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ABSTRACT

The application of computerized clustering methods
in outlining the truck route boundaries for street letter box
colleétion runs is believed to be an effective tool for use
by the Vancouver Post Office.  This study investigates and
analyses'the éharacteristics, aigorithms, and applicability
of 12 cluster analysis techniques in grouping sets of two-
dimensional data units for the Post Office. A broad view of
cluster analysis is presented, including a review of the
methodology and the potential problems associated with nine
hierarchical and three nonhierarchical clustering methods.
Two sets of contrived data and two empirical data sets
(consisting of street letter box locations in the Burnaby
area) are used to test the suitability of the grouping
methods in clustering béth'evenly and unevenly distributed
data units in a 2-dimensional Cartesian space. Computer
programs‘for.varidus clustering procedures are used to géne-
rate tree diagrams showing the linkages of the members within
each group as well as the membership lists for the four data
sets. The results aré then plotted onto maps for evaluation.
Results of the evaluations, based on group sizes, distribu-
tions of distances within groups, and travel times ahd |

distances, can be summarized as follows:



a. Ward's method and the three nonhierarchical
methods are better clustering techniques in
grouping evenly distributed data sets;

b. the complete linkage method, and the two average
- linkage methods are more suitable for grouping |
‘visually identifiable clustered data units;

c. the single linkage methods and the centroid
methods aré'generally less satiéfactory in
grouping all four sets of data; and

d. clustering techniques provide a useful tool for
outlining the route boundaries for street letter

box collections.

A comparative study for the Vancouver area would
substantiate the feasibility of cluster analysis as an aid

to solving the scheduling problem.
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CEAPTER 1T
INTRODUCTION

The Vancouvér City Postal Ttéﬁéportatibn'Services,
like many postal services of othef Big cities,:ié constahtiy
 faced with complicéted revisions of schedules in the pursuit
cof assigniﬁg suitable duties to various trucks and drivers.
The schedullng of delivery services is highly constrained by
the service and process requlrements of the Post Offlce
The schedullng is further complicated by the unevenly dis-
tributed destinations of the proéessed mail volﬁme..-Planning
for the truck and human resources movements is complex and
time-consuming. At the present stage, the planning of all
the schedules rely heavily on the experience of the experts
and thé management is currently encouraging the develbpment

of a more efficient scheduling technique.

One of the biggest prbblem_in scheduling is the
setting up of the boundaries in which each scheduled service
»”wéﬁid‘fender its deiivery effort. Clustering analysis tech-
nique is a suitable approach to solve the problem. With the
advent of.computerization, several cluster methods can be
run in a singlé program and‘then their results can be aids
to the planners'and schedulers in the determination of the

service boundaries. In order to apply this technique



‘effectively, the complex operation of the Vancouver City

Postal Transportation Service must be comprehended.

1.1 Vancouver City Postal Transportation Service

The Vancouver City Transportation operation is
a very complex system with a fleet of various sized vehicles
performiﬁg different types of delivery and collection ser-’
vices. As of May 1976, the Post Office City Transportation
system has 151 small vehicles.of which 139 are scheduled
fbrvdaily sérVices, and 12 are kebt on staﬁdby bésis tb.meet
‘éoﬁtihgéncies; irregularies, replacements and breakdowns.

A total of 23 medium to large trucks are also utilized for

"~ other” transportation services within Greater’ Vancouver area. =~ 7

Small vehicles of % ton capacities are mainly used
for daily street letter box collectiéns, relay bundle de-
liveries, parcel post deliveries, ahd special deliveries.

‘Larger trucks are assigned to shuttle services transporting
bulk mail volumes to and from airport, docks, railways

stations, satellite post offices and the Vancouver General

"Post Office. The schéduliﬁg of thése different éiééd fruckém"'

for various services is very intricate and complexﬁ‘_EaCh' f"
type of service has its own characteriétics in timing,
location conétraints, and degrée of imﬁoffénce’ﬁo.fhéiPoét.m
Office operations., Frequent rescheduling of servicés are

required because there are often alterations in the airplane



schedules, delivery requirements, services requirements,
street letter box and bundle box ailocations, mail volume
pattern, and union regulation. The rescheduling of truck

N

services is presently done manually by the planners.

Constant growth of mail voiumes to and ffom the
Greater Vancouver area in recent years is brought about by
the tremendous increases in population as well as small
industries in the area. The coordination of city postal
transportation is becoming a very intricate and difficult
problem to tackle. A special vehicle utilization study in
the summer of 1975 investigating the feasibility of de-
centralization of North and West Vancouver Mail Services
from the General Post Office indicated that efficiency of
the system could be highly improved by decentralization.l
The study also introduced computerizetion in volume sta-
tistics and routing of vehicles. These computerized methods,
unaoubtly, help ﬁhe planners and the management in the
scheduling of services, however, they cannot be utilized
efficiently.without the computerization of other elements
involved in the scheduling of vehicles and manpower. Most
mail trucks are assigned to multiple services for a day's
work, and it is critical that the timing allowed for each
service is adequate and efficiently allocated. Relay bundle

runs have to transport the bundled mails to the relay boxes

in time for mail carriers to distribute according to their



schedules. Street letter.box.collections.periods=are

" restricted Both by the delivery and the process plant
requirements. The geographical boundaries of each street
letter box collection and relay bundle run are, therefore,

important to the structure of the vehicles schedules.

1.2 Purpose of the Study

'With>tﬁe édveﬁt 6f cumputeriZatieﬁ,'it is 1dééi'"”"
to have a mechanized system that can solve all the complex
scheduling problems in a short time. A complete.ahd'detailed
c0mputer-scheduliﬁgfprogram at the present:stage,is unfeasi-
ble because of the lnablllty to complehend all the detalls |
' hof an old eXlStlng manual system in a short perlod R
ROUTPLOT a computerlzed routing program used in the 1975
vehicle utlllzatlon study proves that although thlS program
does not consider every minor details such as traffic |
restrictions, stop signs, etc. in the construction of the
‘route, it has relieved the management from spending a
significant amount of time in routing or re—routing of the
vehicles schedules once alteratious are induced. Modifica-
tion of the computer results is necessary, and the resultant
- schedules can be carlled out Wlthln a day's time lnstead of |

a week's or month's time to change the routings manually.

The routing of a vehicle actually depends highly

on the geographic boundaries of the assigned schedule.



Traditionally, the boundaries are either natural geographic
boundaries confined by rivers, highways, bridges and sea or
are arbitrarily determined postal zcnes. The boundaries

for areas with little physical hindrance are primarily set
by experienced plannérs who are ex-truck drivers. This
system of boundary determination is in fact very reliable,
but time-consuming. The purpose of this study is two-fold:-
(1) to examine the characteristics of 12 clustering tech-
niques; and

(2) to validate, using contrived and empirical data, the
‘applicability of these 12 techniques in grouping box locations

into suitable cluster.

1.3 Overview

Chapter I begins with general introduction supple-
mented by a brief description of the Vancbuver City Postal
Transportation Service operations. The purpdée of the study

" is then outlined and an overview completes the first chapter.

Chapter II presents a broad view on cluster analysis
by stressing the need of clustering algorithms and the con-
ceptual pfoblem in utilizing cluster analysis. Elements
of the clustering analysis sﬁch as variable;, scale and
measures are discussed to indicate the variety of methods
in amalgamating variables and constituting data set for

cluster algorithms. A review of clustering techniques and



their uses, and some general remarks on the utilization of

‘cluster analysis complete this chapter.

-Chapter III begins with a brief introduction to the

"9 hierarchical clustering methods examined in this study.
The basic approach to these techniques is first described
and the characteristics and criterion of each technique, with

specific reference to distance measures are then discussed

in details in the second part of this chapter. The rationale

behind eaéh»method is also reviewed by referring to litera-

ture on these methods.

Similar to the above chapter, Chapter IV discloses
“the philosophy, characteristics and criterion of three non-
hierarchical clustering methods that are applicable to dis-

tance measured data and variables,

In Chapter V, the results generated by twelve
.different clustering techniques on four sets of input data
are examined and evaluated in detail.. Two set§ of contrived
data are.designed to ﬁest'thevapplicability of techniques
for evenly and unevenly distributed déta sets. The other
two data sets are actual street lettexr box loéations of
North and South Burnaby, and they.are ﬁsed to test the
appropiateness and efficiency of these clustering techniques

as aids to the scheduling problem. Statistical analyses on

6



the travel times and distances of each set of results are

performed and used as evaluation measures.

The concluding chapter will discuss the suitability
of the tested clustering techniques as a tool for scheduling
street letter box collections and perhaps bundle relay runs.
for the Post Office. Areas of additional investigation are

also included in this chapter.



CHAPTER 1l
CLUSTERING ANALYSIS : A BROAD VIEW

This chapter gives an introduction to the subject
of cluster analysis. 1In generél terms, cluster analysis can
be referred to as a collection of techniques adopted in
different applied fields to classify objects intc groups
whikch satisfy some criteria of homogeneity, inter-relatedness,
or inter-gfoup separation. This collectioit of techniques is
the contribution of scientists from various fields, each
holding a differentVViewpoint on the tbpic»bf cléssification

or clustering. The variety of techniques, uses and measyres

of clustering analysis were developed to suit diverse purposes =~ =

in grouping data, variables or objects into categories usable
for further data interpfetation or, other mafhématical“analysis.
There is no general solution to the problem of clustering,
partly because the application_of.each criterion of performance
leads in principle to a different outcome. It is, therefore,
necessary to understand the concepts behind each clustering
algorithm, to investigate the applicability of different
approaches, and to choose the correct method to derive usable

clusters for a set of objects.



2.1 Need for Clustering Algorithms

Classifying objects or data into groups with
defined criteria or intuitive notions requires numerous
enumerations to search all the possibilities and to choose
the best solution. This enumeration process would be very
time-consuming and difficult. Abramowitz and Stegun (1968)
indicated that the nuﬁber of‘ways of sorting n observations

into m groups is a Stirling number of the second kind

(m) kem = m-k /my n
Sn = Jﬁ—f E:_—o: (+1) (k)k,
For even the relatively tiny problem of sorting 25 observa-
tions into 5 groups, the number of possibilities is the
astounding quanfity of over 2x1015. This number could be

further compounded if number of ideal groupings is not

known prior to this enumeration.

In order to simplify the complexity in sorting
'objects intp appropiate number of groupings, clustering
algorithms are used. These algorithms are procedures for
searching through the set of all possible clusters to find
one that fit the data reasonably we11; Frequeﬁtly; there
is a numerical measure of fit which the algorithm attémpts
to optimize, but many useful algorithms do not explicitly
optimize a criterion,. These algorithms use different mode

of search by sorting, switching, joining, splifting, adding



10

and searching the data set to identify the cluster that
suits the criterion best. The choice of algorithm, however,
is basically determined by the user's selection of the data

unit, the variables and the similarity measures,

2.2 Conceptual Problems in Cluster Analysis

Application of cluster algorithms would introduce
a host of problems even though the intuitive idea of cluster-
ing is clear enough., The foremost difficulty is that cluster
analysis is only a collection of heuristic procedures with
avvériety of decision rules and algorithms. 'Sefies of
intuitive decisions are reﬁuired to detérmine which elements
of cluster»analySis repertory should be utilized. Unior-
tunately, the literature on cluster analysis does not provide
a genefal framework for this collection of fechniques that
shows the steps involved, available alternatives,‘decision
points, and relevent criteria for selecting among options.
In the following.sub-sections, the aﬁthor attempts to build
a framework.from which the eleménts of cluster analysis

could be easily related.

2.2.,1 The Objective Function

Though there is no absolute solution to cluster
problems, it is usually used .to determine a partitioning

that satisfies some optimality criterion. This optimality



criterion may be given in terms of a functional relation

'~ that reflecfs the levels of desirability of the various
partitions or groupings. This functional relation is often
termed objective function. Each algorithm uses a particular
criterion: - distance measures, similarity or dissimilarity
measures, or quantifiable measures of homogeneity are all
adopted as objective criteria for different techniques.

This variety constitutes the diversified problem of choosing
appropriate data units, variables as well as measures of

functional relations.

2.,2.2 Choice of Data Units and Variables

The actual mechanics of the cluster analysis are
-performed on a sample of entities representing '"objects",
"observations' or "elements". These entifies could be the
entire small single population or the fraction of a large
population. If random samples were chosen from a large
population to represent the population, independence of
thg data must be aésumed. Cluster analysié on a given data
set reflects the characteristics of these data units, thus

the choice of data affects the outcome of the analysis.

Another problem facing the user is the choice of
variables that can identify the entity's characteristics,
attributes or traits. Any relevant discriminating variable

could highly affect the result of the cluster analysis.

11



Missing variables could well generate amorphous and confusing
" clusters. on the other hand, inclusion of strong discrimi-
nators not relevant to the purpose at hand could mask the
sought-for clusters and give misleading results; A selection
method must be used to determine felevant variables, and
based on this selection of variables and with proper scaling,

~a single index of similarity could be derived..

In most statistical theory discussions, the varia-
bles are always assumed to be of a single type, usually
" continuous and on an interval scale. This convenient assump-
tion, of course, fully increases the power of méthematical
techniques. However, in real world problems, variables are
usually of mixed types. In general, variables can be
classified according to the size of the range set or the
scale of measurement, and they can be cross-classified?,
In many cases, mathematical formulation and transformation
are used to convertvdifferéntly classified and scaled
variables into‘ﬁsabie forms fof‘furthef iﬁterpretéﬁidh aﬁd |
manipulatidns. This need of transformation induce the
formulation of scale conversions.

The homogeneity of scale types, as mentioned iﬁ
above paragraph, is required in most analysis techniques,
Transformation 6f scale types, however, must be evaluated

by its importance and suitability to the analysis techniques.

12



Scales are usually referred to as nominal, ordinal, interval
or ratio measures. The transformation from one type of scale
to another often involves subjective consideration of the
validity of conversions. For cluster analysis, the variables
are usually quantifiable and unquantifiable scales are
transformed by various methods (Cochran and Hopkins, 1961;
Shepard, 1962a, 1962b; Kruskal, 1964; Anderberg, 1973) to

suit the requirements of clustering techniques.

2.2.3 - Measures

The majority of clustering techniQues begins with
the calculation of a matrix of similarities or distances |
between entities, and thereforevconsideration is needed of
‘the possible ways of defining these quantities. Indeed
many clustering techniques may be thought of as attempts to
sﬁmmérize the information or relationships between entities
which are given in a'similarity matrix,'so thét these rela-

. tionships can be easily comprehended and communicated.

