplot arises from rotating a basis case for each of 
the parent variates and plotting an arrow in that direction. The directional compo-
nents for variates on principal component axes are simply the weight coeffi cients 
(loadings) in the column for the respective principal component axis. The magni-
tudes (lengths) of the arrows can be chosen for a good fi t on the graph or used to 
convey some other aspect of variability. Arrows closer together (smaller angles) are 
more strongly correlated (Fig.  3.2 ).  

  @ biplot(BAMBISpca,choices =   c(1,2),cex =   c(0.6,0.8),col =   c(1,1))  

 It can be seen from Fig.  3.2  that the arrows for all standardized variates except 
nonforest patch point toward the negative end of the scale for the fi rst principal 
component. All of the (de)forestation variates are closely related with respect to the 
fi rst two components since they lie almost along a straight line. The  choices()  
specifi cation of the biplot command determines which two components are to be 
plotted. The  cex()  specifi cation controls the size of labels for points and arrows. 
The  col()  specifi cation determines colors for plotting, with default being to plot 
the arrows in red. It is usually advisable to make biplots for pairings of at least the 
fi rst three components (see Figs.  3.3  and  3.4 ).      



  Fig. 3.2    Biplot of fi rst and second principal components for BAMBIS variates       

  Fig. 3.3    Biplot of fi rst and third principal components for BAMBIS variates       
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 Perspective on relationship from a biplot can shift with choice of components to 
plot. The (de)forestation variates still appear closely related in Fig.  3.3 , but the other 
three have shifted with mammal species also being close to the forest variates, 
whereas this was not the case in Fig.  3.2 . 

 Case numbers in the biplots are quite convenient for identifying outliers, but get 
garbled in the more densely populated parts of the scatter plot. To obtain hexagon 
ID corresponding to a case number, we need only display the respective line of the 
BAMBI data frame. For the example of case number 51 this is   :

       

 With this introduction to principal component scaling, we are ready to make a 
data frame of the data scaled as principal component scores, change signs as appro-
priate, and investigate the structural characteristics of the data (Joe  1997  )  that are 
exhibited in the principal component (PC) axes. First, we make the data frame   :

       

  Fig. 3.4    Biplot of second and third principal components for BAMBIS variates       
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 Next, we reverse the positive and negative ends of the axes (reverse the signs) for 
principal components 1, 3, and 5 for better correspondence to the parent (standard-
ized) variates   .

       

 We then begin to investigate the structural characteristics of the data as seen in 
principal components by making boxplots (Fig.  3.5 ) along with paired scatter plots 
for major principal components (Fig.  3.6 ) and for the minor components (Fig.  3.7 )   .

       

 We are looking for evidence of substructure in examining these graphics, for 
which we can use a multivariate normal distribution as a reference. An unstructured 
(here taken as multivariate normal) dataset would have symmetrical boxplots largely 
lacking outliers, and scatter plots would appear as horizontally or vertically oriented 

  Fig. 3.5    Boxplots of BAMBISpc-modifi ed principal component scaling       
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ellipses with density of points grading off progressively from center symmetrically 
in both directions. This does not happen, so substructure is indicated. 

 One type of substructure is the presence of outliers, and the boxplots of Fig.  3.5  
indicate the presence of outliers for several of the principal component variates. 
There is only one outlier for the (modifi ed) fi rst principal component, which is the 
minimum value as case number 202   .

       

 For the second principal component, we need to fi nd the lower whisker of the 
boxplot. Note that the  IQR()  command is one of the few exceptions that contain 
capital letters   .

  Fig. 3.6    Paired scatter plots for BAMBISpc principal components 1–4       
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  Fig. 3.7    Paired scatter plots for BAMBISpc principal components 5 and 6       
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 For the third principal component, we need the upper whisker of the boxplot.   

       

 Outliers for the fourth principal component are   :

       

 Interestingly, none of these sets of outliers on major axes have any cases in com-
mon. A second type of substructure consists of pronounced asymmetry, and again 
the boxplots give evidence of this. A third type of substructure involves noncentral 
regions of high density and/or notable locations of sparseness in the scatter plots, 
which are also evident from Figs.  3.6  and  3.7 . Thus, the PCA suggests that there is 
one and possibly two disposable dimensions in this dataset and provides strong 
indications that major messages lie in the substructure. Clustering provides an ana-
lytical avenue for extracting these kinds of messages in the next chapter, with a 
primary goal being to discover what sets of data cases have distinctive characteris-
tics (Podani  2000  ) .      
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 Clustering creates collectives of cases that have similar properties with a degree of 
distinctiveness. Clustering requires some composite measure of similarity or disparity, 
a criterion for conformity among collectives (linkage), and a strategy for confi guring 
collectives. The collectives produced by a clustering method are conventionally 
called  clusters . There are many methods of clustering, however, which typically dif-
fer to some degree in the groupings that result (Abonyi and Balaz  2007 ; Everitt et al. 
 2001 ; Kaufman and Rousseeuw  1990 ; Xu and Wunsch  2009  ) . It is by comparing the 
collectives produced by different methods of clustering that one can gain insight 
from inconsistencies and have some confi dence relative to consistencies (Myers et al. 
 2006 ). We call this comparative or complementary clustering and we use the term 
 contingents  (groups from groupings) for collectives of cases that emerge from this 
compound approach using cross-tabulations. Preliminary prioritization can be done 
among contingents and then progress to comparisons within contingents so that the 
computational complexities of comprehensive comparisons can be controlled. 

 There are multiple metrics of disparity, such as the Manhattan distance metric 
that simply sums the magnitudes of differences between cases across all axes and 
the Euclidian distance metric that is based on the sum of squares of differences 
across axes (Hardle and Simar  2007  ) . The Euclidian distance metric is adopted here 
because it corresponds to the multidimensional extension of usual straight-line dis-
tance, and it is also invariant under rigid rotation of axes so that computation in a 
full principal component space is identical to computation in the (standardized) 
measurement space. This enables straightforward assessment of effect on substruc-
ture (Long et al.  2010  )  caused by disposing of dimensions corresponding to low-
order principal component axes. 

 There are likewise multiple methods of linkage, such as single linkage (disparity 
of cases having least disparity), complete linkage (disparity of cases having greatest 
disparity), and average linkage (average of disparities for all possible pairings of 
cases). The Ward approach to linkage is used here because of its emphasis on 
compactness of collectives in a sum of squared distances sense (Podani  2000  ) . 
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With regard to strategies for confi guring collectives, we exploit those that  R  makes 
most readily available. This includes hierarchical agglomeration and k-means 
   condensation (Lumley  2010  ) . 

   Disparities and Dendrograms 

 The fi rst concern is to tabulate disparities among the cases using the     dist()  function 
in  R . We do this for all six principal components, for fi ve principal components, and 
for four principal components   .

       

 We then proceed to do the corresponding hierarchical clustering operations using 
the  hclust()  facility of  R  which starts with individual cases and merges mergers 
into progressively larger collectives.   

       

 We plot the respective clustering dendrograms which give a visualization of how 
the clustering has transpired (Figs.  4.1 – 4.3 ).    

  @ plot(ClusPC6,labels = F)  

 Since some structural differences appear between clustering fi ve components in 
Fig.  4.2  and clustering four in Fig.  4.3 , preference is to retain all but the last 
PC-axis. 

  @ plot(ClusPC5,labels = F)  
  @ plot(ClusPC4,labels = F)   

   Cutting Clusters 

 The next task is to decide how many collectives should be differentiated. In prepara-
tion for this, it is helpful to know the attributes of an output from  hclust().    

       



  Fig. 4.1    Dendrogram from clustering all six BAMBISpc principal components       

  Fig. 4.2    Dendrogram from clustering fi ve BAMBISpc principal components       
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 The heights give the disparities (linkages) between the collectives being merged 
and the later mergers are at the top of the dendrogram. Therefore, it is informative to 
have a reversed listing of the heights and to plot the fi rst part of the reversed listing 
(Fig.  4.4 ). This is intuitively analogous to a screeplot for principal components.    

       

 The top bar (partition/point) entails two clusters, and each lower bar entails an 
additional cluster. Thus, Fig.  4.4  shows that there are defi nitely fi ve clusters followed 
by another somewhat elevated level of three additional clusters, then a second 
relatively level set of three more clusters with a subsequent gradual trailing off of 
slight changes in level. To encompass a span in this progression, we determine and 
cross-tabulate memberships at the 7-cluster and 12-cluster levels using  cutree() .   

  Fig. 4.3    Dendrogram from clustering four BAMBISpc principal components       
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 Since clusters 4, 5, 6, and 7 become large as a result of the additional aggregations, 
the fi ner breakdown into 12 collectives will be at least provisionally retained. 
In order to proceed with the comparatives, the averages (centroids) for the provisional 
clusters are determined. It is also time to begin reconnecting with the original scales 

  Fig. 4.4    Heights of last 25 mergers in dendrogram for clustering fi ve principal components       
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of measurement, so we determine centroids fi rst for original scales, then for 
standardized scales, and also for principal component scales using all components   .

       

 With the Centr12 object containing centroids on original scales, we use Centr12S 
as the object designation for standardized scales and Centr12PC as the designation 
for principal components.   
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 It will also be helpful to have a vector object of hexagon ID numbers for 
identifying which hexagons have membership in each collective. 

  @ HexNmbrs < - BAMBI[,1]   

   Comparing Cluster Collectives 

 Having at least provisionally reduced the scope of study from 211 hexagons to 12 
collectives, we proceed to make scatter plots for centroids in terms of pairs of origi-
nal BAMBIV variates (Fig.  4.5 ). The intent is to see if the centroids capture impor-
tant aspects of relationships contained in the original data.  