Although variables could bé scaled by various
transformations, a measure of association is still needed to
relate, in numerical form, the'similarity of one variable to
another. This measure is required because all clustering
methods have the same basic wofkiﬁg assumption that numerical
measure among data or variables are coﬁparable-and sortable,

Different types of variables warrant various measures of

13
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associations. There is a host of methods for calculating
the measures amcng'variables:- the angular measure between
veétors, the product moment correlation coefficient, the
canonical correlation, the matching coefficients, and some
probability-based measures are a few measures commonly
adopted in establishing numerical relations among variables,
These meaéures of association of variables, however, need

to be supplemented by a measure of association of data units
if thetclustering technique so chosen is designed for group-

ing data units.

The measures of association among data units
differ from that of yariables in many aspects., The most
prominent difference is that the measure for data unit
warrants a sometimes nonexisting relgtionship measure among
‘the variables related to the data unit. The heterogeneity.
of variety of measurement units and variable types makes it
eébecially difficult to define meaningful measures of asso-
ciation between data units, within the context of a giveﬂ
set of variables. Similarity and distance measures are the
most popular measures adopted in clustering data units,
There are a number of similarity measures, as well as distance
measures that are applicable to binary and qualitative data
(Anderberg, 1973; Everritt, 1974; Duran, 1974). Two dimen-
sional problems are easier to measure: the distances among

data units could be simply Euclidean distances. Multi-



dimensicnal problems, however, require experimentation to.
~examine the validity of weight assignment, representation

spaces, and the basic approach to formulate such a measure.

2,2.4 Other Problems of Cluster Analysis

Even though the user has decided the objective
functiOn; data and variables to be used, and the'similarity
measure between data or variables, there are still three
big questions to be considered:- 1. what to cluster;

2. number of clusters; and 3. .the choice of technique.

The variables are often‘amalgamated into a single
index related to théAdaté unit and it is sometimes necessary
to categorize the objects by variables instead of data units.
Similar to factor analysis, the multivariate data are often
~classified and grouped by the attributes of different |
variables separately or éimultaneously. This choice could
depend on the degree. of difficuity in amalgamating the
variables and the relevance of individual variable to the

cluster analysis.

A substantial practical'problem in performing a
cluster analysis is deciding upon the number of clusters in
the data. Different clustering methods offer various degrees
of flexibility in grouping numbers of clusters. Hierarchical

clustering methods give a configuration for every member of

15
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the cluster from one up to the number of entities whereas
other approéches might reqﬁire defined number of clusters
‘prior to the clustering procedures. Some algorithms begin
with a chosen number of groups and then modify this number
as indicated by certain critefia with the objective of
simultaneously determining both the number of clusters and

" their configuration, All these indicate that the choice of

technique could affect all the elements of cluster analysis.

The choice of technique is an inherent problem in
usihg cluster analysis. As mentioned previously, the collec-
tion of'clustering techniques were developed by'scientists
of different fields to satisfy their own needs; and each
technique would be particularly suitable to one sét of data
or criteria. A review of litefature would help to determine
the technique required for sorting objects with appropriate
criteria and algorithms. Further discussions of élustering

techniques is included in section 2.3 of this chapter.

2,3 A Review of Clustering Techniques

The various background of scientists and researchers
who developed different clustering techniques results in a
variety of clustering algorithms. Cémprehensive reviews of
classification methods was conducted by Cormack' (1971) and
Anderberg (1973). In general, cluster analysis techniques

can be '"classified" into types roughly as follows3:-



17

(1) Hierarchical techniques - in which the classes
~themselves are clustered into groups, the process being
repeated at different levels, step by step, to form a tree
diagram, ) | |
(ii).Optimization - partifioning techniques -- in
which the clusters are formed by optimizing the clustering
criterion. The classes are mutually exclusive, thus forming
a partition of the set of entities.

(iii) Density or mode-seeking techniques =-- in
which clusters are formed by searching for regions containing
a relétively dense concentration of entitieé;

(iv) Clumping techniques =-- in which the classes
or clumps can overlap. |

(v) Others -- methods which do not fall clearly

into any of the four previous groups,

Of all the above categories, hierarchical techniques
are most commonly used and discussed. - This category of tech-
.niques may be subdivided into "agglomerative' methods which
proceed by a series of successive fusion of the N entities
into groups, and "divisive' methods which partition the set
of the N entities successively into fiﬁer partitions. The
results of both types can be presentéd in the form of a
dendogram or :a two dimenéional tree diagram, illustrating
the fusions or partitions which have bgen made at each.

successive level. Both types of hierarchical techniques can



be viewed as attempts to find the most efficient step, in
some defined sense, at each stage in the progressive sub-
division or synthesis of the population. Further discussion

of hierarchical techniques is included in Chapter III,.

Besides hievarchical clustering techniques, the
others could be simply termed as non-hierarchical methods.
Partitioning techniques can be formulated as attempts to
partition the set of entities so as to optimize some pre-
defined criterion. Most of these methods assume that the
number of groups had been decided by the user, although
some allow the number to.be changed during the course of
analysis. Three distinct procedures are employed by these
techniques:

(a) a method of initiating clusters;

(b) a method for allocating entities to initiated

clusters; and

(c) a method of reallocating some or all of the

entities to other clusters once the initial
classificatory»process has been completed.
These non-hierarchical techniques are further examined in

Chapter 1V,

Density search techniques originated from single
linkage cluster analysis. These techniques locate the high

density regions and define them as clusters (Carmichael, 1968).



Clumping techniques allow overlaps between classes indicating
that the overlapped entities may belong in several places -
(Jones and Jackson, 1967). Other methods such as the Q-factor
analysis (Cattell, 1952; Parks, 1970; Johnson, 1970), R-factor
analysis (Gower, 1966), BC Try System (Tryon and Bailey,‘l970),
and many others are less known among clustering techniqués.
Most clusfering methods warrant exﬁensive enumeratiOn,'and
computer programs are written to perform these procedures

efficiently with high accuracy.

2.4 Uses of Clustering Techniques

Cluster analysis is generally used to sort data,
variables or objects.into meaningfulvclésses for further
interpretafion. Since the characteristics and criterion of
each clustering technique are designed differently for various
-purposes, it is hard to define the limits of cluster analysis.
On one end of the spectrum, it resembles.the féctor‘analyéis
procedures, and on the other, it is>nothing but a sortatién
methbdology; Applications of clustering techniques, therefore,
_ vary from simple sortation of one- or two-dimensional data
sets to complex multi-dimensional data classifications. The
cluster analysis is mdst widely used by biological scientists
in classifying species of different families, Other fields,
such as psychology; geological.sciencéé, ecbnomics, archeolégy,
medicine and many other use cluster analysis mainly in sorta-

tion of multivariate data sets,

19
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The develcpment of computer technology has helped
" to reduce tﬁe computational time for allocating or reallo-
cating clusters within a data set. The increasing interest
in applied statistics and the availability of vast amount
of data have further emphasized the importancé of selecting,
sorting and grouping useful data into clusters for other
mathematical analysis. The uses of cluster analysis, however;
is often tempered by the difficulties in interpretating the
results. These difficulties could be the results of:-
(i) the failure to recognize the inappropiateness of.
| techniques on the set of data by the user; and
(ii) the ignorance of the possibility.of the absence
' of clusters in the data set.
In using cluster analysis, it is necessary to keep in mind
that:
(a) clustering techniques do nbt optimize with
respect to the criteria; |
(b)_selection of variables, data, and measures is
critical to results; and
(é)-biaS’opinion on data and variables selection of
a sampled population could generatelconfusing

and meaningless results.
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CHAPTER IIIL
HIERARCHICAL CLUSTERING TECHNIQUES

The brief rewview of clustering techniques in
Chapter II has indicated that there is a host of clustering
methods applicable to data, variables or objects classifi-
cations. Hierarchical clustéring teéhniques are the most
commonly used and, by far, the most discussed in literature,
It is.difficult to eéamine every variation of hierarchical
clustering techniques disclosed in the literature, and in
this study, only 9 Qf the more popular hierarchical methods
are reviewed., The characteristids, criterion -and problems,
if any, associated with each of these techniques, with
specific references to agglomerative approach, diétance
measure, and data clustering, are examined in the following -

sections.

Ihe-abundance of hierarchical clustering methdds
treated in the literature are alternative formulation or
minor variations of three basic clustering concebts4:-

(1) Linkage methods, ‘ |

(2) cCentroid methods, and

(3) Error sum of squares or variance methods.
All these methods are compatible for»clustering data units and
only linkage methods can be adopted to variablé clustering

procedures,
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3.1 Basic Agglomerative Procedure and Approaches

The basic procedure with all the.agglomerative
methods is similay. They generally start with the computation
of a correlation or distance matrix between the entities, and
the end product is a dendogram showing the seqﬁential fusions

- of individual entities.

The correlatiop or distance matrix, which contains
the association measure, SU or dU , between entities | and
j, is the most important component of the clustering proce-~
dure, Most procedures assume the measure between entities is

symmetric i.e. Sij = Sji or dij.= dji, and because of this
assumption, only the lower triangle of the correlation or
distance measure is utiliéed in the clustering procedures.,
One critical point concerning the elements of the matrix is
that the clustering procedures are not designed to handle
negatively valued elements, thus, the absolute valués or
square of the measure are frequently'used as the association
.,meaéure, Another aspect related to the clustering procedure
is that there are significant differences in the characteristic
of a correlation and a distance matrix of N entities:-

(a) Pairwise distances d(Mer) may be repreéented

in terms of a symmetric N <N distance matrix:-



ot Ao+ <+ <6

The diagonal elements of the ﬁatrix D are d;; =0 for i =12...n
and dU>{5for i, =12--,n.
(b) The correlation meaéure Sjj between two entities
is non-negative real valued function_subjected to2: -
-v (i) O<Sij <1”'vf.or‘ i#j .
(ii) S;; =1 for i =12,-- - ,n; and
(1ii) Sjj = Sji. " ”

" The pairwise correlation can be represented in'a matrix of

1 Sﬁz ....... S1n
, 821 1 ....... 82n
S = -
S Spp- - i

These marked differences of distance and correlation measure
would reverse the clustering criteria of some hierarchical

methods described in the following sections.

Once the matrix is defined, the basic agglomerative
approach in clustering entities into groups can be considered

as followys: -



(1) Begin with n clusters each consisting of exactly
one entity. Let the clusters be labeled with the numbers 1
throﬁgh n ; | | o

(2) Search the correlation or distance maﬁrix for
the pair of clusters that satisfies best the clustering cri-
terion. Let the chosen clusters be labeled p and q and let
the association measure be Spq or dpq, P>q. |

(3) Reduce the number of clusters by 1 through
merge of clusters p and q . Label the product of the merge q
and updaté the correlation or distance matrix entries ih order
to reflect the revised association measures between cluster q
and all other existing clusters. Delete the row and column
of the original matrix bertaining'to cluster p .

(4) Repeat steps (2) and (3) for (n ~-1) times to
form one single cluster containing n entities. The identity
of the clusters that are merged and the values of meaéures
between them at each stage are recorded for the final dendogram

output,

.Varioué aggioﬁérétiﬁe methods différ.from this bésié
procedure in uéing the clﬁstering criterion to define the most
closely associated pair at step 2 and in updating and revising
the correlation or distance matrix at step 3. These variations
would produce drastically different results for some data set

and little or no variance for others. -

24



This basic agglomerative procedure is actually a
series of comparisons between entities and based on these
comparisons, clusters are formed. Comparison of matrix
elements, searching of pair of clusters, update the simi-
larity matrix, and deletion of matrix rows éll added up to
a total of 2% — 9n/2 comparisons®. The number of com-

parisons should be one of the considerations for the size

of the input matrix and the timing required for computation.

There are several computational approaches to . . .
clustering problems. Each approach has-its own unique.advan~
tages and limitations. No single approach is a cure-all for
all circumstances; each has its own realm of applications.
Among the computatiohal approaches, "stored matrix", "stored

data" and "sorted matrix"

are more commonly used.

Stored matrix approéch involved the storing of the
correlation or distance matrix in the computer's central
memory so that the similarity values may be accessed directly
in any sequence. This approach, like any others has its own
unique characteristics: -

(1) The clustering proceaure is independent of the
derivation of correlation or distance matrix; .

(2) This in-core storage method severely limits the
number of entities that can be grouped. Anderberg (1973)

indicates that problems of more than 150 entities are difficult
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to handle without a large size computer, The storage require-

ments for correlation or distance matrix are shown in Table 1.

Table 1, Storage Requirements for Similarity Matrix

Number of Storage Number of Storage
entities required entities required
50 1,225 300 44,850
100 4,950 350 61,075
150 11,175 400 79,800
200 19,900 450 101,025
250 31,125 500 124,750
7

(3) Both variables and data to be grouped are

represented in the matrix and do not affect the procedure of

clustering algorithm in this stored matrix approach.

In using this approach, the user:must be aware of

- the capacity of the computer for storage and enumeration

process of different methods.

Stored data approach involved more computational

procedures in its algorithm than the stored matrix approach.

The'storage of data, instead of correlation or distance matrix

elements, in the central memory requires less core space.



This approach is applicable to any clustering methods with
similarity or distance measures, and the combinatorial-
problem in computing associatiocn measures betwéen clusters
by reference to the original data is comparable to the sizing
issue of stored matrix approach. This gomputational problem
can be avoided by storing either the associatioﬁ values or
the summéry sfatiétics for each clusfer from which desired
association measure could be computed in the computer memory.
This remedy, however, has restricted the user of this approach

to data unit clustering,

Sorted matrix approach is a relatively unexploited
methodology. This is designed to handle sizeable similarity
matrix for sorting data units or variables. The distinct
advantage of this approach is that it saves computer storage
space but the matrix has to be sorted before being input to

the clustering program.

Other approaches are also available by using various
combination of the above approaches or specially designed
algorithm for specific computer systems. Magnetic tapes and
disks are mostly used by other approaches (Wishart, 1969b;
Park, 1970; Wolfe, 1970) for storing data units and/or
similarity matrix, thus up to 1000 data units and 200 variables
can be clustered with hierarchical methods. Variations of
stored matrix and stored data approaéhes are generally adopted

in most computational methods handling large data set.

27
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3.2 Linkage Methods

This category of hierarchical clustefing methods is
simple to use and easy to understand. This ciassification
procedure is essentially identical to thét»of basic agglomera-
tive procedure. Maximum, minimum ofvaver;ge values of the .
association measures among entities are used as criteria for
grouping the data units or variables into clusters. Methods
using different clustering criterion, of course, result

differently in the dendograms. In the following subsections,

the characteristics of four linkage methods are described.

3.2.1 Single Linkage Methods

The methodéof single~linkage cluster analysis are the
simplest of all hiéfarchical techniques, and are. also.the most
popular. This approach was first describéd by Sneath (1957)
and later by many other scientists (McQuitty, 1960; Lance énd
‘Williams, 1966; Johnson, 1967; Gower énd Ross, 1969; Zahn, .1971;
Sibson, 1973; Hartigan,.l975). The criterién used in these
téchniquesis the minimum distance (ﬁaximum value if_cOrrelation
-measure is used) between clusters. At each stage, after
clusters p and q have been merged, the similarity between the
new cluster t and some other cluster r is determiﬁed by

dtr== min (dpr;dqr) , Or

Str = max (Spr»Sqr)
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The measure between the two closest or most similar members
of clusters t and r is the criterion for further merge. This
criterion is used throughout the enumerations until one single

cluster is formed.

This linkage procedure is known as single linkage

~ because clusters are joined at each stage by the single short;
est or strongest link., For any cluster of two or more entities
produced by this method, every member.is more similar to some
other member of the same cluster than to any other entity not
in the cluster. However, this approach: is often criticized
for its resultant chaining clusters for noh-elliﬁsoidal
groupings. It is frequently stated that this ''chaining' has
distinctly dissimilar entities at each end of thé cluster.

The uses of different distance measures for this approach,

however, would yield different ''chaining" effects.

Distance measures such as simple 'City-Block" and
Euclidean distén&es, and Chi-sqares are often used in this
approach to cluster data sets. The outcomes in using these
different measures, of course, are different and are classified

as three different single linkage methods in this study.
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3.2.2 Complete Linkage Method

Different from sihgle-linkage method, the complete
linkage method uses maximum distance or least correlation as
criterion to group entities. Sorensen's (Sneath, 1968) complete
1ihkage criterion is that two individuals in a group have a
similarity or distance which is less than a threéhold value
s or r , Other scientists termed this method as furthest ;
neighbour technique, in which each individual is treated as

a single-point cluster. This approach is considered as

"masimally connected subgraph'" in graph theory.

Similar to single-linkage procedure, at each stage
of complete linkage algorithm, after clusters p and q have
been merged, the association measure between the new cluster
t and some other cluster r is determined as dir =max(dpr ,
-dqr ) for distance measure, and S“-=miﬁ( Spr,Sqr) fo;
correlation measure, The'quantity dyr (or Sy ) is the
distance (or correlation) between the most distance (or dis-
similar) members of clusters t and r . If clusters were
merged, then every entity in-the'fesulfihg cluster would be
no further than di; or more than Sir from'every entity in
the cluster. The rdtr or Sir can be considered as the
diameter of sphere of which the maximum distance or minimum

correlation is related to.
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The interpretation of the clusters, in contrast
to single-linkage method, can be made only in terms of the
relationship within individual clusters; and there»is no
particularly useful interpretation involving the differences

between clusters.

3.2.3 Average Linkage Within the New Group

Instead of relying on extreme values, maximums or
minimums, used in single-linkage and complete linkage methods
as criteria for grouping entities into cluster, average linkage
method utilizes average values of the measures as a rule»for
grouping entities or’clusters. Two methods employ this
criterion: one uses thé within group averages and the other
compares tﬁe between merged group averages. The latter method

is discussed in section 3.2.4.

The dij _orb S{j entries.in the initial-similarity
matrix may be built as the sum of similarities associated
with all pairwise combinations formed by taking one entity
from cluster i and the other from cluster j . Prior merges
of any entities, each cluster consists of just one single
entity and there is only one such pair of entities for each
pair of clusters., Upon the merges of clusteré p and q ,
the sum of pairwise éimilaritiés between the new cluster t

and some other cluster r becomes:



dtr = dpr+ dqr for distance measures
or Sir = Spr + Sqr for correlation measures

and the similarity matrix is updated accordingly.

The sum of ail pairwise similarities among entities
within cluster i , SUM; becomes: |
SUM; = SUM, + SUMq + dpq
when cluster p and q are merged and new cluster t is formed.
At the same time; the number of entities N; for cluster i
increases accordingly as:
Ny = N, + Ngq
In searching for the most similar pair, the average within
group similarity for the clusters formed by merglng the

candidate pair of cluster i- and j becomes

SUM,; + sUM; + d

j

N + Nj )@ + Nj-1)/2

This average linkage method has not made any reference to

the maximum or minimum similarity values and the interpreta-
tion of the resulting dendogram ﬁould need a different approach
than that for the single or complete linkage resulté.' However,
as a practical matter, this method frequently gives results
that are little radlcal different from those obtained with

complete linkage method8

32
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3.2.4 Average Linkage Between Merged Groups

This averagellinkage method uses different average
values from that of the above method. Similar to the average
linkage within group technique; this method defines distance
between groups as the average of the‘distance between all
pairs of individuals in the two groups. The procedure can
be used with correlation and distance measures as long as
the concept of an average measure is acceptable, The simi-
larity matrix contains dij_(or Sij ), the sum of similari-
ties associated with all pairwise combinations between
cluster i and j . The number of sﬁch between grou§ pair-
wise similaritiés is the product of N; and Nj wheie N
is the number of entities in cluster i . The average
between group similarity for cluster i and j can be formu-

lated as

di:

1) or Sij

N; N;j - N Nj

In this method, the sums of within group pairwise similarities
are ignored. 1In reference to application to this method to
correlation measure matrix clustering; Lanée and Williams

1 -1
—— ). COS sij}

NNy ij
it J
as a similarity measure would be more appropiate.

1967 oint out that i
( ) point ou at using cos [
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3.3 Centroid Methods

These methods merge clusters with the most similar
mean veétors or centroids. Two different approaches were
developed by scientists: centroid clustering analysis (Sokal
and Michener, 1958; King, 1966 and 67; Lance & Williams, 1967a)
aﬁd median method (Gower, 1967; Lance & Williams, 1967a).

The first method employs weighted measures according to the
number of entities in the formulation of mean vectors whereas
the latter method uses equal weighs for centroids of groups.
An unique characteristic of the centroid methods and their
variants is that the similarity value associated with the
mergers of the most similar cluster may rise and féll from
stage to stage. This is the reversal phenomenbn associated
with this appréach. These reversals occur because cluster

centroids can migrate as mergers take place.

3.3.1 Centroid Method

This method was originally proposed by Sokal aﬁd
Mitchener (1958) and King (1966, 1967) who concentrate on
the clustering of variables. Groups are depicted to lie in
Euclidean space, and are replaced on formation-by the coordi-
nates of their centroid. The distance between groubs is de-
fined as distance between the group centroids., The procedure
is then to fuse groups according to the distance between their
centroids, the groups with the shorteét distance being fused

first,



Lance and Williams (1967a) update the formulation

of distance measure between centroids as: -

Np Ng

— dpr + dqr -
Np +Nq Np +Nq : Np + Nq

N

dtr=

where P and q are the labels for the clusters'just merged,
t is the label for the new cluster, and r is any other
existing clusters. This equation could be used with any
similarity measure for either variables or data uniﬁs,

however, the results would lack a usefui interpretation if
dij is not the sduéred Euciidean distance between the

centroids of cluster i and j .

'3.3.2 Median (Gower) Method

A.disadvantage of the Centroid Method is thét if
the sizes of the two groups to be fused are very different,
the centroid of the new group will be very close to that of
the larger group and may remain within that group; the
characteristics of the smaller group are then virtually lost.
The strategy can be made independent of group size by assuming
that the.groups to be fused are of equal size,,the apparent
position of the new group will then always be between the
two groups to be fused. In other words; as proposed by Gower
(1967) the general idea is that the centroids are weighted
equally regardless of how many entities are in the respective

clusters. When CLJ is a distance function, the updating
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equation for the Median method is

d¢r =% (dpr + dgr) - %dpg
cor  Sir =% ( Spr +Sqr ) - % (1-Spq)

if Sij is a correlation function.

fAlthough this method could be made suitable for
‘both similarity and distance measures, Lance & Williams
(1967a) suggest that it should be regarded as incompatible
for éorrelation measure, since geometrical representation of

the measure cannot be interpreted easily.

3,4 Exrror Sum of Squares or Variant Methods

Although there are several methods using error
sum of squares as objective function for clustering entities,
they are variations from the method developed by Ward (1963)
and Ward and Hook (1963). 1In this study, only Ward‘s method

is examined.

Ward (1963) proposes that at any stage of an analysis
the loss of information which results from the grouping of
‘individuals into clusters can be measured by the total sum
of squafed deviation of every point from the mean of the
cluster to which it belongs. At each step in the analysis,
union of every possible pair of clusters is considered and

the two clusters whose fusions results in the minimum increase



in the error sum

of this approach

Xijk =

|
]

of squares are combined. In the formulation

, the fellowing are defined and calculated: -

score on ith of n variables for jth of my
data units in kiP of h clusters
Jg
ey uk//m
j=1
mea% on the ith variable.for data units in
cluster
J =My
> X, =m X
; k ik
i ijk
total of scores, on ﬂh vaniablé for data

units in the k' cluster

X

ijK

sum of squared scores on all variables for
all data unit in the k! cluster

Then the error sum of squares for cluster k may be written as

E, =

Sk— Z—v_fT /m

‘The increase in the total error sum of squares due to the

merger of clusters p and q to form the new cluster t is

37
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- i=n 2 '
= Sp+ Sq - %(Tipwiq%mpmq) — Ep - Eq

Based on the above formulas, entity with least A Epq is

grouped into the new cluster.

Wishart (1969a) in his computer algorithm indicateé
that the variables with a large variance have more influence |
- on the joins than those with a small variance. The joining of
units and sub-groups is decided on the basis of the contribu-
tions to the sum by the squares deviation Ej . Although the
joining of sub-groups p and q may'result in a smaller sum of
squared deviations, é 1link between p and r ie decided because
the increase of error sum of squares AsEpr is less than that of

AEpg - Thlb occurrence dlsrupts the homogeneity of the groups
entities., Alteration to both the sub-group structure and the
changes in error sum of squares are required in formulating |

this algorithm,

The Ward method is designed for a similarity matrix
of Euclidean distances computed in any decided representation
space, Although this method may or may not give the minimum
possible error sum of squares over all possible sets of h
clusters from the m data units, the solution is usually very

good even if it is not optimal on the criterion.
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3 5 Summary

- Many of the above mentioned hierarchical clustering
methods, using distanceé measure between groups as criterion,
can be represented as a recurrence formula for the distance
between a group k , and a group (ij) formed by the fusion of

~groups i and j . This formula can be written as:-

Ay = oG dyi— «dyy = Aodij — ¥dyi - dy]
When dij is the distance between groups i and j and &,
and £ are parameters related to different methods as shown

in Table 2.

Single Linkage: 0(i=o(j =1/2; B =0; )’:-1/2'
Complete Linkage: 0<i=0(j=1/23/3=0;' )(.—=1/2

Centroid: «; = N/nj+nj); Lj=n;/Anj+nj); B =-«jLj; ¥=0

Ward's Method:
K=kt i o= KD
Pt N +nj nk—ni—nj
-n
F=tinwm + V0

Table 2. Parameter Values of the Recurrence
_Formula for Five Hierarchical Techniques



This recurrence relationship is given by Lance & Williams
(1967a) and by Wishart (1969c) and it is not suitable for

methods using correlation measures.

On the whole, hierarchical clustering techniques
all have their merits and limitations. There is no single
| method that would solve all types of clustering problems
and.it is necessary for the user to examine the suitability

of these techniques for grouping the data sets.
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CHAPTER 1V
NONHIERARCHICAL CLUSTERING TECHNIQUES

Fér a data set of n entities the hierarchical methods
give n nested classifications ranging from n clusters of one
member each to one cluster of n members. Contrary to this,_
nonhierarchical techniques introduced in this chapter are
designed to cluster data units into single classification of
k clusters, where k is either specified prior to the proce-
dures or determined as part of the clustering method. These
methods may be used with much largér problems than the
hierarchicalbmethods'because it is not necessary to calculate
and store the gimilarity or distance matrix; it is not even
necessary to store the data set. In general, the data units
are processed serially and can be read from tape or disk as

‘needed; and this characteristic allows clustering of larger

collections of data units.

In this study, only three of the nearest centroid
sorting methods with fixed number of clusters are examined

in details.
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4.1 Elements of Nonhierarchical Methods

Most nonhierarchical procedures can start with .
initial partitions or initial seed points of the data units.
In using initial partitioning, the algorithms change the
cluster memberships into 'better' partitions. The broad
concept for these methods is very similar to that underlying -
the steepest descent algorithms used for unconstrained
optimization in nonlinear programming’. These methods
start with initial seed points and then generate a sequence .
of moves from one'point to another, each giving an improved
value of objective function, until a local optimum is found.
The seed point and initial partition are, therefore, impor-
tant to the nonhierarchical methods. These initial confi-
gﬁrafions can be chosen randomly or methodically as dis-

cussed in the following sub-sections.

- 4,1.1 Seed Points .

Various approaches are used in choosing.a set of
seed poiﬁts that are adopted as cluster ﬁuclei around
which the set of n data ﬁnits can grouped. Some methods
use data units themselves as seed points, whereas other use

more sophisticated methodology in arriving the nuclei.



The éimplier methods choose (1) k data units from
the set randomly (McRae, 1971); (2) the first k data units in
the data set (McQueen, 1967); (3) the labeled ,2M,--- K"
and n data units which are initialiy tacked 6n-és §t‘ﬁ6 nth
data units; or (4) subjectively k units from the data set.
More calculated approaches for selecting the seed points use
centroids of initial partitions (Forgy, 1965), densities of
initial groups (Astrahan, 1970) or mean vectors of the data
set (Ball and Hall, 1967). These approaches, like any other

elémentsvof clustering techniques, have a substantialy diff-

erent influence on the results of clustering procedure.

4.1.2 Initial Partitions

»

In lieu of seed points, some clustering methods
emphasize on the generating of intial partition of the data

units into mutually exclusive clusters. However, the set of
o

initial seed points are required to generate initial partition

in some of the partitioning procedures.

Forgy (1965) uses a given set of seed points as
the nuclei to initiate a partitions formed by assigning the
data units to the néarest seed point. The seed points remain
stationary throughout the assignment of the full data set and
consequently the resulting set of clusters is independent of
the sequence in which data units are assigned. These clusters

are separated by pairwise linear boundaries which are equi-
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distant from the clusters nuclei in two dimensional problems.

MacQueen (1967) assigns data units one at a time to
the-initially single point clusters pre-defined by tHe seed
points with»the nearest centroid; centroids as the.true mean
vectors of all the data units are updated as the clusters'
sizes grow. In this method the cluster centroids migrate so
the distance between a given data unit and the centroid of
a particular cluster may alter widely during the assignment
process, as a result, the set of initial élusters is dependent

on the order in which data units are assigned.

Wolfe (1970) uses Ward's hierarchical clustering
method to prcovide an initial set of clusters for his algorithm.
This approach, however, involve immense computational effort
in setting up the partitions,_thus,limifing.the'size of the
problem tremendously. Similar to Wolfe's approach, Lance and
Williams (1967b) éuggest using hierarchical mefhdds on ohe.