  @ pairs(Centr12)  

  Fig. 4.5    Paired scatter plots for centroids in terms of original BAMBIV variates       
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 The paired scatter plots of Fig.  4.5  make the dispersions and proximities among 
the centroids evident, and the strong correlations among the forest variables have not 
been lost in the process of data distillation. For comparative purposes, paired scatter 
plots are also given in terms of BAMBIS standardized variates in Fig.  4.6 . It can be 
seen that the depiction of relations is much the same as for original variates.  

  @ pairs(Centr12S)  

 A centroid-based scatter plot of bird species versus mammal species on original 
BAMBIV scales (Fig.  4.7 ) can serve for further investigation of relationships among 
collectives by using the  identify()  command for tagging things of particular 
interest whereby we use the mouse to click on interesting items.  

  @ plot(Centr12[,1],Centr12[,2])  
  @ identify(Centr12[,1],Centr12[,2])  

  Fig. 4.6    Paired scatter plots for centroids in terms of standardized BAMBIS variates       
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 The hexagons having membership in collective 1 that occupies the lowest 
position on both axes can be determined as follows   :

       

 Thus, the collective numbered one is impoverished with regard to habitat richness 
for both birds and also for mammals. The fi rst fi ve of these are hexagons situated in the 
heavily urbanized and agricultural areas of southeastern Pennsylvania. The remaining 
two hexagons are likewise in areas that are heavily impacted by human habitation. 

 The hexagon memberships of collectives having high species richness can be 
similarly determined.   

       

  Fig. 4.7    Centroid-based scatter plot of bird species ( horizontal ) versus mammal species ( vertical ) 
on original BAMBIV scales       
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 Also interesting are collectives 2 and 3 which have low mammal species richness 
but moderate bird species richness   .

        

   Exploring Exchange 

 The early mergers in the hierarchical strategy somewhat constrain the combinations 
of cases (hexagons) that can appear in the later collectives of clusters (Basu et al. 
 2009  ) . Thus, additional insight can be obtained by revisiting the clusters through a 
different strategy called  kmeans  that permits cluster adjustment by exchanges 
(Gan et al.  2007  ) . This strategy operates directly on a data matrix of case measures 
instead of (dis)similarities, and needs a set of tentative positions around which to 
organize clusters for subsequent adjustment. We will use the data on the fi rst fi ve 
principal components, and start from hierarchical clusters.   

       

 As with the previous comparison of 12 hierarchical clusters with 7 hierarchical 
clusters, our primary way of cluster comparison is by cross-tabulation of clusterings 
in terms of member cases   .
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 This shows high consistency, with 189 of the 211 hexagons retaining their 
membership. It is notable, however, that 5 of the 11 members in cluster four have 
shifted to cluster six. This leaves cluster 4 with only 6 members, and hierarchical 
cluster 4 and cluster 6 show considerable disparity of position in Fig.  4.7 . Thus, it is 
appropriate to examine the positioning of members within hierarchical clusters 
4 and 6 in terms of the fi rst two PC axes using different symbols (plotting charac-
ters) as shown in Fig.  4.8 , with circles for cluster 6 and diamonds for cluster 4   . 

       

 Figure  4.8  shows that hierarchical clusters 4 and 6 are reasonably well sepa-
rated on principal component axis 2, except for case number 27. However, it also 
shows that cluster 4 spreads widely and lacks compactness of shape. Since  kmeans  
favors compactness more so than  hclust , it would have a propensity to pull this 
kind of hierarchical cluster apart. Therefore, it is reasonable to see what happens 

  Fig. 4.8    Hierarchical cluster 6 ( circles ) and cluster 4 ( diamonds ) on PC axes 1 and 2       
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if the centroid from hierarchical cluster 4 is deleted when running  kmeans . The 
11 clusters that result can then be cross-tabulated against the hierarchical clusters 
as before   .

       

 The 11 clusters produced by  kmeans  have a better balance of sizes, and it appears 
that the questionable fourth cluster has been split rather cleanly between the prior 
cluster 6 (which has become cluster 5) and prior cluster 10 (which has become 
cluster 9). Accordingly, centroids are recalculated for the 11 collectives from 
 kmeans , this time including centroids from rank rescaling. Each of these collectives 
will now be called a  contingent  since they arise from comparative and complemen-
tary clustering methodologies, including cross-tabulations in the manner of contin-
gency tables   .
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 Since interpretation is often most easily done in terms of the original scales of 
measurement, we fi rst make a plot of the centroids for the 11 contingents relative to 
birds ( X  ) and mammals ( Y  ) as was done previously for 12 hierarchical clusters in 
Fig.  4.7 . This scatter plot with ID numbers for the contingents is in Fig.  4.9 .    

       

 Contingents 1 and 2 are low whereas 4, 5, 7, and 10 are high. Since contingents 
5 and 10 are almost the same with respect to the biodiversity variates, we also need 
paired scatter plots to see the situation with respect to other habitat variates 
(Fig.  4.10 ).    

       

 At least in terms of the relationship of topographic variability (variate 3) to vari-
ates for forest cover (variates 4, 5, and 6), the contingents are quite well spread. 
To fi nalize the construction of contingents, we fi rst cast the centroids as data 
frames, and provide variate names and then replot Fig.  4.10  with variate names as 
Fig.  4.11 .    

  Fig. 4.9    Centroid-based scatter plot of bird species ( horizontal  ) versus mammal species ( vertical  ) 
on original BAMBIV scales for 11 contingents       
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  Fig. 4.10    Paired scatter plots for contingents in terms of original BAMBIV variates       
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 The column of memberships for contingents is bound together with the column 
of hexagon IDs and cast as data frame then written to a fi le. Files are also written for 
selected other data frames. Hexagon memberships of contingents are then listed   .

      

  Fig. 4.11    Paired scatter plots for contingents in terms of original BAMBIV variates       
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   Tagging Trees 

 Of direct interest for many practical purposes are the distinguishing characteristics 
of collectives in terms of original measurements. We have not yet addressed that 
question for the foregoing contingents. The classifi cation tree approach (Breiman 
et al.  1998 ; Fielding  2007 ; Halgamuge and Wang  2005  )  allows us to consider 
that question while making minimal assumptions about distributions of the data. 
This is accomplished here through the  tree  package for  R  that is available for 
downloading from the cooperative  CRAN  Web site associated with the  R -project. 
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After downloading, such a package requires an initial installation through the  R  menus 
and then activation for each new session via the  library()  command in  R . 

 The classifi cation tree is a kind of modeling operation, and it requires that cate-
gorization be declared as what  R  calls a  factor  with a specifi c number of levels. 
Since the tree is depicted graphically, it is also important to use short labels for the 
variates involved. A command sequence to obtain a tree is as follows, with the tree 
being shown in Fig.  4.12 .    

       

  Fig. 4.12    Classifi cation tree for contingents in terms of original BAMBIV variates       
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 According to the classifi cation tree model, percent forest is the single most 
infl uential variable in segregating contingents. Within one branch of the fi rst split, 
the forest integrity assumes second importance, and within the other branch it is 
topographic variability. It is important to note that the hierarchical clustering and 
the kmeans clustering are both  polythetic  in that several variates are considered 
simultaneously. In contrast, a tree model is  monothetic  in that each successive split 
is based on one particular variate. The latter is important from an interpretive stand-
point. The foregoing scenario allows combining the best features of polythetic and 
monothetic approaches.  

   Contingent Cartography 

 The fi le with the two-column data frame of hexagon IDs and contingent numbers can 
be imported into Excel for structuring and saving as a dbf fi le, which is then joined 
in a geographic information system to the table of hexagon attributes for mapping as 
hexagon labels to produce the map of contingents shown in Fig.  4.13 . The hexagons 
without a contingent number in Fig.  4.13  are ones that lie outside Pennsylvania.   

   Computational Considerations and Characterizing Collectives 

 Computational constraints also arise for clustering with large numbers of cases 
(Mirkin  2005  ) . The effective size of a (symmetric) distance matrix is roughly half 
the square for the number of cases. However, some clustering methods like     k-means  

  Fig. 4.13    Map of membership in contingents for hexagons in Pennsylvania       
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do not use case-to-case distances, and thus do not require prior computation of a 
distance matrix as input. Adaptations of such approaches can be used with very large 
data sets, such as image data in remote sensing (Myers and Patil  2006  ) . Thus, creat-
ing collectives by clustering for preliminary prioritization is still viable but the 
scenario may not be as simple and straightforward as the pattern we have presented. 

 Performing preliminary prioritization on collectives from clustering will require 
characterizing the clusters by assigning attributes that serve as collective criteria. 
Centroids are commonly used in clustering contexts, so that is how we have cast 
collective characteristics up to this point. This is by no means even the primary pos-
sibility, but it provides a point of departure for paths to this end in the next chapter. 
Collateral considerations include reducing the dimensionality for displays and 
exploring alternatives to averaging over the aggregates that is at the essence of con-
structing centroids.      
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   Prioritization can proceed through partnership between procedures and perception. 
Perception is promoted by pictorial portrayal on a page, which is most manageable 
in two dimensions. Therefore, we consider capturing contrasts among contingents 
compactly in couplets of coordinates on synthetic scales (Zuur et al.  2007  ) . What 
we call “distance domains” derived through multidimensional scaling are appropri-
ate for this (Borg and Groenen  2005 ; Cox and Cox  2001 ; Green et al.  1989  ) . 