'or more subsets of convenient size and then use the resulting

groups as nuclei for assignment of the remaining clusters.

Random assignment of partition, of course, is the
simplest one to use. However, this approach would cluster
entities without considering their homogeneity and thus is not

an attractive alternative.
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4.2 Nearest Centroids Sorting With Fixed Number of Clusters

. Of all the nonhierarchical glustering techniques,
the simplest iterative methods merely consist of two basic
processeS'- (1) a set of seed points are computed as the
centroids of a set of clusters, and (2) a set of clusters
can be constructed by assigning each data unit to the cluster:
with the nearest seed point. These two processes afe repeated
alternatély until a stable configuration converges: a critical

condition for completing clustering algorithms.

4.2.1 Convergence Properties

In using nearest centroid sorting algorithms,
convergence of processes is critical and expected in grouping
data units. Proofs for convergence are ﬁostly rigorous and
generally‘difficult to understand. On the whole, the total
_within group.error sum of squares is the key to the conver-
gence. Referring to the notation used in section 3.4, the

total within group erfor 3um,of square E can be formulated as:-
k=sh j=k. i=n 2

E=_k§=;} ('Jg :-1(XU" k) )

where g (Xijk” Yik)z is the squared Euclidean distance

betweenl;;e centroid of cluster k and the fh data unit in

that cluster.
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Another characteristic in the algorithms that ensure
convergence is the number of different ways a data set of n
data units may be clustered into h clﬁstefs is a finite number
if n is finite, This indicates that any method that genérates
each partition at most once is finitely convergent because

there are only finitely many different partitions,

The criterion chosen for deciding convergencé of
the nearest centroid sorting method is the stability of cluster
membership; an alternative criterion is stability of the
cluster seed points. Inlmost methqu, the seed points are
the cluster centroids which are dependent only on the cluster

membership.

4.2.2 Forgy's Method

The simple algorithm suggested by Forgy (1965)
consists of basically three steps:- -

(1) Start with the desired initial configuration.
If the configurétion is a set pf seed points, go to step 2;
ptherwise go to step 3.

(2) Assign data units to the clusters with nearest
seed point. The seed points remain intact for a full cycle
through the entire data set.

(3) Compute new seed points as the centroids of

the cluster data units.



Steps 2 and 3 are repeated alternately until the
process converges; that is, iterate until no data units change

their cluster membership at step 2.

In view of the various initial configurations: -
seed points or partitions, it is difficult to estimate how
many itefétion of the steps are required to achieve conver-
gence in any particular problem. Empirical evidence feveals
that five repetitioﬁs or less will be sufficient for small
problems. A total of n distance computations and n(k-1)
comparisons of distances are required in assigning n data
units to k clusters at each repetition of the two steps.
Relatively limited number of iterations is actually necessary
if the number of clusters is much smaller than the number of
data units. This approach allows usérs to try several
variations of the number of clusters at a less éomputational

cost than for a full hierarchical analysis.

4,2,3 Jancey's Variant

Jancey (1966) suggests a method similar to Forgy's
with a modified step 3. The first set of cluster seed points
is either given or computed as the centroids of clusters in
the initial position; at all suceeding stages.each new seed
point is formed by reflecting the old seed point through the
new centroid for the cluster. This technique presumbly will

accelerate convergence and possibly lead to a better overall
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solution through bypassing inferior local minima. This
approach, similar to Forgy's, implicitly minimizes the
within group error function. The boundaries of the clusters
are equidistant from each centroid and the result of this
method is not affected by the sequence of data units within

the data set.

4.2.4 . Convergent K-Mean Method

Unlike Forgy's or Jancey's approach in.assigning
member to old centroids, MAcQueen (1967) uses a "K-mean"
process in allocating each data unit to the cluStef with the
nearest centroid computed on the basis of the cluster's
current membership. The convergént clustering method CWishart,
1969b; McRae, 1971) using the MacQueen's K-mean process can
be implemented throggh the following sequence of stepslo.

(1) Begin with an initial partition of the data
units into clusters. The partition could be constructed
using any of the approaches described in section 4.1.2.

(2) Take each data unit in sequence and compute
the distances to all cluster centroids; if the nearest cen-
troid is not that of the data unit's parent cluster, then

reassign the data unit and update the centroids of the losing

and gaining clusters.

Repeat step 2 until convergence is achieved; that

is until the membership in each cluster is stablized.



4.3  Summary

There are still SeveréiAnonhierarchicai methods
described in the literature (MacQueen, 1967; Ball and Hall,‘
1965). Most other methodé use similar procedures as the
three described, but have different gfouping criteria and
updating procedures of the cluster elements., There are, un-
doubtly, limitations and merits in each of the other methods,
and since these methods were developed for different fields,'
results from these techniques on the same set of data are

expected to be different.

The three techniques mentioned in the previous sec-
tions all_have the three distinct procedures of initiating,~
allocating and reallocating untii conQergenCe_bccur within the
data set. In using these methods in clustering a given data
set, the groupings are expected td be relatively similar,

Forgy's and Convergent K-mean methods will probablﬁ give simi-
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_lar results because of their resemblance in procedures. Jancey's

method, because of its different procedure in allocating new

‘seed points, could produce unmatched clusters for the same given

data set. The suitability of method application for a given
data set, therefore, cannot be determined without trying all
three methods, perhaps with different seed points or initial
partitions and various number of clusters. Interpretation and
~subjective opinion on the results would be the only assets in

evaluating the comparibility of these clustering methods.



CHAPTER V
COMPARATIVE EVALUATION OF CIUSTERING TECHNIQUES

Cluster analysis has alwayé been an exploratory toél
for generating hypothesis about the data‘or discerning funda-
mental facts previously not apparent. Interpretation of the
results using various tools is needed to justify hypothesis
or simply to evaluate the suitability of the techniques. This
stage of judgement is subjective, intuitive, and heuristic.
Comparisons of results generated by different techniques would
indicate not only the relationship between entities but also
the validity of the desired results, This chapter.describes
the evaluation process used in this study by examining the
appropiateness of each of the twelve clustering methods to

group four sets of two-dimensional data, and discusses the

"results so obtained.

5.1 Approach to the Evaluation Process

The above chapters have stressed that each element
of a cluster analysis haé its own importaﬁceito the actual
clustering procedure. Pertinent inférmation on the data set
is by far the critical to the grouping procedures: - the number
of variables, the variable scaleé, and the association of
these variables to each other of a data unit are the key inputs

to a clustering algorithm, The association measure between
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data units is another essential element of the clusterihg
analysis, The number of clusters, the cluster key and the
clustering technique to be used are the other vital elements

of a grouping analysis.

The scheduling problem of the Post Office has two
unique characteristics:- the location of the boxes are fixed
and the travelling speed of the trucks are standardized to
be 15 m.p.h. These two conditions emphasize the neéd for an
efficient technique to assign appropiate number of call points
to each truck. The cbjective of this study is to find, if
possible, such a technique. The comparative evéluation process
is, therefore,-constructed to investigate the appropiateness
of several clustering techniques on data sets, measures and

other elements that are pertinent to this séheduling problem.

5.1.1 Data Set

In order to examine the applicability of different
clustering methods to data sets of various spatial character-
istics, four sets of data pertinent to the Post Office schedul-
ing problem are used. All the data units of tbeée four sets
have oniy two variables representing the x and y coordinate of"
a two dimensional Cartesian space. The use of this dimensional
space is based on the assumption thaﬁ the distances between
data units are computable by using two variables, Both varia-

bles, in this case, are of interval type, and there is no need
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to use scale cbnversions for generating conformity of
| variables., These four data sets can be identified as:-
(1) evenly distributed contrived data;
(2) unevenly distributed contrived data;
(3) empirical data forvNorth Burnaby area; and

(4) empirical data for South Burnaby area.

The first set of data was constructed by allocating
randomly 80 data points each representing the arbitrarily
locality of a mail box. These data points are fairly evenly
distributed, and there is no outstanding grouping which can

be spotted visually (Figure 1).

The second set of contrived data is essentially a
collection of data points falling into three visually identi~
fiable groups (Figure 2). This set also contains 80 data
points, and is designed to test the ability of each fechnique
in outlining thelvisually feasible bbundafies of the three

groups.

Both the North Burnaby and the South Burnaby data
sets represent the localities of mail boxes in the Municipa-
Ality of Burnaby. The boundary dividing North and South
Burnaby is an arbitrarily set limit to separate the routes of
the mail runé. These two sets of data have no visually detect-

able clusters (Figure 3 and 4) and the present routes of 5
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trucks serving these areas do not conform to any'groﬁping
system, There are 87 and 113 box locétions.in‘North and
South Burnaby respectively., The x and y-coordinates of these
localities are all measured with respect to the grid system

adopted by the Post Office.

All four sets of data have their own spatial
chafacteristics. The contrived data sets are designed to
test the ability Qf'diffefent clustering techniques to outline
visually detectable group boundaries. On the other hand, the
empirical data sets are used to examine the validify of the
cluster methods as a tool for grouping non-patterned actual
locations of boxes for the Post Office. The implications  in
using comparisons of~grouping resulting from different tech-
niques on these four data seté would depict, if any, the; |

"natural" groupings inherent to each of these data sets.

5.1.2 Association Measure

The two-dimensional Cartesian data sets tested in‘f
this study are actually localities of data points with two
unrelated variables. These mathematically unrelated variables
of any given data point in the set have ruled ou£ the use of
correlation measure as the clustering criterion. The other
alternative is distance measure. Amoﬁg the various types of
distance measures, the Euclidean oﬁe is probably the most suit-

able measure for clustering algorithms.

57



58

*. Traditionally, the true - .distance between two
points i and j can be expressed, in terms of their x and y
coordinates, as: -

.
dij = k({x5-X )p+(yj—yi y )/p @)

where k and p afe derived from analysis of the data set. The:
value-of k and p both reflect the actual distance travelled
from point i to point j . A study.of the scheduling problem
(Tse, 1975) related to the Post Office mail runs indicates
that the value of k and p depend on the road pattern and the
accessibility from one point to another. It is generally

acceptable to use k and p as.1l, and formula (1) willrbecome

In this study, the latter form is used because:-

(1) the two axes of the city road grid are mostly
rectangular to each other;

(2) most mail boxes are located at the corner of
a street where the rdads interseét; and

(3) the travelling distance from one location to
another would be the summation of horizontal distance along

the E-W direction.and the distance along the N-S direction.

This distance measure is referred to as ''City-Block' distance

in this study.



5.1.3 Inputs to Clustering Methods

As described in Chapters I1T and IV, the inputs
required by various hierarchical and nonhierarchical differ
in many aspects. Basically, similarity matrix and data
variables are the two major inputs. In this study, stored
matrix approach is used for six hierarchical methods, and

data variables are inputs to the other six clustering runms.

The elements of the symmetric similarity matrices
containing distance measures of the four data sets are
computed by a sﬁall computer program, MATRIX (Appendix A).
This program stores the values of the variables of each data
point in a set in the computer memory, and distances, Chj ,‘
from point‘i to j are computed using formula (2) in the
previous section. These distances are later scaled to values
- less than 1.0 as required by some of the clustering programs.
The elements of the lower triangle of the symmetric matrix
are then sorted in rows of 10 elements into a file for clus-

tering procedures.

Raw data variables are all punched on cards in pre-
determined formats for various clustering algorithms. All
these variables are in units of millimeter cohforming to the

system used by the Post Office.
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5.1.4 The Number of Clusters

The number of clusters is an important key in the
nonhierarchical methods used in this study. The four data
sets are grouped into either two or three groups. The number
of clusters for both contrived data séts ére arbitrarily set:
2 fér the evenly distributed data set and 3 for the other.

On the contrary, the number of clusters for North and South
Burnaby areas are predetermined: there are 2 and 3Iroutes for
North and South Burnaby respectively, and it is only logical

to use 2 and 3 clusters accordingly.

‘There is no requirement to define the number of
clusters for hierarchical methods. These metﬁods group data
sets into one single cluster at the finallstage, thus it ié
not necessary to predifine the number of groups. In order to
compare results of both hierarchical and nonhierarchical
methods, the number of_clusters for each data set are corres-
- pondingly equal as stated in the above paragraph. The groups
for hierarchical methods are identified in the tree diagram

representing the dendogram of the clustering results.

5.1.5 What to Cluster

Obviously there is no choice of what to cluster.
The unanimous key for cluster, in this case, is the data unit.

The two totally unrelated variables would make the clustering



of variables unfeasible and meaningless. The independence of

the variables among data points further discourage the usgse of

variables as the basic cluster unit.

5.1.6 | Clustering Techniques

The nine hierérchical and three nonhierarchical
clustering methods described in Chapters ILIL and IV are the
12 better known ones and are probably most applicable to
distance measures than other complex computational methodé.
In this study, various computer programs for these clustering

methods were used.

Fortran programs for single linkége (uging minimum
Euclidean'distance as criterion), complete linkage, average
linkage within new group, average linkage between merged
groups, centroid and median methods are all modified from
_Anderberg's (1973) Appendix E (pp. 275-305). The inputs for
these programs include the number of entities and the lower
triangle of the symmetric similarity matrix. Thié sét of
programs is made up of the main program DRIVER; subroutines
CNTRL, CLSTR, MIXIN, TREE, and METHOD; and function LFIND
(Appendix B). The use of different versions of METHOD would
generate results for the above six methods. The result of
each cluster procedure is presented in a horizontal tree dia-
eram (Appendix B). ¥rom these tree diagramé, yvoups are iden-

tified and plotted accordingly onto figures.
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The UBC:BMDP2M program is basically a single 1inkage

clustering routine. In this program, Eﬁgelman and Fu (1970)
use eithér square roots of the sum of squares of differences
(Euclidean distance) or chi-square of the data points as

distanée measure. Both these criteria give drastically differ-
| ént results from that of single linkage using simple Euclidean
distance as a criterion measure., Data variables are the inputs
to this program, and a vertical tree diagram (Appendix C)
recording the clustering sequences is output from this computer: -

package program. .

Another UBC package program CGROUP (Patterson and
Whitaker, 1973) uses Ward's error sum of squares grouping tech-
niques to cluster data points with variables. Similar to BMDP2M -
program, the inputs to.CGROUP include the set of variables for
each détatunit and the options for rﬁnning the‘program as well
as outputing the results. The output contains a detailed
sequence of the clustering procedure, the group membership at
each step, and a verticalrtree diagram. An optioﬁal output is
the plot of the error sum of squares versus the number of

groups (Appendix D). .

A program for three hierarchical methods are modi-
fied from Anderberg's (1973) Appendix F(pp. 306-325). This
program is designed to implement the three nearest cenfroid
sorting techniques described in Chapter IV, The Forgy's and

Jancey's grouping methods are options in a version of



subroutine KMEAN, and the Convergent K-Mean method is imple-
‘mented in another version of KMEAN. The whole program is
composed of DRIVER, the main program; and 3 subroutines:

EXEC, RESULT and KMEAN (Appendix E). Either seed points or
initial partitions can be used to initiate the clusters in
this program. The other inputs include the number of entities,
the number of variables for each entities, the number of
clusters for this set of data, optional output features and

the actual variables for each data point. The output is
essentially a list of membership within each resulting cluster.
The number of entities moved in the iterative steps is also

ouput (Appendix E).

All the above programs are used to generate diff-
erent outputs for this study. The single linkage methods
(Euélidean, sum of.sqﬁare of differences and chi-squareé) are
~used to test thé effect of measures on grouping results. Other
methods are just straight forward implementation of the other
nine methods described in Chépters IIT and IV, The results
from these trials are then compared and evaluatibns of

these techniques are discussed in the following sections.

5.2 Tool for Interpretation of Results

The outputs from all the computer programs give
various representations of the clustering results., Tree

diagram together with the clustering sequence are commonly
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the hierarchical outputs. On the other hand, only a membership
list is output from nonhierarchical methods. This inconsistent
representation of outputs presents a problem in comparing the

results effectively,

Tree diagram is actually a very effective tool for
interpreting the ciustering results. However, if there are
more than 50 points in the data set, the tree becomes complex
and it is difficult to trace the tree without a step by step

follow-up of the sequence at the same time.

Membership list is not useful at all as a tool for
interpretation ﬁnless frequent referrals to the data unit
inputs are made. Multi-dimensional data are therefore very
difficult. to interpret if the representation space is more
than 3-dimensions. The 2-dimensional data used in this caée,
however, dan be plotted onto maps acébrding to the values of .
the data variables. The results from both hierarchical and non-
hierarchical methods - the 1inkfng.of entities and the grouping
lists, can be plotted ontb-maps of the data units; These plots

of the results are the keys to interpretation and comparisons.

5.3 Results

The results from different clustering techniques
from the computer programs are plotted onto maps for com-

parisons, The links of entities are plotted as straight lines
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~ between points in the graph; The sequéntial links of all the
points as output by the hierarchical programs are charted
using the lowest indexed point as the link to another entity
or group lead point (the lowest indexed point of the group).

These results in diagrams of many, if not confusing, links -

between data points. The recogrnization of the last few links

among groups or entities in the diagrams allow the user to

identify the group boundaries fairly easiiy.

 The group boundary for nonhierarchical results are
easier to handle, The data point index on the graph is
identical to that on the membership output list, thus boun-

daries of the clusters can be easily plotted onto the diagram.

In view that the four sets of data have different
spatical characteristics, the results of the 12 methods of
each‘data set are presented in the following sub-sections
for easy identification., The discussion of results is also

included in these sub-sections.

'5.3.1 Evenly Distributed Contrived Data (DATAL)

A total of 80 data points exists in this data set
(Figure 1 and Appendix F). Different randomly chosen initial
seed points andvinitial partitions were input for the three
nonhierarchical methods, and the resulting groupingé are

identical in all these trials (Table 3, Figures 14 and 15).
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Group Sizes

Trial 2
Group 1 2 1 2 1 2
Seed Points _ .

Methods 26 59 20 66 15 50
.Jancey's 36 44 44 36 36 &4
Forgy's 36 44 4t 36 36 44
Convergent
K-mean 36 44 44 36 36 44

| e ——————e——— P —— ——— m
Initial
Partition 40 40 35 45 - 30 50

Methods ‘ )

Jancey's 44 36 36 44 36 44
Forgy's 44 36 36 44 36 44
Convergent

K-mean 44 36 36 44 36 44

Table 3, Summary of Nonhierarchical Runs for DATA1
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The results from different clustering techniques
are plotted as shown in Figures 5 to 15. Undoubtly the
different methods used give various résults in the number of
entities within the groups and membership list of these groups.
‘Table 4 summarizes the number of entities for the two defined
groups for this data set. The liéts of memberships of the two

groups resulting from each method are included in Appendix G.

The results presented in the diagrams and tables
for this evenly distributed contrived data set give various
group sizes as well as group memberships.‘ These differences
in results are the end products of different clustering |
criteria and algorithms. Among the hierarchical methods, the
number of entities in group 1 and 2 is perhaps best balanced
in the Ward's method (group sizes of 43 and 37 respectively).
This, howéver, does not necessarily indicate that Ward's
error sum of squares method is the best for grouping evenly
‘distributed data set. The'approach in evaluating the fesults
in section 5.5 gives a mofé compreﬁensive judgemeht on the
superiority'of different clﬁstering methods. It is interest-
ing to notice that the Centroid and Medién methods both have
the same clustering sequences and group members in the clusters.
Slight variations of the group members in the two average
linkage methods reflect the similarity of these two algorithms;
The same applies to the single linkage methods using

"City-Block" and Euclidean: distance as measures. Chi-square
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Group Sizes

Group 1 2
Methods
Hierarchical
Single Linkage
City - Block .67 13
Euclidean Distance 67 13-
Chi-Squares 22 58
Complete Linkage 35 45
Avg; Linkage between |
Merged Group 27 53
Avg. Linkage within
New Group 27 X
Centroid Method 49 31
Median Method | 49 31
Ward's Method 43 3
Nonhierarchical
Jancey's Method 36 44
Forgy's Method 36 4;
Convergent K-mean
Method 36 44

Table 4, Results of 12 Clustering\Methods for DATAl
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single linkage method results, hbwever, do not resemble any
of the hierarchical method, and it is doubtful that this
method is suitable for clustering this evenly distributed

data set.

All the nonhierafchical results are identical and
they are fairly evenly balanced in group sizes. These non-
hierarchical methods have a unique characteristic different
from the hierarchical ones: the clusters are grouped laterally
instead of radially as defined by most hierérchical methods.
This characteristic would definitely affect the within group
inter ~unit travel times and distances, also the distribution
of distances between units would be different from ﬁhat of
the other methods. These results, however, do not indicate
the superiority of one class 6f method over the other. Further

evaluation of these methods is included in section 5.5.

5.3.2 UneQenly Distributed Contrived Data (DATA2)

This data set has 80 data units located in 3 visually
distinguishable groupings (Figure 2 and Appendix F). Similar
to the trials carried out for the evenly distributed data set,
trials of using different seed points and initial partitions
for nonhierarchical methods were conducted. The results of
these trials differ slightly in using-different séed points or
initial partitions (Table 5 and Figures 25, 26). This is

probably the result of the inclusion of in-between data points



Group Sizes

Trial 1 2 3
Group 1 2 3 1 2 3 1 2 3
Seed Points
Methods 8 35 67 10 40 60 7 30 70
Jancey's 16 25 39 123 34 23 23 23 34
Forgy's . 23 29 28 16 41 23 16 29 35
Convergent :
K-mean 23 23 34 16 41 23 16 29 35
Initial :
Partition z20 34 26 27 27 26 23 23 34
Methods :
Jancey's 15 25 39 23 23 34 16 39 25
Forgy's 23 23 34 23 23 34 23 34 23
Convergent _
K-mean 23 23 34 .23 23 34 23 34 23
Table 5, Summary of Nonhierarchical Runs for DATA2
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for the three visually identifiable clusters. The variance of

group sizes is relatively small but this indicates the import-

ance of initial seed points or centroid in using nonhierarchi-

cal methods. Resembling the results for DATAl, the clusters
defined by these methods extend laterally instead of radially

as in hierarchical methods.

The results from none hierarchical methods differ
gréatly from one another (Table 6 and Figures 16-24)., 1In
this set of results, the Centroid and Median methods have
identical clustering sequences as well as membership. Con-
trary to results for the evenly distributed data set, single
linkage method using . ' City - Block " . measure does not
resemble any other linkége methods or clustering methods.
The existence of l-member group for the 3 clusters in this
method urges to draw a conclusion that single linkage -
"City-Block" " method is inappropiate for gfouping unevenly
distributed daté éet. The other two single linkage approaches,
on the other hand, give identical memberships to the 3 groups
though sequences of groqping are different, The average link-
age methods also give identical memberships as well as group-
ing sequences to the 3 groups. The intended group sizes are
19, 34 and 27 and the results .from complete linkage method
are identical to this predetermined group sizes. The average
linkage methods also gi&e very similar resﬁlts to these group

sizes,

82



Group Sizes

Group 1 -2 3
Methods
Hierarchical
Single Linkage
City - Block 53 1 26
EBuclidean Distance 17 25 38
Chi-Squares 17 25 338
Complete Linkage 19 34 27
Avg. Linkage between .
Merged Group 20 33 27
Avg, Linkage within
New Group ' 20 33 27
Centroid Method 20 37 23
Median Method 20- 37 23
Ward's Method 42 14 24
Nonhierarchical
Jancey's Method 23 23 34
Forgy's Method 16 29 35
Convergent K-mean.
Method 16 29 35

Table 6. Results of 12 Clustering Methods for DATA2
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On the whole, it is clear that visually identifi-
cable groups in an unevenly distributed data set can be
detected easier than that of evenly distributed data set.

Further evaluations are discussed in section 5.5.

5.3.3 North Burnaby Empiriéal Data (NBDATA)

| There are a total of 87 box locations for two routes
in the North Burnaby area (Figure 3 and Appendix F). These
locations are situated in an area of approximately 34 square
miles. This scattered, ungrouped data set has no visually
identifiable clusters. These points are prgsently routed as
two groups of 46 and 41 respectively (Figure 27), and these
routes has little implication on the desired. grouping of the

box locations.

The hierarchical and nonhierarchical results are
presented in Table 7 and Figures 28-38. The group sizes vary
from 3 to 39 for grdup 1 and 48 to 84 for the other. The
results of two dissimilar group sizes in the five hierarchical
methods (single linkage:''City -~ Block' and Euclidean diétance;v
average linkage between merged groups; and the centroid methods)
show that a potential cluster (points 1, 2 aﬁd'3) located at
a distance from the rest of the locations would temper the
effectiveness of these clustéring algorithms. The only méthod

that groups localities into clusters of 39 and 48 members
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Group Sizes

Group 1 2

Methods

Hierarchical

Single Linkage

City - Block ) 3 4 84
Euclidean Distance 3 84
Chi-Squares ' 29 58
Complete Linkage . 37 50
Avg., Linkage between
Merged Group 3 84
Avg. Linkage within
New Group 39 48
Centroid Method : 12 | s
Median Method ‘ 12 75
Ward's‘ﬂethod 35 52
Nonhierarchical |
Jancey's Method 35 52

Forgy's Method 31 56

Convergent K-mean :
Method 31 - 56

Table'7. Results of 12 Clustering Method for NBDATA
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respectively is the average linkage within the new group
algorithm., This, however, does not indicate that this method
is.most suitable for this set of data. The evaluation
approach in latter sections would give an in-depth examination

of these results.

' Three sets of seed points and initial partitions
were also used to test the effect in initial cluster on the
results (Table 8). There are indications that initial parti-
tions have legs influence than seed points on the data set,
These variances in resulting group sizes, however, do not
indicate the superiority of one nonhierarchical method over

the others.

5.3.4  South Burnaby Empirical Data (SBDATA)

This set of data depicts the ibcations of 113 mail
boxes which are serviced by 3 truck routes (Figure 3Y) in the
South Burnaby area. There is no distinct group boundaries
that are visually identifiable (Figure 4 and Appendix F) for
this set. This probably;represeﬁts the typical distribution
of mail boxes in other areas, The 12 cluétering methods
used previously for the other three sets are also employéd

for grouping this data set.



Group Sizes

Trial
Group 1 2 1 2 -1 2
Seed Points :

Methods 5 62 10 70 135 55 -
Jancey's \ 34 53 35 52 34 53
Forgy's 35 52 31 56 31 56
Convergent

. K-mean 35 52 31 56 31 56
Initial
Partition 40 47 43 44 35 52

Methods
Jancey's 35 52 34 53 35 52
Forgy's 35 52 35 52 35 52
Convergent .

K-mean 35 52 - 35 52 35 52

Table 8. Summary of Nonhierarchical Runs for NBDATA
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The results of these 12 méthods-are tabulated and
plotted in Table 9 and Figures 40-50. The single linkage-
" City - Block " . method identifies group sizes of 1, 1 and
111. These group sizes are totally unacceptable as aids to
scheduling problems. The centroid methods have similar
unbalanced results. The complete.linkage, the Ward's method
and the three nonhierarchical algorithms give reasonably
balanced number of members in each group. However, all the
resultant group sizes from these clustering methods do not
resemble the actual number of call points (group sizes 38,
40 and 36). A more extensive evaluation examining the criti-

%

cal group sizes will be discussed in Section 5.5.

The nonhierarchical methods' results presented in
Table 9 are the more distinctive group sizes of six trials
using different seed points and partitiohs (Table 10). These

trials show little significant differences in the .group sizes.

5.4 Tools for Evaluation

Two methods were developed to evaluate the groups
resulting from various techniques on the four sets of data.
Both methods are included in the computer progfam ROUTE
(Appendix H) doing statistics and routing on the groups out-

lined by the different clustering methods.



Group Sizes

Group 1 2 3
Methods
Hieraréhical
Single Linkage
City - Block 1 1 111
Euclidean Distance 21 26 66
Chi-Squares 34 36 43
Complete Linkage 20 45 48
Avg. Linkage between v .
Merged Group 21 - 26 66
Avg. Linkage within
New Group 22 36 55
Centroid Method 2 18 93
Median Method 2 18 93
Ward's Method 45 - 28 40
Nonhierarchical
Jancey's Method 34 45 34.
Forgy's Method 33 46 34
Convergent K-mean o
Method 33 46 34

Table 9. Results of 12 Clustering Methods for SBDATA
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Group Sizes

Trial 1 2 3
Group 1 2 3 1 2 3 1 2 3
Seed Points
Metheds 20 G4 87 15 40 93 20 39 92
Jancey's 35 L4 34 34 45 34 34 45 34
Forgy's 33 46 34 33 46 34 34 49 30
Convergent _
K-mean 33 . 46 34 34 49 30 34 49 30
Initial -
—_Partition 35 40 38 33 38 37 35 - 44 34
Methods
Jancey's 34 45 34 35 44 34 33 46 34
Forgy's 36 46 31 36 47 30 36 46 31
Convergent
35 44 35 44 34 35 44 34

K-mean

34

Table 10,

Summary of Nonhierarchical Runs for SBDATA

I
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The first part of the program records the data
points; calculates the distance among data points within the
groups; computes the mean aﬁd standard deviations and plots
a‘histogram of the distribution of distances (Appendix H).
The distributions of distances within group are plotted
because they are related to the route distance within each
group. Christofides (1969) indicates that the associated
distance for cptimized truck route (0,) is a function of
radiai distances (D;) and the average value of the maximum
ﬁumber of customers that can be serviced by one route (C).
These statistics are then compared and used as evaluation

key for the methods.