 The classical version of multidimensional scaling called  principal coordinates  
(PCOs) suits this scenario and is easily available in  R  as the cmdscale() function of 
the MASS package. It starts with distance data rather than conventional coordinates, 
and attempts to obtain a few axes (in this case two) that portray the distance rela-
tions to the best advantage. A preliminary is computation of distances among the 
instances of interest, for which we use centroids of the contingents. We do distances 
on both original observations and standardized scales for    comparison.       

    Chapter 5   
 Distance Domains, Skeletal Structures, 
and Representative Ranks       
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   Contingent Coordinates in Distance Domains 

 The MASS package comes with  R , but it must still be loaded with the library() com-
mand. It is also the second thing we have encountered that uses capital letters in an 
 R  name. The name  cmdscale  stands for  classical multidimensional scaling .  

    

 The principal coordinates are obviously quite different between distances based 
on scales for original observations versus distances based on standardized scales. 
However, plotting is required to see whether the  patterns  in PCO space are similar 
or different. Deriving PCO from distance based on original data is shown in Fig.  5.1 . 
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 A fi rst thing to observe in the PCO plot of Fig.  5.1  is reversal of sign sense. As 
with principal components, the sense of positive and negative ends of an axis is 
essentially indefi nite. Contingent 1 has low biodiversity and contingent 7 has rela-
tively high biodiversity. Therefore, the horizontal axis should be reversed in Fig.  5.1 . 
To resolve the inconsistency, the principal coordinates are cast as data frames and 
signs changed accordingly. 

 Deriving PCO from distance with standardized scaling is shown in Fig.  5.2 , with 
both axes needing to be reversed.

        

 The required reversal based on original observations is accomplished as 
follows.

       

 The required reversals based on standardized data are done similarly.  

  Fig. 5.1    Principal coordinates for centroids of contingents derived from disparities based on origi-
nal variates       

 



  Fig. 5.2    Principal coordinates for centroids of contingents derived from disparities based on stan-
dardized scales       
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 The modifi ed version of principal coordinates for centroids of contingents 
derived from distances based on the original scales is plotted in Fig.  5.3 , and the 
modifi ed version of principal coordinates for centroids of contingents derived 
from distances based on standardized scales is plotted in Fig.  5.4 . 

         

 Contingents numbered 1, 2, 3, 4, 6, 8, 9, and 11 appear to be consistently placed 
relative to each other on either set of principal coordinates, therefore not being sen-
sitive to scaling by standardization. The other three contingents (5, 7, 10), however, 
have shifted somewhat. We now seek a systematic structural screening for such 
scale-sensitive shifts, for which purpose we look to background concepts concern-
ing  spanning trees  (Wu and Chao  2004  ) .  

   Networks of Neighbors, Simple String Structure, 
and Satellite Structure 

 Our strategy for comparing contingents relative to scaling sensitivity entails novel 
notions about networks of neighbors. It satisfi es our comparative criteria of being 
systematic, objective, and relatively straightforward. It is not necessarily the most 

  Fig. 5.3    Modifi ed version of principal coordinates for centroids of contingents based on distances 
from original scales after reversing signs on fi rst axis       
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sophisticated scenario of structures that might be conceived, but it serves to identify 
the contingent components that are relatively sensitive to scalings. What we do is to 
begin by identifying the contingent with centroid situated farthest from the origin 
(zero) in PCO space. This contingent becomes the anchor of a network. The linkage 
of the network develops progressively, whereby the (unlinked) contingent that is 
closest (by Euclidean distance) to any current member of the network is connected 
into the network by linkage to that network neighbor. The cycle is then repeated 
until all contingents are connected. The choice of anchor alters the nature of the 
network, but the anchor depends directly on disparity (distance) and defi nes radius 
of the constellation of centroids for contingents. 

 We formulate a  function  in  R  to perform the networking of neighbors, whereas we 
have thus far only used functional facilities that are already available. We call the 
function by the name NaborNet and list it in full detail as Function  5.1  in parallel to 
the way we have numbered the graphical fi gures. The information sent to the function 
is a data frame that we refer to in the function as NodeFrame. In this construct, a 
NodeFrame is simply a two-column listing of PCO centroids for contingents as exem-
plifi ed by PCOcntr11 or PCOcntr11S. Whatever name we use to receive the function 
result becomes a data frame of information on the network of neighbors. 

  Fig. 5.4    Modifi ed version of principal coordinates for centroids of contingents based on distances 
from standardized scales after reversing signs on both axes       
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   Function 5.1: NaborNet Function for Making Networks 
of Neighboring Centroids    
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 For purposes of presentation, the  R  program code for NaborNet is contained in a 
text fi le called NetWorks.txt which must be incorporated into the  R  session by the 
source() command prior to its use. For contingents expressed in terms of original 
scales, this is:  

    

 In a network of neighbors, the centroids of contingents are the nodes of the 
network. The fi rst column of the NetFrame is contingent number as node number in 
the order that they occur in the NodeFrame from which the NetFrame was devel-
oped by the NaborNet function. The second column is the node (contingent) num-
ber to which it is linked in the network. The third column is the order that nodes 
(contingents) were linked into the network, with number 1 indicating the anchor for 
the network. The fourth column is the length of the link in PCO units. The fi fth and 
fi nal column is the order of nearness for the link node relative to the new node, with 
1 indicating that a contingent is being linked to its nearest neighbor among all con-
tingents and 2 indicating that it is linked to its second nearest neighbor among all 
contingents. 

 Representing a network graphically is a bit more complicated than most of the 
previous plotting scenarios.  
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 This plotting scenario begins with a scatterplot of the nodes as a single com-
mand, followed by a loop that plots a link in each pass after setting up the needed 
inputs to the lines() command which actually plots the link. One line of the NetFrame 
is processed in each pass. The J and K indices are fi rst set to the respective node 
(contingent) number. The pair of X coordinates to be linked are then taken from the 
centroid frame and combined as X, and likewise for the Y coordinates. The X- and 
Y-pair are then fed to the lines() command, with the result as shown in Fig.  5.5 .  

 A corresponding network of neighboring contingents is developed from princi-
pal coordinates obtained from standardized scales as follows:  

    

  Fig. 5.5    Network of neighboring contingents for principal coordinates obtained from original 
scales       
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 The plotting scenario for network obtained from standardized scales is the fol-
lowing, with the network being shown in Fig.  5.6 .   

    

  Fig. 5.6    Network of neighboring contingents for principal coordinates obtained from standard-
ized scales       

 Figure  5.6  also brings up a point regarding how the horizontal and vertical axes 
of the plot are graduated by default. In contrast to the situation with PCOs obtained 
for original scales (Fig.  5.5 ), the upper and lower limits for the axes are more differ-
ent which gives a somewhat distorted sense of the lengths of links in the network. 

 The axes can be equalized by specifying the limits when the points are plotted, 
giving Fig.  5.7 .   
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 The nature of the networks can now be studied comparatively between contin-
gents expressed in terms of original scales versus standardized scales. If contingents 
2, 3, and 11 were absent in Fig.  5.7 , the network would have a string structure with 
a hook at the end opposite the anchor. Contingent 11 adds a simple stub above the 
string that is linked to contingent 8. Contingents 2 and 3, however, add a substantial 
branch in the opposite direction that is also linked to contingent 8. Contingent 8, 
thus, has a pivotal position in this network. 

 The network structure in Fig.  5.5  obtained from expressing distances on original 
scales has differences from those just noted for Fig.  5.7 . The one derived from 

  Fig. 5.7    Network of neighboring contingents for principal coordinates obtained from standard-
ized scales as plotted on equalized axes       
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original scales has a major fork at one end, a minor fork at the other, and a spur in 
between. 

 The major bifurcation is from contingent 9 and the minor one from contingent 8, 
with these nodes being on opposite sides of the network. 

 Therefore, the sense of similarities depends quite strongly upon the manner in 
which the contingents are expressed. The extent of the dependence can be seen 
more clearly by fl agging the nodes that are linked differently between the two views. 
This requires making a node tabulation from which the contingents having the same 
linkage are removed, and then plotting these nodal points with a different symbol to 
obtain the graph in Fig.  5.8 .

        

 Another way to examine the differences in the networks is through barplots of 
the linkage lengths. Of course, the large differences in PCO scales give correspond-
ingly different vertical scales for the barplots; but it is the relative differences that 
are of interest. Therefore, it is appropriate to make barplots of linkages expressed as 
a percent of the respective maximum linkage length. A barplot of the linkage lengths 
based on original scales is given in Fig.  5.9 , and the corresponding barplot of linkage 
lengths based on standardized scales is given in Fig.  5.10 . It is easily seen that there 

  Fig. 5.8    Network of neighboring contingents for principal coordinates obtained from standard-
ized scales, with diamonds marking nodes that link differently from original scales       

 



  Fig. 5.9    Barplot of relative linkage lengths for network of neighboring contingents based on origi-
nal scales       

  Fig. 5.10    Barplot of relative linkage lengths for network of neighboring contingents based on 
standardized scales       
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is much greater differentiation of relative linkage lengths for the version of the 
network based on standardized scales than for the version based on original scales. 
Since this enhanced differentiation is useful, it is appropriate to prefer the network 
having a standardized basis for further investigations.    

    

 At the current juncture, it is well to be clear that ideas behind networks of neigh-
bors are based on the contingent context. By defi nition, the contingents are few in 
number relative to the number of data cases. Doing networks directly for numerous 
data cases would most likely just give the appearance of a jumble of links, and the 
tabular network information would likewise pose heavy interpretive challenges. 