The second part of the program was modified from
ROUTPLOT, a computer program developed for plotting routes
using maximum distance saving as criterion (Chance etal,
©1975). This routine gives the travelling distances, the
times required and the order of call points for the maximum
saving route within the defined groups (Appendix H). Since
timing and travelling distances are critical in the scheduling
problems for the Post Office, these outputs are useful in

judging the usefulness of clustering methods.



5.5 Evaluation

The discussion of the results in the previous
sections have indicated that subjective evaluation of the
results nead to be supported by some objective measures. |
The last section introduced two appropiate tools for eva-
luating the group sizes quantitatively, Since the four sets
of data each has spatial characteristics of its own, it is
best to evaluate the methods for each data set separately.
In the following sgubsections, the methods will be evaluated

using the outputs from the two analysing tools.

5.5.1 Evenly distributed Contrived Data (DATAL)

As discussed in Section 5.3.1, the complete linkage,
the Ward's and the three nonhierarchical methods each groups
this data set into two groups of comparable sizes (Table 4).
An examination of the plots of the groups defined'by these
methods (Figure 9, 13-15),'however, does not indicate any
distiﬁct superiority of one method over the other. Both the
radially lihkage of hierarchical methods and laterally group-
ing of nonhierarchical methods have their own grouping
boundaries. These groupings of comparable sizes are indiff-
erent from theoretical standpoint, but in actual case, if
there are restrictions imposed on the travelling directions,
then the resulting group .boundaries would be critical to the

scheduling problem.



The outputs from the program ROUTE for this set of
data as grouped by various methods are summarized in Table 11
and 12. These outputs are affected by the group sizes and
the distribution cf the data units within each group. Con-
trary to the group size comparisons, the complete linkage
groupings do not have comparable means of distances or travel
times and distances. This is the result of grouping scatfer-
ed data units intc clusters. The Ward's method groupings,
though gives fairly similar means, do not have similar travel-
ling distance or timings because of the unevenly scattering-
of data units within the defined groups. The three non-
hierarchical methods give identical results because of the
similarity of their groupingé. The travelling distances and
times for groupings of these methods, in this case, vary

slightly and are the best matches among the 12 sets of results.

The distribution patterns of inter-data unit dis-

tances within groups are critical in the determination of travel

distances and times. The patterns of the groups of the above
five clustering methods, as shown in Figures 51-53, definitely

reflect the similarity between the two groups defined by these

methods. The patterns of the two groups defined by the complete

linkage method are distinctly dissimilar. The Ward's patterns
have better resemblance whereas that of nonhierarchical methods
have almost identical distribution patterns. The degree of

resemblance does not only offset the mean and standard



Mean (feet)

Std. Deviation

Methods Group 1 2 1 2
Hierarchical
Single Linkage
City - Block 20332 6?91 10629 | 3413
Euclidean Distance 20332 | 6791 10629 | 3413
Chi-Squares 13281 | 19494 6499 | 10577
Complete Linkage 13926 | 16008 6757 | 7863
Avg. Linkage between : ' »
Merged Group 16747 12115 8178 | 5977
Avg. Linkage within ,
New Group 16747 12115 8178 5977
Centroid Method 16233 12800'  7973 | 6008
Median Method 16233 12800 7973 | 6008
Ward's Method 15574 15004 7962 | 7671
Nonhierarchical
Jancey's Method 18396 17811 10240 | 10353
Fogy's Method 18396 | 17811 10240 | 10353
Convergent K-mean )
Method 18396 17811 10240 | 10353

Table 11. Means and Standard Deviations of Groups

Defined by 12 Cluster: Methods for DATAl
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Travel Time(min)

Travel Dist.(mi)

Total Time (min)

Methods Group

I 2 1 2 1 2
Hierarchical
Single Linkage .
City - Block 202,82 27.92 50.70 6.98 263.12 39.62
Euclidean Distance 202,82 27.92 50.70 6.98 263.12 39.62
Chi-Squares | 77.07 168.93 19.27 42.23 96.87 221.13
Complete Linkage 107.85 136.96 26,96 34.24 139.35 177.46 "
Avg. Linkage between
Merged Group 153.19 78.02 40.44 19,51 199.09 102.32
Avg. Linkage within _ : ‘
New Group 153.19 78.02 40.44 19.51 199.09 102.32
Centroid Method 145.31 | 127.16 36.33 24,82 189.41 127.16
Median Method 145,31 127.16 36.33 24.82 189.41 127.16
Ward's Method - 137.20 113.58 34.20 28.39 175.90 146.88
Nonhierarchical
Jancey's Method 120,50 118.83 30.12 29.71 152.390 158.43
Forgy'a Method 120.50 118.83 ' 30.12 29,71 152.90 158.43
Convergent K-mean 120.50 118.83 30.12 29.71 152.90

158.43

l. & 2. from first to last box ; 3. including stopping time.

Table 12. Travel Times and Distances of Groups Defined by 12 Cluster Methods for

DATAL

OCT
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deviations of the distances, but alsc influence the travel

distances and times,.

Based on the above evaluations, the nonhierarchical
methods' groupings definitely show better correlations in
means, travel distances and times, and distribution patterns
though there is little similarities in the group sizes. If
there were travel restriction in lateral movements, then the
Ward's method would probably be the best choice among these
‘methods. On the whole, this quantitative evaluation of the
grouping results indicates that the five methods mentioned in
this sub-section are favoured for this set of data based on
the assumption that there is no restrictions in travel

directions.

5.5.2 Unevenly Distributed Contrived Data (DATA2)

The plots of the results of the 12 clustering
methods indicate that the complete iinkage_and the two average
linkage methods give results resembling to that of the intend-
ed group sizes (19, 34 and 27). A study of the summarized
results (Table 13 and 14) from the program ROUTE for these
éets of different group sizes and memberships also indicates
that these three methods have very similar means of distances,
and travel times., This is probably the result of various
density of data units within each group. Group 1, the small-

er and more scattered cluster has less stops, but longer



_ . Mean .(feet) ‘ Standard Deviation |
MN 1 2 3 1 2 3
Hierarchical

Single Linkage
City - Block N. A. _ N. A.
Euclidean Distance 5252 6471 14692 2414 | 3375 9592
Chi-Squares 5252 6471 14692 2414 | 3375 9592
Complete Linkage _ 6085 .8237 8434 3131 4281 4574
Avg. Linkage between
Merged Group 6642 8124 8434 3672 4285 4575
Avg. Linkage within :
New Group 6642 8124 8434 3672 4285 4575
Centroid Method 6642 | 9358 6754 3672 5040 3273
Median Method - 6642 9358 6754 3672 5040 3273
Ward's Method 11668 | 7569 | 7083 | 7257 | 4573 3468
Nonhierarchical
Jancey's Method 10424 14040 13645 8433 9152 8625
Forgy's Method 6955 13900 14644 4730 8609 9671
'Convérgent K-mean 6955 13900 14644 4730 8609 9671

W

Table 13. Means and Standard Deviations of Groups.Defined by 12 Clﬁster Methods for DATA2 .
. w



Travel Timel(min.)

Travel Dist.l(mi)

Total»Timez(min.)

Methods _Group 1 2 3 1 2 3 1 2 3
Hierarchical
Single Linkage
City - Block “ N.A, N.A, N.A.
Euclidean Distance | 25.29 | 34.85 | 74.45 | 6.32 8.71 | 18.61 | 40.59 | 57.34 | 108.65
Chi-Squares 25.29 | 34.85 | 74.45 | 6.32 8.71 | 18.61 140.59 57.34 | 108.65
Complete Linkage 30.06 | 50.58 | 50.82 | 7.52 12.65 | 12.71 47.16 81.18 | 75.12
Avg. Linkage between
Merged Group 32.45 | 48.20 | 50.82 | 8.1l1 12.05 | 12,71 | 50.45 | 77.90 | 75.12
Avg. Linkage within
New Group 32.45 | 48.20 | 50.82 | 8.1l 12.05 | 12,71 | 50.45 | 77.90 | 75.12
Centroid Method 32.45 | 65.38 | 40.09 | 8.11 16.34 | 10,02 | 50.45 | 98.68 | 60.79
Median Method 32.45 { 65.38 40.0§ 8.11 16.34 | 10,02 | 5C.45 | 98.68 | 60.79
Ward's Method 69.67 26.72 | 42,47 | 17.462} 6.68 10;62 107.47 ] 39.32 | 64.07
Nonhierarchical | _
" Jancey's Method 45,27 | 60.61 | 69.67 { 11.39| 15.15 | 17.42 | 66.27 | 81.31 ; 100.27
Forgy's Method 31.97 | 66.81 | 67.05 | 7.99 16,70 | 16.76 46.3? 92.91 | 98.55-
Convergent K-meaﬁ 31.97 | 66.81 | 67.05 | 7.99 16.70 | 16.76 | 46.37 | 92.91 l98.55.

Table 14

1. from lst to last box; 2. includirg stop tinme.

Travel Distances and Times of Groups Defined by 12 Cluster Methods for DATA2

9¢1
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distances between stops in travelling from one 1ocat£6n to
another. Group 2 and 3 have denser population within the
groups, thus requiring more stops in traversing the shorter
inter-point distances. These characteristics are réflected
in the distance distribution pgtterns (Figures 54-55) of the

above three linkage methods.

The intended group sizes for thé three clustefs are
not of comparable number of members and this makes the evalua-
tion of these results difficult., Undoubtly, the evaluation
of these outcomes must be subjective, If similar travel |
distances among the three groups are reduired, then the Jancey's
nonhiérarchical method has groups of this-nature. On the other
hand, if both the trével times and the mean of distances are to
be comparable, then the complete linkage and the two average
linkage methods would be more appropiate in-grouping this set
of data. One definite conclusion, however, can be drawn in the
‘evaluation of these clustering techniQues is that single link-
age usingI" City - Block " 'measure is not an appropiate’
method for this set of data. Among the other seven methods,

- the two centroid methods also have similar group sizes as the
~intended ones. However, the results from ROUTE for the group-
ings of theée methods do not indicate any distinct character-
istics that are more superior than the three linkage methods"”

and the Jancey's méthodfs. The other five methods do not

group data units into clusters with sizes resembling to the
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intended groupings nor have comparable means of distances and

travel distances within the defined groups.

On the whole, there are methods that are more suit-
able for grouping this set of data. The superiofity of any
method, in this case, cannot be judged solely by the comparisons
of the meéns of distances, travel distances and times; it
requires subjective evaluation., This subjective decision
process involves the consideration of appropiate group sizes,
the weighing of the quantitative measures, and most important

of all, the experience of the user.

5.5.3 North Burnaby Empirical Data (NBDATA)

The complete linkage, the average linkage within
the new group, the Ward's and the Jancey's methods all have
similar group sizes though different memberships. The uneven
distribution of data points, especially points 1, 2 and 3, in
"this set do not only discourage the use of group sizes as an
evaluation of criterion, it also indicates the importance of

distribution pattern in the judgement of appropiate groupings.

The application of evaluation tools on the 12 sets
of groupings defined by the different clustering methods on
this data set indicates that there are conflicting evidence on

the superiority of one method over the others (Tables 15 and 16).
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Mean (feet) Std. Deviation
Methods Group 1 2 1 2
Hierarchical
Single Linkage
City - Block 944 11637 476 7241
Euclidean Distance 944 11637 476 7241
Chi-Squares 9562 7705 5875 4112
Completé Liﬁkage 9824 6501 5609 3215
Avg. Linkage between
~ Merged Group 944 11637 476 - 7241
Avg. Linkage wifhin |
‘New Group _ 8614 10087 - 8105 6125
Centroid Method 9489 | 9531 7226 | 5293
Median Methcd 9489 9531 7226 5293
Ward's Method 10269 7622 6187 4201
Nonhierarchical
Jancey's Method 9749 6688 5553 3332
Forgy‘s Method 9576 7091 5487 3588
Convefgent K-mean _ _
Method | 9576 7091 5487 3588

Table 15, Means and Standard Deviation of Groups Defined

by 12 Cluster.Methods for NBDATA



. 1 A
Travel Timel(min) Travel Dist.(mi) Total Timez(min)

Hierarchical
Single Linkage

City - Block : . 1,00 159.91 0.25 39.98 3.70 235.51

Euclidean Dist;ncet _ 1.00 159.91 0.25 39.98 3.70 235.51

Chi-Squares 50.06 632.25 12,51 15.81 76.16 115.45
Complete Linkage 66.81 49,73 16.70 12,43 100.11 94.73
Avg. Linkage between ' |
Merged Group 1.00 159.91 0.25 39.98 3.70 235.51
Avg. Linkagé within
New Group 70.68 66.19 17.67 16.55 105.78 | 109.39
Centroid Method : - 21.21 87.83 5.30 21.96 32.01 155.33
Median Method ‘ 21.21 .87.83 5.30 21.96 32.01 155.33
Ward's Method : 68.19 57.55 17.05 14.39 99.69 164.35

Nonhierarchical | A

Jancey's Method - 65.00 54,07 16.25 13.52 96.50 100.87
Forgy's Method 59.46 60.15 14.87 15.04 | 87.36 110.55
Convergent K;mean 59.46 6C.15 14,87 15.04 87.36 110.55

1. from 1lst to last box; 2. including Stopping time

Table 16. Travel Distances and Times’ of Group Defined by 12 Cluster Methods for NBDATA

A
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The centroid methods' groupings have the most similar means
of distances, whereas the Forgy's and the Convergent'K~mean
nonhierarchical methods' clusters have the almost identical
travel times and distances. This contrast in the quantitative
measures is the result of the differences in the group sizes
as well as the distribution pattern of the data points within

the groups.

In this case, the most similar group sizes (29,
48) as defined by the average linkage within the new group
method does not have the most matched travel times or dis-
tances. The inclusion of a potential cluster of 3 points
(L, 2 and 3) in the groupings distorts the distribution
pattern of the distances (Figures 56-58). The resultant
travel time required for traversing a smaller, but fairly
scattered group is relatively similar_to that required for
travelling through the points of a denser population., The
fwo nonhierarchical methods (Forgy'é and Convergént K-mean)
have groupings of comparable distance distributioﬁs, thus the
resulting travel times and distances are similar. These two
clustering methods are prbbably the most suitable methods

émong the 12 for this data set.

Similar to the conclusion drawn for DATAl, the
single linkage methods do not group data points into groups

of coinparable sizes, nor similar travel distances. The
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average linkage between merged groups method's clusters also
do not have similar sizes nor travel times. These methods are
inappropiate because they tend to isolate the potential 3-point
.cluster from the rest of the data units. This isolation
yields drastically different group sizes and, of‘coursé,
totally incompatible travel times. The two centroid methods
have similar clusteringvproperties though less severe in the
degree of isolation of the three data units. The results

from the other four methods are generally acceptable buﬁ not

recommended for clustering this set of data.