 This is also a place for summarizing some terms for types of structure in net-
works of neighboring contingents. A  simple string structure  has the links arranged 
as a string of beads so as to step sequentially through every node in order to pass 
from end to end. Likewise,  string structure  applies to a substantial segment of a 
network that is arranged in this manner, with Fig.  5.7  being illustrative in this regard. 
 Simple spurs  connect individual nodes into a string structure as observed in Fig.  5.5  
such that the spur node has only one link.  Binary branching  is also observed in 
Fig.  5.5 , whereby two strings emanate from a node. Although not observed in an 
obvious way here, a  satellite structure  would have several spurs or short strings 
attached to the same node. Contingent (node) number 8 in Fig.  5.7  approximates 
this arrangement.   

    k  Nearest Neighbors 

 For a variety of purposes, it can be useful to compare an instance of something to its 
nearby neighbors in some scaling space or to investigate how different scalings 
change which instances are near neighbors. It is also possible to remain cognizant 
of two scalings by expressing instances in one scaling while tracking its near neigh-
bors in another scaling. Such comparisons can be done for the nearest neighbor, for 
the fi rst and second nearest neighbor, or for the  k  nearest neighbors. To facilitate 
such investigations, we formulate an  R  function that we call  Naboring  which is 
listed as Function  5.2  and stored in a NearNabr.txt fi le. This function takes a data 
frame of coordinate values as an input, and produces a data frame having each 
instance (locus) on a line with the number of the instance followed by the numbers 
of its four closest neighbors. The function is easily modifi ed to account for more 
neighbors by changing the value of  K  in the function. 
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   Function 5.2: Naboring Function for Determining
 k  Nearest Neighbors  

       

 As applied to the contingents expressed in principal coordinates obtained from 
standardized scales, the neighbor status is as follows:
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 An immediate use for near neighbor analysis is to investigate whether, and if so 
how, the recasting of contingent centroids from six standardized dimensions into 
two principal coordinate dimensions has affected the nearest neighbor relations 
among the contingents. This can be determined by getting neighbors of the six-
dimensional structure, and then plotting nearest neighbor contingent numbers 
against each other as in Fig.  5.11 .

        

 The only perturbation of (fi rst) nearest neighbor relations by principal coordinate 
dimensional reduction is for contingent number 10, which originally had 
contingent 6 as nearest neighbor that switched to contingent 7. The original nearest 
neighbor has become the second nearest neighbor, but contingent 7 was originally 
not even among the four near neighbors to contingent 10. The PCO process has 
done more extensive perturbation to higher order neighbor relations as shown for 
second nearest neighbors in Fig.  5.12 . Thus, it is better to compile the  k -neighbor 
data from the full set of variates.

  Fig. 5.11    Contingent numbers of nearest neighbors in six standardized dimensions ( horizontal  ) 
versus two principal coordinate dimensions ( vertical  ). Some points are multiples       
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   Skeletal Subset as Comparative Core 

 It would be somewhat unusual to fi nd a dataset in which all contingents were 
insensitive in this network sense to standardization of the variates. It would also 
be somewhat unusual to fi nd a dataset without a substantial subset that does not 

  Fig. 5.12    Contingent numbers of second nearest neighbors in six standardized dimensions ( hori-
zontal  ) versus two principal coordinate dimensions ( vertical  ). Some points are multiples       
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 The second phase is to superimpose the network linkages for a subset on a plot 
showing centroids for all of the contingents in that particular scaling. This process 
is as follows for the original variates, producing Fig.  5.13 . Note particularly the 
need to reference actual contingent numbers rather than sequential numbers in the 
NetFrame for the subset.

exhibit such sensitivity. An insensitive subset can provide a skeletal network that 
facilitates visual assessment of sensitivity in the other contingents. For current 
contingents, a subset consisting of contingents 1, 2, 3, 4, 8, 9, and 11 has the same 
neighbor linkages for both original variates and standardized variates. This pro-
vides a skeletal network structure for comparing sensitivity of contingents 5, 6, 7, 
and 10. 

 The fi rst phase of confi guring the skeletal network is to extract the subset of 
centroids from both original and standardized scalings, and then to obtain the 
NaborNet for each subset.
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  Fig. 5.13    PCO centroids of contingents based on original variates showing skeletal network of 
consistent contingents       

    

    The corresponding plotting scenario for contingents based on standardized vari-
ates is as follows to produce Fig.  5.14 :
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  Fig. 5.14    PCO centroids of contingents based on standardized variates showing skeletal network 
of consistent contingents       

    

    Comparing Figs.  5.13  and  5.14  makes clear the nearly linear sequence of links 
from contingent 2 to contingent 11 through contingents 3 and 8 with a single-step 
left branch from contingent 8 to contingent 1 and a two-step right branch from con-
tingent 3 to contingent 4 through contingent 9. Contingents 6, 7, and 10 are above 
the right branch for both scalings, and contingent 5 is below the right branch for 
both scalings. However, contingent 5 is almost on the right branch for standardized 
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   Function 5.3: PlacRank Function for Converting a Data 
Frame to Place Ranks    

scaling, whereas it is appreciably below for original scaling. Likewise, contingent 7 
is almost directly to the right of contingents 6 and 10 for standardized scaling, 
whereas it is shifted substantially above and to the right for original scaling. Thus, 
original scaling gives more distinctiveness to contingents 5 and 7 than does stan-
dardized scaling.  

   Sequence Scaling and Representative Ranks 

 A process of prioritization entails comparing either cases or collectives of cases in 
terms of the information imbedded in the multiple measures. Collectives of cases 
form constellations in the space of multiple measures, and centroids constitute 
cores of those constellations. Centroids are, thus, conceptually compatible for such 
comparisons. Distance domains abstracted from centroid-to-centroid distances 
deal directly with the comparative concerns without being tightly tied to the 
multiple measures, and so are also appropriate for prioritization purposes. 

 We have empirical evidence that standardized scaling has effects expressed in the 
distance domains. We have also seen that standardized scalings are completely cor-
related with original observations. Thus, complete correlation does not carry com-
plete consistency for comparison. A common component of information in original 
and standardized scales is specifi cation of “greater than,” “less than,” and “equal to” 
relationships among the instances, although there are disparate degrees of differ-
ence. Rankings retain only object ordering information, and can therefore be con-
sidered as a “bare bones” sequence scaling or skeletal scaling. 

 Rankings can rise with magnitude of measurement which is the regular ranking 
for  R  or can carry context of precedence in placement with fi rst as foremost and 
largest as least precedence. Preferential positioning properties make place ranks a 
better basis for prioritization purposes. Function  5.3  is a PlacRank facility that takes 
a data frame of variate values as input and produces a data frame of place ranks as 
outputs. 
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 If place ranks for all variates have the same sense of superiority, they become a 
kind of common currency for comparative purposes in prioritization. This requires 
each variate to be considered in a criterion context as an informational indicator. 
For example, the percent in one forest patch and the percent in one open patch are 
inherently inverse indicators as evidenced by their strong negative correlation. 
Comparative coupling of inverse indicators must either be done through a distance 
domain or the inversions must be inverted. In terms of sequence scaling, regular 
rankings of inverse indicators are compatible with place rankings of those that have 
positive polarity. 

 Since standardization does not do any reordering, mixed-mode rankings (not 
necessarily same sense) are identical whether obtained from original observations 
or standardized scales.

    

   Furthermore, it is seen that same-sense rankings of Pct1FPch and Pct1OPch are 
identical and, therefore, redundant for rank-based prioritization purposes.  
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 For comparative continuity, a distance domain is also obtained for centroids 
expressed in terms of ranks as shown in Fig.  5.15 .   

  Fig. 5.15    Principal coordinates for centroids of contingents derived from (mixed mode) place 
ranks       

    

 The plot in Fig.  5.15  shows that the fi rst (horizontal) PCO axis requires reversal, 
which is done as follows and plotted in Fig.  5.16 .   

    

 The skeletal subset used earlier is superimposed in Fig.  5.17 . Figure  5.17  is 
more like the version for standardized data than for original observations, except 
that contingent 5 is located slightly above the link line instead of slightly below. 

 



  Fig. 5.17    Principal coordinates for centroids of contingents derived from (mixed mode) place 
ranks with fi rst axis adjustment and showing prior skeletal network       

  Fig. 5.16    Principal coordinates for centroids of contingents derived from (mixed mode) place 
ranks with fi rst axis inverted and ranges equalized       
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 Function  5.4  is a GroupRnk function that compiles fi ve representative ranks for 
collectives. The fi ve key ranks are (1) minimum rank, (2) fi rst quartile rank, (3) 
median rank, (4) third quartile rank, and (5) maximum rank. The inputs to the func-
tion are a vector of group membership and a data frame of case-level same-sense 
ranks of criteria. 

Both standardization and ranking have equilibrating effects on variability, but these 
effects are different. Since it has already been shown that Pct1FPch and Pct1OPch 
are rank equivalent at the level of contingents, Pct1OPch should simply be omitted 
for rank-based comparative purposes. This omission gives same-sense structure to 
the remaining ranks.  

 In general, mixed modes for rankings should be resolved by substituting regular 
rankings for place-based rankings of those individual variates that are counter-
indicative. It should also be noted that retaining redundant variates has the effect of 
more heavily weighting the infl uences that give rise to the redundancies.   

   Representative Ranks 

 Ranks solely signify sequences, thus constituting conceptual common currency for 
prioritization purposes. Consider  k  contingents of cases, with each case having 
same-sense ranks on  p  variates. If the  j th contingent consists of  h  

 j   cases, there are 
 h  

 j   ×  p  =  q  
 j   rank numbers associated with the contingent. If these  q  

 j   rank numbers are 
placed in a single array and sorted in ascending order, they form a distribution of 
rank values for the contingent. A selected set of  m   £   q  

 j   percentage points for this 
distribution can be considered as representative ranks for the contingent. Then, con-
tingents can be prioritized comparatively in terms of their representative ranks 
(Myers and Patil  2010 ; Myers et al.  2006 ; Sorensen et al.  2005  ) . 

 To pursue representative ranks, we obtain a data frame of place ranks for cases 
on the fi rst fi ve variates as follows:  
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   Function 5.4: GroupRnk Function for Compiling Key Ranks 
of Collectives (Minimum, First Quartile, Median, Third Quartile, 
and Maximum) from Case-Level Rankings    

 Function 5.4 is applied to the 11 contingents as follows, with pairs plotted in 
Fig.  5.18 .   

 Figure  5.18  shows that plotting Q3 on the vertical against the median on the hori-
zontal yields a near-linear ordering of the contingents. The plot is extracted and 
labeled in Fig.  5.19 .   
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  Fig. 5.18    Pair plots of key place ranks for 11 contingents       
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 Since lower place ranks are more favorable, this ordering highlights 
contingent 4 as most favorable and contingent 1 as least favorable. Some other 
pairings of key ranks make the contingents appear less distinctive.       
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 The foregoing treatments have set the stage for a more formal approach to precedence 
and partial/progressive prioritization that has its foundation in partial order analysis 
(Brüggemann and Voigt  2008 ; Brüggemann and Patil  2011 ; De Loof et al.  2008 ; 
Patil and Taillie  2004  ) . We wish to formalize favorability without specifying exactly 
how it is to be determined, leaving latitude for investigative innovation and interpre-
tation. Our approach here is comparative among contingents or cases, and is framed 
in terms of  ascribed advantage  that is an outcome of a  rating regime  (Myers and 
Patil  2010  ) . 

   Ascribed Advantage, Subordinate Status, 
and Indefi nite Instances 

 We assume the availability of a suite of rating rules that assigns three types of rela-
tions between a particular pair of cases or contingents (instances), with the two 
members of the pair being symbolized as  Э  and  Є . If the rules designate  Э  as more 
favorable than  Є , then we say that  Э  is/has  ascribed advantage  over  Є  which we 
symbolize as: 

  Э aa Є , wherein  Э  is  ascribed advantage  over  Є  

 which also implies that  Є  has  subordinate status  relative to  Э  symbolized as: 

  Є ss Э , wherein  Є  has  subordinate status  to  Э  which reciprocally implies  Э aa Є . 

 In simple terms, ascribed advantage means more favorable and subordinate 
status means less favorable according to the regime of rating rules. However, the 
rating rules may fail to ascribe advantage and subordinate status for a particular pair 
of instances. These latter are  indefi nite instances  symbolized as: 

  Э ii Є , whereby these are  indefi nite instances  without ascribed advantage and 
without subordinate status, which reciprocally implies  Є ii Э . 

    Chapter 6   
 Ascribed Advantage, Subordination 
Schematic, and ORDIT Ordering                  
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 Indefi nite instances are pairs for which the rating rules fail to assign advantage. 
 Each of the  n  cases or contingents can be compared on this basis to all others in 

the deleted domain  DD  =  n  − 1 of competing cases (instances) with the percent 
occurrence of these relations being tabulated as follows, where  ff  ( ) denotes focal 
frequency as number of occurrences for the focal case:

     = ×100 (aa) / .ffAA DD    

     = ×100 (ss) / .ffSS DD    

     = ×100 (ii) / .ffII DD     

 Clearly,  AA  +  SS  +  II  = 100%; and for later use, let us defi ne  CCC  = 100 −  AA  as 
the  complement of case condition relative to ascribed advantage  ( AA ). 

 In the parlance of partial order, AA has sense of relative size of deleted “down 
set,” SS has sense of relative size of deleted “up set,” and II has parallels to cases 
with confl icting criteria. Since AA, SS, and II can be computed individually for any 
instance, this approach is in the nature of a local partial order model (LPOM).  

   Subordination Schematic 

 The foregoing approach can be symbolized schematically in what we call a “subor-
dination schematic” as depicted in Fig.  6.1 , whereby the point representing an 
instance partitions the fi gure into a “trapezoidal triplet” (of AA, SS, and II) below, 
and a “topping triangle” (of CCC, SS, and II) above. The combination of lower and 

  Fig. 6.1    Subordination 
schematic with plotted 
instance partitioning a right 
triangle into a “trapezoidal 
triplet” (of AA, SS, and II) 
below, and a “topping 
triangle” (of CCC, SS, and II) 
above. AA = 100% is at the 
“tip” of the combined triangle 
and SS = 100% is at the “toe” 
of the combined triangle. The 
hypotenuse is a right-hand 
“limiting line” for plotting 
position because 
AA + SS + II = 100%       
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upper portions forms a right triangle with the “tip” at AA = 100% in the upper left 
and the “toe” at SS = 100% in the lower right. The hypotenuse is a right-hand 
“limiting line” for plotting position because AA + SS + II = 100%. CCC adds SS + II 
to AA making 100%. The “basal bar” (bottom leg) of the topping triangle is parti-
tioned into SS and II by the plotted point for the instance.  

 The trapezoidal triplet is used subsequently as the basis for a precedence plot. 
The topping triangle provides the basis for an “Ordering Dually in Triangles, 
ORDIT, ordering” of the instances as explained immediately below.  

   Ordering Dually in Triangles 

 For the current context, an ideal instance is taken to be one that has ascribed advan-
tage over all others. In terms of rating relations as set forth above, this is an instance 
for which AA is 100% of the deleted domain (DD) of other instances, that is, the 
frequency of ascribed advantage being equal to the number of competing cases 
(instances). When this ideal actually occurs, then the trapezoidal triplet becomes a 
triangle. Whether or not the ideal actually occurs, this can be cast in terms of a “top-
ping triangle” for each instance that puts a triangular vertex in place when overlaid 
on the trapezoid as shown in Fig.  6.1 . 

 The legs of the topping triangle can be coupled as a decimal value  ccc.bbb  for 
each part of which lower values are more favorable in company with place-based 
rankings. The  ccc  component is obtained by rounding CCC to two decimal places 
and then multiplying by 100. The  bbb  component is obtained by dividing SS by 
CCC, and imposing 0.999 as an upper limit. The two components are then coupled 
by adding  bbb  to  ccc . Each instance induces a topping triangle, so this ordering is 
assigned the acronym  ORDIT  for ORdering Dually In Triangles. It preserves all 
aspects of AA, SS, and II, except for the actual number of instances. If a simple 
sequencing of instances is needed, then the ORDITs can be converted to regular 
ranks. Regular ranking of the ORDITs is done because the polarity of ORDITs is to 
be preserved.  

   Product-Order Rating Regime 

 A general relational rule for ascribing advantage is  product order , whereby advan-
tage is gained by having all criteria at least as good and at least one better. Conversely, 
subordinate status lies with having all criteria at least as poor and at least one poorer. 
This relational rule is applicable to all kinds of criteria as long as they have the same 
polarity (same sense of better and worse). We have chosen to refer to regular ranks 
of ORDITs based on product order as  salient scaling . Function  6.1  is a ProdOrdr 
facility that determines ORDITs and salient scaling according to product order. 
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This function takes as its inputs a vector of IDs for instances, a data frame of same-
sense criteria, and an indicator of whether the criteria are positive sense (placing = 0) 
or negative sense (placing = 1). The output is a data frame of ORDITs and salient 
scaling values. 

 We concluded the previous chapter by examining a plot of (place based) third-
quartile ranks versus median ranks for contingents which showed a near-linear rela-
tionship suggesting that these two criteria serve to produce a precedence ordering 
that distinguishes among the contingents. We use this as an initial exploration of 
prioritization at the contingent level shown    in Fig.  6.2 .

        

  Fig. 6.2    Salient scaling (prioritization) for contingents based on representative (place based) 
ranks Q2 (median) and Q3       
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   Function 6.1: ProdOrdr Function for ORDIT Ordering 
and Salient Scaling According to Product-Order Protocols  
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 One proceeds interpretively from bottom to top in Fig.  6.2 . Contingents 4, 5, and 
7 are fi rst, second, and third, respectively, according to Q2 and Q3 with the only 
lack of resolution being between contingents 2 and 8. If Q1 is included in the priori-
tization, the result becomes as shown in Fig.  6.3 .

        

 Including Q1 resolves contingents 2 and 8 by placing 2 before 8, but induces 
confounding of contingent 5 with contingents 7 and 9 with contingent 10. Contingent 
4 still stands alone as fi rst. 

 The three varieties of principal coordinate distance domains can be investigated 
comparatively in this regard if it is remembered that the polarity of the PCOs is 
opposite that of place ranks. A pairs plot is given in Fig.  6.4 .

  Fig. 6.3    Salient scaling (prioritization) for contingents based on representative (place based) 
ranks Q1, Q2 (median), and Q3       
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  Fig. 6.4    Pairs plot of prioritizations of contingents from PCO distance domains       
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 The precedence from original, standardized, and rank distance domains agrees 
with regard to (contingent 1 as being the worst). Original and ranks agree on contin-
gent 7 as being the best, but standardized has contingent 7 tied with contingent 4 for 
the best. Original and ranks are in substantial agreement, except for contingent 5 
which is third by ranks but seventh by original.       
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 Visualization is an important part of conveying the logic of a prioritization to 
constituent stakeholders (Brüggemann and Patil  2010 ; Brüggemann et al.  2003  ) . 
Therefore, we exploit the concept of trapezoidal triplet (see Fig.   6.1    ) to prepare an 
innovative precedence plot before going forward with comparison of contingents in 
terms of ORDITs under alternative rating regimes (Myers and Patil  2010  ) . 