5.5.4 South Burnaby Empirical Data (SBDATA)

The oddly clustered group sizes for single linkage
(1, 1 and 111) and the centroid methods (2, 18, 93) were nbt
examined in this evaluation process. These methods have
failed to cluster the data set inﬁo groups of similar sizes
and are ruied out as aids for clustering this set of data for
- the scheduliﬁg problem, The summary table of the group sizes
(Table 9)'indicates that the nonhierarchical-methods and the
single-linkage chi-squares fechniﬁueé cluster the data set

into three comparable groups.A

An examination of the results from ROUTE on the
twelve sets of groupings as defined by the various methods

indicates that only three methods' groupings actually have
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comparable means of the distances, travel times and distances
(Tables 17 and 18). The Jancey's method groups have distinct-
ly similar travel times as well as total times for the
traverse within the groups: a result in grouping the data
points into regions of almost identical areas (Figure 49).

The similarity of distribution patterns of the inter-unit
distances for groups as defined by this method (Figure 59)

also reflects the superiority of this method over the others.

Among the hierarchical methods, only the single-
linkage Chi-squares method and the Ward's method have compar-
able means of distances as well as travel times within the
defined groups: The group sizes for the Ward's method are
45, 28 and 40 respecfively (Figure447). Though the scattered
distributions of all the data'units within these groups
resemble each other, the distances bétween points for grouﬁ‘Z
'(28 péints) are slightly longer than that of the other two
grbups. Thus the distribution of distances (Figure 60) has
a wider spread than the others. The number of stops is, in

this case, critical for the total travel and stop time,

‘The single linkage Chi-square method has its
distince linkage pattern (Figure 41). Although the group
sizes are 34, 36 and 43 respectively, the defined boundaries

are very different from that of any methods examined in this



Mean (feet) _ : Standard Deviation

Me thNoup ' 2 > . | 2 >

Hierarchical
‘Single Linkage

City - Block . N, A. ‘ N.A,

Euclidean Distance 5009 6937 | 7766 2280 - 3541 4016

Chi-Squares , 7519 7712 7784 5011 4896 3657
Complete Linkage v' 4738 6566 8309 2107 3231 4029
Avg. Linkage between .
Merged Group 5009 - 6037 7766 2280 3541 4016
Avg. Linkage within
New Group 5146 6230 8283 2350 3232 4132
Centroid Method N.A. 5603 9949 N.A. 2993 4975
Median Method N.A. | 5603 9949 N.A, 2993 4975
Ward's Method 7039 7346 6333 3818 3847 3348

Nonhierarchical | : |

Jancey's Method : 7099 6345 6465 3328 3180 3336
Forgy's Method | 7169 6470 6269 3363 3205 3210
Convergent K-mean E 7169 6470 6269 3363 3205 3210

Table 17. Means and Standard Deviations of Groups Defined by 12 Cluster Method for SBDATA

eYl



1 1
Travel Time (min) Travel Dist. (mile) Total Timez(min.)

T~
Methods “~\\\\E£?Up 1 2 3 1 2 3 1 2 3

Hierarchical
Single Linkage

City - Block N.A. N.A,. N.A,

Euclidean Distance | 27.75 | 39.23 | 77.76 | 6.94 | 9.81 19.44 [ 46.65 | 62.63 } 137.16

Chi-Squares 38.65 | 50.43 | 61.97 | 9.66 | 12.67 | 15.49 | 69.25 | 82.83 | 100.67
Complete Linkage | 24.19 | 50.14 | 71.48 | 6.05 | 12.54 | 17.87 | 42.19 | 90.64 | 114.68
Avg, Linkage between
Merged Group 27.75 | 39.23 | 77.76 | 6.94 | 9.81 | 19.44 | 46.65 | 62.63 | 137.16
Avg. Linksge within
New Group 28.91 | 40.84 | 75.88 | 7.23 | 10.21 | 18.97 | 48.71 | 73.24 | 125.38
Centroid Method N.A. | 27.97 | 190.16] N.A. | 6.99 | 47.75 | N.A., | 44.17 | 273.86
Median Method N.A, | 27.97 | 190.16| N.A, | 6.99 | 47.75 | N.A. | 44.17 | 273.86

Ward's Method 57.97 | 44.24 | 48.74 | 14.49 | 11.06 | 12.18 | 98.47 | 69.44 | 84.74
-Nonhierarchical ’ )
Jancey's Method 49.22 | 54.19 | 48.96 | 12.30 | 13.55 | 12.17 | 78.92 | 95.39 | 79.29
Forgy's Method 50.78 | 56.12 | 35.90 | 12.70 | 14.02 | 8.97 | 98.47 | 69.44 | 62.90
Convergent K-mean 50,78 | 56.12 | 35.90 | 12,70 | 14.02 | 8.97 98.47 | 69.44 | 62.90

1. from lst to last box; 2., including stopping time.

Table 18, Travel Distances and Times of Groups Defined by 12 Cluster Methods for SBDATA

06T
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'stuey. The distribution pattern of the dietances is fairly
similar to the Ward's. These distributions are slightly
skewed'to"the left as shown in Figure 61, The skewness is
parallel to the difference in the means and standard devia-
tion ef the distances. The resulting route travel time and
distance also differ slightly (Table 18), because of the
different degree of scattering of the data units within the

different sized groups.

The differences in population density of the groups,
as defined by the above three mefhods, plays an integral part
in the calculation of distances and the choice of route., The
nonhierarchical (Janeey's) method is apparently the Beet
clﬁstering‘techniques among the twelve methods for grouping

this set of data.

5.6 Summary

As mentioned in the above sections, evaluation of
the applicability of the twelve elustering methods is diffi-
cult and has to be very subjective. In section 5.5, the
quantitative evaluation approaches are designed to aid the
evaluation process. It is found that not all the methods are
suitéble for all kinds of data sets with varieus spatial
chatacteristics. This conclusion is parallel to that drawn

in section 5.3.
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The choice of clustering method»for grouping
data units depends highly on the characteristics of the data
set. A table (Table 19) summarizing the preference of methods
based on the grbup sizes, the data unit distributions within
the groups, and the travel times and distances required for
traversing the data points within the groupé indicates thét
various methods are favoured for clustering differént_data
sets. Methods that give appropiate groupings for the evenly
distributed data sets (DATAl, NBDATA and SBDATA) do not
neéessarily give satisfactory clusters for other déta sets.
Among these methods that are considered applicable to the
scheduling problem, some are higher ranked than the others

for one set of data, and vice-versa.

The spatial characteristics of the data units
"within a group, perhaps, is the most critical element in the
decision process. DATAl, a data set without any potential
cluster, is best'grouped by the three nonhierarchical methods.
The results of these methods all have similar characteristic:
the data units are all clustefed into lateral groups. This
characteristic could be one of the deciding factor in the
evaluation proceés. The inclusioﬁ of a potential 3-point
cluster in the north east corner of the area in NBDATA re-
duces the effectiveness of some methods. Only two hierarchi-

cal methods are favoured for their resulting travel distances
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Ranking Criterion

Group

Sigzes

Travel Time & Dist. -

Methods—-2ata Set

3 4 1 2

3

4

Hierarchical
Single Linkage
City - Block
. Euclidean Distance
Chi=Squares
Completé Linkage

Avg. Linkage between
Merged Group

Avg. Linkage within
New Group

Centroid Method
Median Method
Ward's Method
Nonhierarchical
Jancey's Method .
Forgy's Method

Convergent K-mean

best method

—_ second best method

Table 19.

3 — third best method

Summary of Method Preferences for the Four Sets of Data
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~and times. ,Thé Ward's method is considered to be the alterna-
tive techniqﬁe for grouping this data set.  SBDATA, a data set
similar to DATAl, is best grouped by Jancey's nonhierarchical
method. On the whole, the three nonhierarchical methods are
generally ranked as applicable methods for grouping evenly
~distributed data sets. The most ranked hierarchical method is
the Ward's technique though the results from this method are

less appealling than the nonhierarchical ones'.

 The unevenly distributed data set with intended
grouping is found to-be best grouped by the three linkage
methods: the complete linkage and the two average linkage
methodé. Unfortunately, there were nc available empirical
data that resemble this DATA2 set, and the conclusions
concerning the clustering of,this type of data distribution
can only be drawn from the trials on DATA2, It is difficult
._to state that these three methods are the Best ones for
grouping this type of distribution, and it requires supporting
evidence to substantiate the validity of this subjective

evaluation.

In evéluating the cluétering methods for grouping
mail boxes for the scheduling problem, the ranking system
based on the similarity of travel distances and times is pro-

bably the best approach. In most cases, the schedules for the
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truck services are set up according to the'time allocated to
each driver and not to the number of boxes each driver has to
service. The Postal Urion ruling on the maximum number of
stops for each route, however, could hinder the use of above
scheduling approach. For this study; it is assumed that the
schedules are prepared for each driver based on the time slot
assigned to each type of services. If the assumption is

- correct, then the three nonhierarchical methods and the Ward's
method are probably the better élustering techniques for group-

ing data sets for Burnaby area.
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CHAPTER VI
CONCILUSIONS

This study in investigating the applicability and
characteristics of the twelve clustering techniques indicates

the following: -

1. The spatial characteristics of the data set or
the locations of the mail boxes have significant
influence on the outcomes of the grouping
methods., A set of fairly evenly distributed data
units could be best grouped' by the nonhierarchi-
cal methods and not the others. Conversely,
these methods are not suitable for grouping uneven-
ly distributed data units. There is no straight
rule, however, to discriminate the use of any
clustering method, and it requires test runs to
prové‘the suitability of these clustering methods

for the particular data set.

2. The three single linkage methods using different
distance measures give various results for the
same set of data. The method uéing simple

"City - Block''as association measure tends to
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group closely iocated data units into a cluster
and isolate the more distant data points. This
grouping characteristic generates dissimilar

group sizes as well as travel distances and times
for traverses within defined groups. The square
root of the sum of squares of differences(Euciidean)
method does not always isolate the distant data
units from the others, and this approach generally
gives fairly acceptable groupings of the natural
clusters. The chi-squares method clusters data
units with distinctive links, and the group sizes
outlined by this method is usﬁally aéceptable, but
not as good as other methods'. On the whole,

single linkage methods are not suitable techniques

for grouping these four sets of data.

The two average linkage methods and the complete

1inkége technique are considered to be suitable

~only for the unévenly distributed data set. The

criteria used in these methods differ from that

of single linkage methods', and these grouping
, & & g

criteria generally link data units into groups
of fairly comparable sizes. These algorithms
tend to link the potential clusters together
prior to the linking of more scattered points.
The effectiveness of the ability to group poten-

tial clusters is highly reduced if there is an
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absence of potential groupings. The results from
these methods for evenly distributed data sets
are therefore not as‘satisfactory as these of
nonhierarchical and the Ward's methods'. On

the other hand; intended groupingsvare readily
clustered by these methods as shown in the trials

for DATAZ2.

The results generated by the centroid and median
methods are always identicai for these four data
sets: The differences in weighing the inter-unit
or inter-cluster diatances in these two methods
have little influence on the linking sequence or
the linkage pattern., It is apparent that only one
of these methods.should be used in further studies
of the applicability Of'cluster'analysis. The
results produced by these methods do not conform
to any of the better.ranked methods, and they are
not suitable for grouping the mail boxes for the

scheduling prbblem.

The Ward's methed is b? far the best ranked among
the seven hierarchical methods for grouping evenly
distributed data sets. The error sum of squares
criterion adopted in this method links the variables

with large variances first, thus gives a good



' representation of both the closely located and

distant data units in the groupings. The results
of the Ward's method for the unevenly distributed

data set, however, is unacceptable,

‘The results from the nonhierarchical techniques

are distinctly satisfactory for grouping evenly
distributed data sets.,. The location of the seed
points or initial partitions for thesevmethods,
contrary to the findings of other authors, is
found to be of minor importance in the grouping

of the evenly distributed data units. The contin-
uous allocation and realloéatibn.of the data units

to the nearest centroid apparently reduces the

‘importance of the seed points and partitions.

In this study, randomly selected seed points and
initial partitions are seemingly valid. This
does not only-reducez the complexity in using
nonhierarchical methods, it also reduces the

time used in data preparations.

.The ‘distribution of inter-unit distances within

groups identifies the scattering of the data units
The similarity of distribution patterns would
indicate the compatibility of travel distances and

times required for the groups defined. This

162
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conclusion is similar to the felationship between
travel distances and the area in which the call
points are located described by Christofides
(1969). The comparison of the distribution
pattern is defiﬁitely a useful aid in the select-

ion of clustering methods.

The best interpretation tool for both the hierar-
chical and nonhierarchical clustering results is
the representation of the links between entities
or the group boundaries on a 2-dimeﬁsiona1 graph.
Tree diagrams are also useful, but it requires
more time to trace a tree than to inspect the
linkage or boundary plots. The plot of data units
on graph also helps to understand the degree of
scattering of the call points. On the whole,'
visual aids are useful in the preparation of

schedules.

The travel distances and times are critical
measures in evaluating the groupings defined by
various methods. Thése elements are actually'the
most vital information in the preparation of
schedules as well as the specific routes for the
trucks. The optimal route as outlined by the

maximum distance saving routing method for each
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group can also be used as a decision criterion

in the selection of clustering method.

10. The evaluation of clustering methods, whether
qualitative or quantitative in nature, has to be

very subjective and heuristic.

The seemingly apparent choice of methods for cluster-
ing mail boxes should be the Ward's and the three nonhierarchi-
cal methods for data points distributed similar to North and
South Burnaby's. This, however, does not imply that all the
groupings of the boxes into clusters should be éerformed by -
these approaches. It is expected that some areas, such as the
North Shore, would warrant the use of other clustering methods,
e.g. the complete linkage and the two average linkage meﬁhods,
in order to give satisfactory groupings of the mail boxes;

The tests on unevenly distributed data set DATA2 have shown
that nonhierarchical methods are not suitable for this type

of data point:distribution,

The tools developed for this study in clustering
data sets, calculating statistics, and estimating the route
.distance and timing could be coordinated into a single program
for scheduling purposes., These tools are efficient means to
help analyse the route structure as well as the spatial

relationships of call points. ‘The histograms showing
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distribution of distances between points is also a useful tool

' for analysing the data points and evaluating the groupings.

This study also points out that althoﬁgh computeri-
zed clustering methods can help the schedulers in determining
the assignment of call points, it does not over-rule the
-superiority of the groupings outlined manually by inspection as
carried out by the experienced planners.  An interesting study
related to this clustering' method investigation would be the
study of applicability of the five more suitable methods in
grouping the Vancouver's mail or bundle boxes into clusters.,
This trial would further prove the feasibility of using cluster

analysis as an aid to the Post Office scheduling problem.
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FOOTNOTE
Unpublished Special Vehicle Utilization Study
Report, Vancouver Post Office, 1975, '

M.R. Anderberg. Cluster Analysis for Application
(New York: Academic Press, 1973). pp.25~29.