   Precedence Plots 

 Function  7.1  named TrpzTrpl (for trapezoidal triplet) accepts the output of the 
ProdOrdr function (6.1) and produces a precedence plot. This is applied to second- 
and third-quartile representative ranks and shown in Fig.  7.1 .  

   Function 7.1: TrpzTrpl Function for Precedence Plots 
Based on Trapezoidal Triplet     

    Chapter 7   
 Precedence Plots, Coordinated Criteria, 
and Rank Relations                  
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  Fig. 7.1    Precedence plot of trapezoidal triplet for contingents based on Q2 and Q3 of representa-
tive ranks.  Y -axis as vertical side is ascribed advantage (AA) as percent of deleted domain (DD) of 
competing cases.  X -axis along lower side is subordinate status (SS) as percent of DD. Slanting side 
is limiting line (LL) for positional plotting. Horizontal distance to limiting line from plotted point 
(as for contingent 2) may be considered as a “grey gap” due to indefi nite instances (II)       
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  Preferential positioning declines downward diagonally from tip to toe. Primary 
preference varies vertically  showing that there is a larger percentage of ascribed 
advantage with increasing height.  Horizontal variation   on a given level   shows 
clarity of comparison. Closer to the limiting line is   more defi nite disadvantage  
with a larger percentage of subordinate status versus indefi nite instances among the 
couplets, where ascribed advantage is  lacking .  Horizontal distance from limiting 
line is a “grey gap”  (not black and white) refl ecting lack of clarity due to indefi nite 
instances (II) of couplets having confl icts among the criteria. 

 Only contingent 2 of those identifi ed in the precedence plot of Fig.  7.1  shows a 
“grey gap” of uncertainty due to indefi nite instances (II). However, contingent 8 is 
not identifi ed in Fig.  7.1 , so it must be tied with another contingent. In the previous 
chapter, it was determined that the tie is with contingent 2. 

 It is expedient to have a companion “progression plot” (progressing from best to 
worst) for the precedence plot that reveals the presence of ties. A progression plot is 
obtained by four lines of  R  code as follows and shown in Fig.  7.2    .

        

 Including Q1 with Q2 and Q3 gives the precedence plot shown in Fig.  7.3  and 
the companion progression plot in Fig.  7.4 . This inclusion leaves only contingents 

  Fig. 7.2    Progression plot for contingents based on Q2 and Q3 of representative ranks with tied 
contingents identifi ed. Ties occur, where there are two or more successive ORDIT ranks on the 
same level       
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  Fig. 7.4    Progression plot for contingents based on Q1, Q2, and Q3 of representative ranks with 
tied contingents identifi ed       

  Fig. 7.3    Precedence plot of trapezoidal triplet for contingents based on Q1, Q2, and Q3 of repre-
sentative ranks       
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4 and 1 as being without indefi nite instances, and contingents 7 and 10 being masked 
by coincidence (7 with 5 and 10 with 9).   

 The quartiles of representative ranks, thus, give clear preference to contingent 4 
followed dually by contingents 5 and 7. This perspective has contingent 1 in the 
poorest position   .

         

   Indicator Integration and Condensation 

 We next undertake integration and condensation (Luther et al.  2000  )  of principal 
coordinates across the three distance domains. This begins with constructing a con-
junctive data frame as follows, after which the (Pearson) correlations and (Spearman) 
rank correlations are explored.   
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 Within each set, the fi rst PCO axis is uncorrelated with the second axis. Between 
sets, the fi rst PCO axes are very strongly correlated and the second axes are strongly 
correlated. 

 We next seek to induce an approximately block diagonal structure for the corre-
lation matrices by rearranging the indicator variates so that the very strongly 
correlated fi rst PCO axes come fi rst and then the strongly correlated second PCO 
axes (Mucha  2002  )    .

        

 A pairs plot for the blocked PCOs is given in Fig.  7.5 .     

  @ pairs(PCOblock)  

 The strong correlations within blocks and the lack of correlation between blocks 
make it sensible to condense this indicator information via two sets of ORDITs. The 
three PCO fi rst-axis indicators contribute one ORDIT ordering, and the three PCO 
second-axis indicators contribute a second ORDIT ordering. These two ORDIT 
orderings provide an indicator condensation from six to two. The two ORDIT order-
ings are obtained as follows and plotted in Fig.  7.6    .

         

 As shown in Fig.  7.7 , ORDIT ordering from fi rst PCO axes is consistent with that 
from quartiles of representative ranks with respect to the three best (4, 5, 7) and the 
three worst (1, 11, 8); however, Fig.  7.6  shows less consistency with regard to 
ORDIT ordering from second PCO axes. Contingent 7 is moderately well placed for 
second PCO axes, but contingent 4 is mediocre and contingent 5 is poorly placed. 
Thus, contingent 4 and contingent 7 appear to be the better candidates for compari-
sons at the case level.  

 ORDIT ordering can, thus, serve to coordinate a set of related indicators, thereby 
providing a single indicator that draws evidence from all members of the parent set   . 
Such integrated indicators can serve as second-order semi-surrogates for the larger 
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set of original indicators, whereby implicit weighting due to high redundancies 
among original indicators has been substantially removed. In the current context, 
Q1Q2Q3 ORDIT, PCOaxis1 ORDIT, and PCOaxis2 ORDIT can be three second-
order indicators for the original nine indicators. This is accomplished as follows, 
with a precedence plot shown in Fig.  7.8  and companion progression plot in Fig.  7.9 . 
Contingents 7 and 4 appear in positions of precedence   .

  Fig. 7.5    Pairs plot of block arrangement for PCOs of contingents       

 



  Fig. 7.6    ORDIT ordering from PCO axis 2 ( vertical ) versus ORDIT ordering from PCO axis 1 
( horizontal )       

  Fig. 7.7    ORDIT rankings from fi rst PCO axis ( Y ) versus ORDIT rankings from quartiles of 
representative ranks ( X )       

 

 



  Fig. 7.8    Precedence plot for contingents based on ORDITs as second-order indicators (Q1Q2Q3, 
PCOaxis1, PCOaxis2)       

  Fig. 7.9    Progression plot showing ties for contingents based on ORDITs as second-order indica-
tors (Q1Q2Q3, PCOaxis1, PCOaxis2)       
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   Rank Range Relations 

 The product-order rating regime has an alternate interpretation when the indicator 
criteria consist of a pair of representative ranks, and this alternate interpretation 
gives rise to a special visualization using what we call “rank rods.” One member of 
a pair of representative ranks is an upper rank, and the other a lower rank. We use 
the place rank view in what follows, whereby the lower (lesser) rank is the preferred 
placement and the upper rank is the poorer placement (Newlin et al.  2010 ; Newlin 
and Patil  2010  ) . 

 The rank range is the (closed) interval between the lower and upper ranks or the 
difference between the maximum and minimum ranks, depending on the context. 
One instance can be considered better than another in either of the two ways for the 
rank range sense, depending upon equalities or lack thereof in upper or lower ranks. 
One instance is better than another in this regard if the lower rank is lower while the 
upper rank is equal or lower. There is also betterment if upper rank is lower while 
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the lower rank is equal or lower. For a pair of representative ranks, application of the 
rank range rating regime gives equivalent results to product-order regime, and is 
therefore simply an alternative interpretation. 

 For the visualization, we proceed to plot a vertical line (rod) for each instance 
that extends from the level of the lower rank to the level of the upper rank. Q1 and 
Q3 of the representative ranks for contingents can serve to exemplify this approach 
according to the following  R  operations with the result shown in Fig.  7.10    .

        

 It is evident in Fig.  7.10  that contingent 4 has rank range superiority in terms of 
representative ranks Q1 and Q3. The nature of the confounding between contingent 
5 and contingent 7 for second place is also evident. Contingent 7 is better placed for 
Q1, but contingent 5 is better placed for Q3. Geometrically, the rank range for con-
tingent 5 is contained within the rank range for contingent 7. Contingent 1 is clearly 
the worst in both respects. The horizontal axis of Fig.  7.10  is that of an “index plot” 
in  R , whereby the numbers simply show the order of occurrence in row of the data. 

  Fig. 7.10    Plot of rank range rods for representative ranks Q1 and Q3       
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 It may be desired to have the rank rods ordered otherwise than simple row sequence, 
as for example by Q1. This can be accomplished as follows and shown in Fig.  7.11 .   

       

 With ordering as in Fig.  7.11 , a drop in top height for a successor represents 
confounding, whereby the lower rank and the upper rank present confl icting 
evidence. A  rank range run  is a sequence of instances, wherein each instance has 
rank range advantage over its successor in the sequence. Contingent 2 is clearly an 
anomaly relative to rank range runs, and so would be excluded. A primary rank 
range run would naturally begin with contingent 4 since it has rank range advantage 
over all others. Either contingent 7 or contingent 5 would occupy second place since 
they both have rank range advantage over all remaining, but one or the other would 
be excluded since they are in confl ict. Similarly, either contingent 9 or contingent 10 
could be in third place, but they could not both be in the run. Contingent 6 and con-
tingent 3 are then in fourth and fi fth place, respectively. Either contingent 11 or 
contingent 8 could be in sixth place, but they could not both be in the same run. 
Contingent 1 then occupies the seventh place to terminate the run. The run structure 
is, thus, 4, (7 or 5), (9 or 10), 6, 3, (11 or 8), 1. Contingent 2 remains an anomaly 
because of its large span. When ordered by lower rank as in Fig.  7.11 , the potential 

  Fig. 7.11    Rank range rods for representative ranks Q1 and Q3 ordered by Q1       
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successors for an instance in a run can be seen by projecting a horizontal line from 
the top level. Only those that are transected by the line or entirely above it can serve 
as successors in a run. 

 When the rank range rod extends from the actual minimum to the actual maxi-
mum, it can be augmented by markings for the quartile ranks, including Q2 (median). 
This is shown for KeyRnks11 of the contingents in Fig.  7.12 . Only the portions of 
the rods between Q1 and Q3 (the triangle pointers) were shown in Fig.  7.11 . The 
diagram of Fig.  7.12  was generated by a special function facility named RankRods 
(Function  7.2 ). The RankRods function takes three inputs. The fi rst input is an order-
ing vector like the OrderByQ1 vector used for Fig.  7.11 . The second input is a data 
frame of the key ranks to be plotted. The third input is a vector that signals how each 
column of the data frame is to be handled in plotting, with each element signaling 
the respective column of the data frame. A zero, 0, indicates that the column is 
ignored in plotting. A −1 indicates that the column marks the lower ends of the ribs, 
and a 1 indicates that the column marks the upper ends of the ribs. A −2 indicates the 
column marker as an upward-pointing triangle, and a 2 indicates the column marker 
as a downward pointing triangle. A 3 indicates the column marker as a small circle.  

 After declaring KeyRnks11 to be a data frame, the instructions for generating 
Fig.  7.11  with this function are as follows:   

       

  Fig. 7.12    Augmented rank range rods for contingents ordered by Q1.  Rod  extends from minimum 
rank to maximum rank.  Upward pointing triangle  shows Q1 for ranks.  Downward pointing trian-
gle  shows Q3 for ranks.  Circle  shows median of ranks       
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   Function 7.2: RankRods Function for Plotting Augmented 
Rank Range Rods     

       

 Figure  7.12  was generated by the following set of  R  commands:   

       

 Figure  7.12  shows that quartiles of representative ranks have substantial distinc-
tiveness among the contingents, but minimum and maximum are relatively 
uninformative.       
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 Having compared contingents on  constructed criteria  (centroids, representative 
ranks, and distance domains) to choose candidate contingents, our progressive 
prioritization process moves to comparison of cases within candidate contingents to 
choose candidate cases. Both comparison of contingents and comparison of cases 
within contingents can be seen as selective screening that eliminates cases from 
contention. This is followed by cross-contingent comparison of candidate cases that 
brings together the best cases of the better contingents. This combination of candi-
date cases that crosses contingents is then prioritized and particularized rather than 
reduced. 

 The quartiles of representative ranks (Figs.   7.3     and   7.4    ) have highlighted contin-
gents 4, 5, and 7. Pairings of ORDITs from distance domains (Fig.   6.4    ) have high-
lighted contingents 7, 4, 6, and 10 if we include any contingent that received a 3 
rating. Consolidation of PCO axis 1 across distance domains and consolidation of 
PCO axis 2 across distance domains (Fig.   7.6    ) have highlighted contingents 7, 4, 6, 
and 10. Integrating three views (Fig.   7.8    ) highlights contingents 7, 4, 6, and 10. 
Therefore, it seems practically prudent to conduct case comparisons for contingents 
4, 5, 6, 7, and 10. 

   Conventional Criteria 

 Whereas constructed criteria were necessary for comparing contingents, case com-
parisons can be conducted on conventional criteria available as attributes (variates) 
from which contingents were confi gured by clustering. The product-order rating 
regime is completely comparative on a greater/lesser/same basis for each individ-
ual criterion. Therefore, comparisons conducted directly on the variate values as 
criteria yield the same result as comparisons of ranks—so ranking is optional. 

    Chapter 8   
 Case Comparisons and Precedence Pools                  
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However, ranks are preferred in subsequent steps, so the cases in each of these four 
contingents are isolated in terms of place-based ranks as    follows:

       

 The ProdOrdr function is then applied to each of these fi ve contingents as follows:

       

 A precedence plot for contingent 4 is shown in Fig.  8.1  with a companion 
progression plot in Fig.  8.2  according to the following sets of commands:

         

 The precedence plot is truncated on the right due to the maximum ascribed advan-
tage being only a little over 30%. The limiting line is, thus, not shown in Fig.  8.1 . 

 The identifi cation numbers on the points are sequential line numbers in the data 
fi le. Therefore, they must be retrieved from the data fi le in order to determine the 



  Fig. 8.1    Precedence plot of cases in contingent 4 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       

  Fig. 8.2    Progression plot of cases in contingent 4 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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hexagon ID numbers involved. The lines of hexagon data are retrieved in the order 
that they are listed for retrieval. Thus, hexagon 3268 occupies the 22nd line of the 
fi le for contingent 4. The numbers at the far left are line numbers in the parent 
CasPlacRnk5 fi le.

       

 A precedence plot for contingent 5 is shown in Fig.  8.3  with its companion 
progression plot in Fig.  8.4 .

         

  Fig. 8.3    Precedence plot of cases in contingent 5 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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 The progression plot shows no coincidence among the more conspicuous candi-
dates in the precedence plot for contingent 5. This time, truncation leaves the upper 
part of the limiting line exposed. 

 Retrieval of the more conspicuous candidates proceeds as before.

       

 A precedence plot for contingent 6 is shown in Fig.  8.5  with its companion pro-
gression plot in Fig.  8.6 .

  Fig. 8.4    Progression plot of cases in contingent 5 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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  Fig. 8.6    Progression plot of cases in contingent 6 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       

  Fig. 8.5    Precedence plot of cases in contingent 6 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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 As with contingent 4, the precedence plot for contingent 6 is truncated prior to 
the limiting line with maximum ascribed advantage being only a little more than 
15%. There is strong coincidence in the precedence plot with four in the fi rst posi-
tion, three in the second position, and two in the third position. 

 The more conspicuous candidate cases for contingent 6 are retrieved as follows:

       

 The precedence plot for contingent 7 appears in Fig.  8.7  with its companion 
progression plot in Fig.  8.8 . There is extensive coincidence for this contingent, but 
it does not involve the only conspicuous candidate case.

         

 Finally, the precedence plot for contingent 10 appears in Fig.  8.9  with its com-
panion progression plot in Fig.  8.10 .
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  Fig. 8.8    Progression plot of cases in contingent 7 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       

  Fig. 8.7    Precedence plot of cases in contingent 7 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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  Fig. 8.9    Precedence plot of cases in contingent 10 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       

  Fig. 8.10    Progression plot of cases in contingent 10 based on ascribed advantage by product order 
for fi rst fi ve variates as indicators       
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 Next is to collect the candidate cases extracted from the candidate contingents, 
and then order them by HexID numbers.

       

 We conclude this phase of the examination by determining precedence among 
these 28 candidate cases as shown in Fig.  8.11  with progression plot in Fig.  8.12 .
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  Fig. 8.12    Progression plot for candidate cases, labeled by sequence number       

  Fig. 8.11    Precedence plot for candidate cases       
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 The progression plot of Fig.  8.12  is fully labeled by sequence number, and these 
are used to list the candidate cases in order of precedence.

       

 The top candidate comes from contingent 7, the next three from contingent 4, 
and the next two from contingent 5. Contingent 7 contributes only the one premier 
candidate. Contingents 4 and 5 account for seven of the top ten, with the top ten 
being about 5% of the hexagons.  

   Representative Ranks as Case Criteria 

 Ascribed advantage by product order within contingent tends to be relatively limited, 
typically ranging between 15 and 40%. Product order strictly matches criteria 
between cases, and a small reversal of any criterion is suffi cient to nullify advantage. 
Since the members of a contingent are chosen for similarity, small reversals of 
criteria are likely to occur. This is refl ected in truncation of the limiting line and 
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left-hand stacking as in Fig.  8.11  instead of diagonal decline as in Fig.   7.1    . The 
strategy of using representative ranks can be applied at the case level by using spe-
cifi c order points from the rank distribution for each case. This relaxes the strict 
matching of criteria so that small reversals have less effect on the comparisons. 
Function  8.1  is a CasRnkos function that produces a data frame of fi ve case rank 
order statistics comprising minimum (Min), fi rst quartile (Q1), median (Q2), third 
quartile (Q3), and maximum (Max). 

 The CasRnkos function is applied to place-ranked data as follows:

       

   Function 8.1: CasRnkos Function for Determining 
Rank Order Statistics of Cases  
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 The foregoing case screenings are next revisited using min–max and min–
median–max as representative ranks. In so doing, precedence plots are done for 
min–max, whereas progression plots are replaced by plotting ranked ORDITs 
for min–median–max against ranked ORDITs for min–max. Preliminaries are as 
follows:

       

 Operations for contingent 4 then proceed to obtain a min–max precedence plot 
shown in Fig.  8.13 .

        

  Fig. 8.13    Min–max (rank range) precedence plot for cases in contingent 4       
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 The labeled cases in Fig.  8.13  are retrieved as follows:

       

 A cross-plot for min–median–max against min–max is then obtained and shown 
in Fig.  8.14 .

        

 Figure  8.14  shows that hexagon 2648 (7) is tied with hexagon 2647 (6) relative 
to min–max, and hexagon 3143 (20) is likewise tied with 2171 (2). The TopRRof4 
is revised accordingly to refl ect the ties. Figure  8.14  also shows that hexagon 3274 
(23) has a median that is poorly placed relative to the ends of its range.

  Fig. 8.14    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 4       
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 Analysis for contingent 5 produces the precedence plot in Fig.  8.15 .

        

 A companion cross-plot for min–median–max against min–max is then obtained 
and shown in Fig.  8.16 .

        

 Figure  8.16  shows that item 21 is tied with item 20, and that hexagon 2526 (9) is 
anomalous with regard to inclusion of the median as a criterion.

  Fig. 8.15    Min–max (rank range) precedence plot for cases in contingent 5       
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 Hexagons highlighted from Figs.  8.15  and  8.16  are identifi ed as follows:

       

 Hexagons 2170 (3) and 3015 (15) are also of interest in Fig.  8.16 .

       

  Fig. 8.16    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 5       
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 Figure  8.17  shows the precedence plot for contingent 6 obtained as follows:

        

 The companion cross-plot for min–median–max against min–max is shown in 
Fig.  8.18 .

        

 No concerns for ties arise from Fig.  8.18 , but it does draw attention to two addi-
tional items. Including these two gives the following hexagons:

       

  Fig. 8.17    Min–max (rank range) precedence plot for cases in contingent 6       
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 The scenario for contingent 7 gives the precedence plot in Fig.  8.19 .

        

  Fig. 8.19    Min–max (rank range) precedence plot for cases in contingent 7       

  Fig. 8.18    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 6       
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 The companion cross-plot of min–median–max against min–max for contingent 
7 is shown in Fig.  8.20 .

        

 Although the items identifi ed in Fig.  8.19  do not have ties, Fig.  8.20  indicates 
that the tied items 3 and 11 might also be of interest. Accordingly, the items are 
identifi ed as follows:

       

 Exploration of contingents at the case level concludes with contingent 10, for 
which the precedence plot appears in Fig.  8.21 .

        

  Fig. 8.20    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 7       
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 The companion cross-plot of min–median–max against min–max for contingent 
10 appears in Fig.  8.22  showing that item 17 is not as well situated when the median 
is also considered.

        

 The labeled cases for contingent 10 are identifi ed as follows:

       

 Finally, we pool the items of interest from the respective contingents and prepare 
a pooled precedence plot which appears in Fig.  8.23 . Although we ordered the pool 
for conventional criteria by hexagon number, it is not really necessary to do so.

  Fig. 8.21    Min–max (rank range) precedence plot for cases in contingent 10       
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  Fig. 8.22    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 10       

  Fig. 8.23    Min–max (rank range) precedence plot for pooled items of interest       

 

 



139Representative Ranks as Case Criteria

        

 The companion cross-plot of min–median–max against min–max for pooled 
items of interest appears in Fig.  8.24 .

        

  Fig. 8.24    Ranked ORDIT of min–median–max versus ranked ORDIT of min–max for contingent 
pooled items of interest       
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 The top four candidate cases are the same when the median is included, but some 
shifts show in the next four. Selective retrieval of these candidate cases is as follows:

       

 It is noteworthy that hexagon 3529 did not appear after screening for precedence 
by conventional criteria. Hexagon 3527 was fi rst by conventional criteria and sec-
ond by representative ranks. Hexagon 2648 was fourth by conventional criteria and 
third by representative ranks. Hexagon 3141 was 15th by conventional criteria 
and fourth by representative ranks. Hexagon 2647 was third by conventional crite-
ria and fi fth by representative ranks. Hexagon 2769 was 12th by conventional  criteria 
and sixth by representative ranks. Hexagon 3274 did not appear after screening 
for precedence by conventional criteria. Hexagon 3521 was 12th by conventional 
criteria and eighth by representative ranks. 

 There is, thus, considerable consensus with regard to precedence for hexagons 
3527, 2648, and 2647. Hexagons 2647 and 2648 are adjoining in the northeast 
corner of the state, whereas hexagon 3527 is located in the southwest corner of the 
state. Hexagon 2769 is adjacent to 2647 and 2648. Only one hexagon separates 
3527 from 3529 and 3274.   

   Partial Precedence Pools 

 After having formed a pool of items of interest (candidate cases) drawn from differ-
ent contingents, it may be appropriate to have a preliminary partitioning of the pool 
into partial precedence pools (Myers and Patil  2008  ) . This would generally not be 
as advisable for earlier stages of screening due to computational considerations 
since it is not a local modeling approach that can avoid cumbersome combinatorial 
computation at the outset (Jones et al.  2009  ) . 

 Partial precedence pools are based on ideas of domination and subordination 
according to product-order protocols, but focus on aggregate relations among sub-
sets rather than precedence in pairs. Ascribed advantage and subordinate status by 
product-order relations provide the point of departure. One instance dominates 
another if it has ascribed advantage by the product-order protocols introduced 
earlier. Reciprocally, an instance is subordinate to another if the other has ascribed 
advantage by the product-order protocol, that is, the sense in which one instance 
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dominates another if it is at least as good on all indicators and better on at least one 
indicator with an instance being subordinate to another if it is dominated by that 
other instance   . We proceed to use these ideas for progressively partitioning a pool 
of instances into subsets (partial precedence pools) that have a sense of aggregate 
ordering (sequenced sets) with regard to dominance and subordination. The parti-
tion is done in two modes, and then the intersections of the two sets of subsets are 
considered with regard to joint ordering. 

 We fi rst do progressive partitioning into what we call subordination steps and 
abbreviate as  SubSteps , whereby each successive step has a stronger sense of being 
subordinate. This progressive process proceeds through a series of levels of elimina-
tion. It begins with all of the instances in a single pool, and segregates all of the 
instances that are not dominated by any other instances. The nondominated instances 
are placed in a partial pool that is numbered zero (0) since there is no (zero) domina-
tion of these instances. The pool of remaining instances has a least some domination 
by (some of) those in the initial partial pool. The process then repeats in progressive 
(recursive) fashion by isolating those in the (remaining) pool that are not dominated 
by any others in the (remaining) pool. This second partial pool is assigned level one 
(1) since its members are subject to one level of domination (by those in the zero-
level partial pool). This recursion continues until the (residual) pool has no mem-
bers that are dominated by any others in the (residual) pool. That fi nal (residual) 
pool receives the highest level number since its degree of being dominated has per-
sisted through the most stages of elimination. In precedence plots, SubStep level 
number is used as the SS axis replacing subordinate status based on percentage 
frequency in the deleted domain of other instances. It should also be noted that one 
extremely good indicator is suffi cient to place an instance in the zero-level partial 
pool since it precludes domination of that instance even if other indicators are infe-
rior. Thus, the zero-level partial pool may contain many mixed messages along with 
those that are more uniformly favorable. 

 A complementary process of progressive partial pools refl ects capacity to domi-
nate other instances rather than focusing on not being dominated. Dominating is 
done by way of superiority with no assistance from mixed messages. This process 
of determining dominance as aggregate advantage (Agrg8Adv) begins by segregat-
ing all of the instances in the general pool that do not dominate anything else. These 
are assigned to level zero (0) since they have no dominating capacity. The instances 
which dominate something else in the pool remain in the pool for further consider-
ation in the next round of recursion. After segregating all of the level zero instances 
as a zero-numbered partial pool, the process repeats by fi nding those among the 
remainder that do not dominate anything in the current pool and assigning them to 
level one (1) since they have aggregate advantage only at the initial level. The pro-
cess continues recursively through additional levels of partial pooling until a resid-
ual pool is reached that contains no domination. The fi nal residual pool receives the 
highest level number since its members have retained dominating capability up to 
this ultimate level. The numbering is, thus, according to differences in “depth of 
dominating”. This level number is used in precedence plots as the AA axis replacing 
ascribed advantage based on percentage frequency of advantage in the deleted 
domain of competing cases. 
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 Partitioning into SS subordination steps is accomplished by Function  8.2  named 
SubSteps. It takes three inputs, with the fi rst being a data frame of indicators. The 
second is a vector of status numbers for the instances. A nonnegative status number 
indicates that the analysis is conducted one level at a time, with all of the nonnega-
tive status numbers being processed in previous passes and current level number to 
begin with the available nonnegative number. This provision is made because com-
putations are computationally cumbersome and become time consuming for large 
numbers of instances. If all negative numbers are −1, then the process will transpire 
to completion in the current run. If all negative status numbers are −2 or less, then 
only one level of elimination will take place in the current pass. The third input 
indicates whether (1) or not (0) the indicators are of a place-based nature. 

   Function 8.2: SubSteps Function for Determining Partial 
Pools of SS Levels  
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 Partitioning into AA levels of aggregate advantage is accomplished by the Agrg8Adv 
Function  8.3 , for which inputs are the same as for the SubSteps Function  8.2 .  

   Function 8.3: Agrg8Adv Function for Determining 
Partial Pools of AA Levels  

       

 For the Toppings pool based on conventional criteria with precedence plot in 
Fig.  8.9  and incidence plot in Fig.  8.10 , SS levels are obtained as follows:
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 Thus, the cases in the Toppings pool have segregated into three SS levels inclu-
sive of the zero level. AA levels are obtained in like manner.

       

 Having determined the SS and AA levels, the PrtlPool Function  8.4  is used to 
compute ORDITs. In this mode, the ranked ORDITs are called “placements.”

        

   Function 8.4: PrtlPool Function for Determining 
ORDITs of Partial Pools  

       