B, Everitt. Cluster Analysis(Toronto: Heinmann
Educational Books, 1974). pp.7-9.

M.R. Anderberg. pp.132-133.

B.S. Duran and P,L. Odell., Cluster Analysis, a
Survey (New York:Springer-Verlag, 1974). pp.6-7.

M.R. Anderberg. pp.1l36-7.

Ibid. p.134.

Ibid. p.140.

Ibid. p.1l56.

Ibid. p.l63.
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APPENDIX A

Listing of MATRIX: a Computer Program
for

Generating Symmetric Distance Matrix

17



50
40

70
60

80

95
90

113

$SIG

THIS I35 MATRIX: PROGRAM FUR CALCULATING DISTANC: MATRIX
FOR CLUSTERING PROGRAM INPUTS ‘

DIMENSION X{150),Y(150),DIST{1504150)ADIST(150,150)
DIMENSION DMAT(7000)

READy N

DO 10 i=1sN

READ(5:100) X{I)yY(1}

WRITE(O64101) I4X{I),¥Y{l)

CONTINUE

DO 20 Ii=14N

DO 30 12=1,1
DISTUILI2)=((X{I2)-KOTI1 )% %23+ {(Y{I2I-Y(I1))*%2)
CONTINUE - :

AMAX=C.

- AMIN=999999.9

U0 40 I3=1,N

DO 50 Y4=1,N

IF(DIST(I3,14).GTAMAX) AMAX=DIST(I3,14)
IF(DISTII3 143 aLToAMIN) AMIN=DIST{I3,14)
CONTINUE

DO 60 I5=14N

00 70 16=1,N
ADIST(I5,16)=DIST{I5,16)/AMAX

CONTINUE . '

DO 80 I7=1,}

CONTINUE

K=0

DO 90 18=2,N

N2=18-1

DO 95 I9=14N2

K=K+1

OMAT(KJ)=ADIST(1I8,19)

CONTINUE

COUNT=K/10.

KOUNT=K/110

K1l=KOUNT

IFICOUNT.GTLKUUNT) Kl=KCUNT+1

DO 96 1I=1,K1 )
KBEG={II*10}-9

KEND=II=%10

IF(II.5QeKl) KehD=K

WRITE(T7,113) {DMAT(KZ) yK5=KBEG.KCND)
WRITE(O6y 1133 {DMATIKZY yK2=KBEG+KEND)
FORMAT(5X42F7.0)

FORMAT(I542F10.21}

FORMAT{10F7.4)

STAP

END
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Listing and Sample Outpﬁts from HIER: a Computer

Program for Six Hierarchical_clustering’Techniques
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'PROGRAM DRIVER —-- MAIN PROUGRAM
DIMENSION X(10000) |
LIMIT=10000

CALL CNTRL(X,LIMIT)

WRITE(6,100)

100 FORMAT('1',15X, *END OF OUTPUT?Y)

N N o o NN N N e e N W N e N N e N o R K2 A a e Ra X el KaRo R A

STOP
END

SUBRJUTINE CNTRLIX,LIMIT)
THIS SUBROUTINE ALLOCATES STORAGE, READS INPUT AND CONTROLS

ECUTION FOR A HIEZRARCHICAL CLUSTERING JOB BASZD UN A PROVIDED
SI%ILARITY MATR IXo

———— . —n - — — . e — - —— - A S G e Se M e N e e — A TE W G P M G A G A - G G — -

INPUT SPECIFICATIONS

CARD 1 TITLE CARD :
CARD 2 INFORMATION FOR SUBROUTINES CLSTR AND TREE
COLS 1- 3 NE=NUMBER QOF EMNTITIES (DATA UNITS OR VARIABLES) TO BE
: CLUSTERED

COLS 4- 5 ISIGN=3PTION FOR SIMILARITY FUNCTION
ISIGN=+1, DISTANCE MEASURE :
ISIGN=-1, CORRELATION MEASURE

COLS 6- 7 NTSV=TAPE UNIT ON WHICH CLSTR RESULTS ARE SAVED
NTSV=7, PUNCH RESULTS ON CARDS -
NTSVolEoD, DI NOT SAVE RESULTS

COLS 8- 9 NTIN=UNIT FROM WHICH STMILARITY MATRIX IS READ -
NTIN=5, CARD READER :
NTINoNEoS5y DISK OR TAPS o _ o

COLS 10-12 INOPT=INPUT OPTICOGN FOR SIMILARITY MATRIX
INOPToLEeDy FACH RECORD IS ou: RIW OF A LOWER TRIANG-

ULAR MATRIX
INOPToGToOy THE LOWER TRIANGULAR MATXIX IS CONSIDERED
TO BZ STORED BY ROUWS IN JNE LUNG LINEAR
: ARRAY AND IS READ IN BLUIKS #*INOPT* LONG.

COLS 13-14 KOUT=0OUTPUT OPTION
KOUT=+2, STANDARD QUTPUT
KOUT=-2, STANDARD CUTPUT PLUS PUNCHED SEQUENCE LIST

FROM SUBROUTINE #*TREEX

<k« ANY PREPOSITIONING OF THE 1/0 UNITS NTSV AND NTIN MUST BE

ACCOMPLISHED IN PROGRAM DRIVER OR THROUGH USE UGF CUNTROL CARDS.

CARD 3 INPUT FORMAT FOR SIMILARITY MATRIX (20A4 FORMAT)
CARDI(S) 4 SIMILAKITY MATRIX
CARD 5 [©END OF RECORD CARD (7/8/9)
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% INCLUDE CARDS 4 AND 5 ONLY IF THE SIMILARITY MATRIX IS ON CARDS*%%

CARD(S) 6 LABEL CARDS FOR ENTITIES. THERE ARE TwJ OPTIONS
lo INCLUDE 1 CARD WITH THE 4-CHARACTERS %*iOLo+* IN CILUMNS 1-4.
' UNDER THIS OPTION LABELS ARE NOIT PRINTED 3N THE TREE QUTPUT.

2. INCLUDE NE CARDS, COLUMNS 1 TO 20 COMTAINING A LASEL FOR ONE .
ENTITYo ORDER TH# LABFEL CARDS IN THZ SAME SEQUaNCE AS THE
ENTITIES ARE REPRESENTED IN THE SIMILARITY MATRIXe

> N P o T T Al S M —  _ — r — —— —— - ——— —— . " Yt " —— TP T G G- — S W . G D - D - ———— — — . — . —

DECK SETUP SPECIFICATIONS

THE USER PROVIDES PROGRAM DRIVER WHICH PERFORMS THE FOLLDWING TASKSe
le ASSIGNS INPUT/OUTPUT UMITS
20 ESTABLISHES THE DIMENSION OF THG X ARRAY AND SETS THIS
DIMENSION EQUAL TO LIMIT. .
3, CALLS SUBRJUTINFE CNTRLe '
THE FOLLOWING EXAMPLE WILL SUFFICE IN MDOST CAS:E s.

PROGRAM DRIVER (INPUT,0UTPUTsPUNCH,TAPES=INPUT,TAPZO6=0UTPUT,
ATAPE7=PUNCH, TAPE1, TAPE2)
DIMENSION X(7000)

LIMIT=7000
CALL CNTRL(X LIMIT)
END

A SECOND JOB DSPEMDEMT SEGMENT IS SUBROUTINE MITHOJ., THE USER
CSELECTS AMONG THE SEVERAL ALTERNATIVE VERSIONS JF THIS SUBROUTINE TO
IMPLEMENT THE DESTRED CLUSTERING TECHNIQUE. - '

THE SUBPROGRAMS CNTRLy CLSTR, MTXIN, LFIND AND TREE GI IN EVERY JOB.

e S — o - ——— - o —— i —— - s o - — —— — T T ———— — M= I M W P W WA M — o —

THE X ARRAY IS PARTITIGNED FOR STORAGE AS FOLLUWS
STORAGS FDR ARRAYS NEEDED AT ALL STAGES GF THe JOB
X{N1) TO X(N2-1) NE WORDS--STORAGE OF THE Il ARRAY
X{N2) TO X({N3-1) NE WORDS--STCRAGEZ OF THZ JJ ARRAY
X{N3) TO X{(N4-1) NE WORDS--STORAGc UOF THE SS ARRAY
X{N4) TO X{N5-1) NE WORDS--STCORAGE OF THE IL 4RRAY
X{N5) TO X(N6-1) NE WORDS--STORAGE OF THE JL ARRAY
X{N6) TO X(N7-1) NE WORDS--STORAGE OF THL NEZXT ARRAY
STORAGE FOR ARRAYS NEEDED IN SUBROUTINE CLSTR

M1=N7 T
X{M1) TO X(M2-1) (NE%(NZ-1))/2 WORDS--STORAGE JIF THE S ARRAY
X{M2) TO X{M3-1) HNE WORDS--STORAGE OF THE LAST ARRAY
X({M3) TO X(M4—-1) NE WORDS--STORAG:Z OF THE NTAR ARRAY
X{M&) TO X{M5-1) NZ WIORDS--STORAGE OF THE SREF ARRAY
X{M5) TO X{M6=1) NE WORDS--STORAGE OF THE LIST ARRAY
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X{M6) TO X(MT7-1) NE WORDS-~-STORAGE OF THE A ARRAY

X(M7) TO x{M8) NE WURDS--STURAGEZ OF THE B ARRAY
STORAGE FDOR ARRAYS NEEDED IN SUBROUTINE TREE (JOVERLAY ARRAYS NEEDED
IN SU3BROUTINEZ CLSTR)

L1=N7 _

X(L1) TO X(L2-1) 25#NFE WORDS--STORAGE OF THE A ARRAY
AIL2)Y) TO XU{L3-1) 5S*=NT WIRDS--3TORAGEI OF THE LAGSL ARKAY
X(L3) T3 X{L4-1) NE WORDS-=-STORAGEZ OF THZ LCLNO ARRAY
X{L4) TO X(L5=1) MNE WIRDS-=-STORAGE GF THz LINz ARRAY
X{L5) TO X{L6~-1) NE WORDS--STIORAGE OF THE IS ARRAY
X(Le) 7O X{(L7) NE WORDS--STORAGE OF THZ LAST ARRAY

- S — - A ——— T ——— ——— —— - "\ — - - T —— - > > - — ———— O ——— . - —————————— - -

- INTEGER FIRST
DIMENSION X{1)yFMT{20) ,TITLEL{20)+EPS(25)
DATA RLB/'NOLBY/
READ(5,1000) TITLE
READI5,1100) NEZISIGNyNTSVyNTINy INOPT KDUT
WRITE(6,:2500) TITLE
WRITE(6,2200) NE, ISIGN,NTSV,NTIN, INOPT,KOUT

PARTITION THE STORAGE ARRAY

N1l=1
N2=N1+NE
N3=N2+NEG
N4=N3+NE
N5 =N4+NE
N6=NS+NE
N7=N6+NE
M2=NT+(NER{NE-1))/2
M3=M2+NE
M4=M3+NE
M5 = M4 +NE
M6=M5+NE
MT=M6+NE
M8=MT+NE-
L2=N7+25%NE
L3=L2+5%NE
L4=L3+NC
L5=L4+NE

. L6=L5+NE
L7=L6+NE-1

.CHECK FOR SUFFICIENT STORAGE
MAX=M8
IFIL7CToMAX) MAX=LTY
WRITE(642300) MAX,LIMIT
IF(MAXe GToLIMIT) STOP
READ THE STMILARITY MATRIX

READ(5,1000) FMT
WRITE(6,2100) FEMT

" CALL MTXINIX{NT7)+sINDPTSNESJNTIN,FMT)
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€. READY TO CLUSTTR
60 CALL CLSTRUOXINLDY ¢XUN2) ¢ X{N3 ) s XING )y XINS) 3 X(NS) o XINT)I s X{M2F4X(M3),
AXIM4A) g X M5 ) XIMOE) o X{MT )y TITLE yNELISIGN,NTSV)
C RFAD LABEL CARD(S)
FIRST=L2
" LAST=L2+4
READ(5,1000) (X(I1),I=FIRST,LAST)
IFIX{FIRST)aFQoRLBY GO TO 80
C READ REMAINING LABELS
DO 70 K=2,NE
FIRST=LAST+1
LAST=LAST+5
70 READ(5,1000) (X{I),I=FIRST,LAST)
C DRAW THE TREE ORRESPGNDING TO THE CLUSTERING
80 MERGES=NE-1
CALL TREE(XINL) #+XIN2) sX{N3), X(N#)aX(NS);X(Né),X(VT).X(L Yo X(L3),
AX{L4) o X{L5) s X{LO)FPS, TITLL,MtRG Syly 641, KAUTHyNE}
RETURN
1000 FORMATI 20A4%)
1100 FORMATI{IZ493124y13,12,13)
2100 FORMAT(TH FORMAT,2044)
2200 FORMAT(SH N =49189/98H ISIGN =41543/7+7H NTSV =416,/ 4+s7H NTIN =416,
A/ ,8H INOPT =,15,/,7H KOUT =,16) _
2300 FORMAT{19H REQUIRED STORAGE =,15,6H WORDS,/,
A 19H ALLOTTED STORAGE =,15,6H WORDS,/)
2500 FORMAT('11',//,2004,//) -
END

C : _
SUBROUTINE CLSTRUIIsJJsSSyILyJLyNEXT»SyLASTINEAR)SREFSZLIST 448,
ATITLEZ yN»ISIGN,NT) '

IN THIS VERSION THE LOWER TRIANGULAR PORTION OF ThHe SIMILARITY MATRIX

IS STORED B8Y ROWS IN THE ONE-DIMENSIONAL ARRAY S '

THE FOLLOWING VARTABLES ARE SPECIFIED IN THE CALLING PRIGRAM AND
ARE PASSED THROUGH THE ARGUMENT LIST
N=NUMBER OF 0DBJECTS TO BZ CLUSTERED :
S(J)=J~-TH ELEMENT IN LOWZR TRIANGULAR SIMILARITY MATRIX
ISIGN=0PTION SPECIFYING TYPE OF SIMILARITY FUNCTIO3N JUSED
ISIGN=+1=DISTANCZ MEASURE (DECREASING FUNCTION OF SIMILARITY)
ISIGN==-1=CORRELATION MEASURE (INCREASING FUNCTIOJN JF SIMILARITY)
NT=TAPE UNIT ON WHICH THE RESULTS ARE SAV;D
NToLEo0=D0 NIT SAVE RESULTS ON TAPE
NT=7=SAVE RESULTS ON PUNCHED CARDS
TITLE=IDINTIFYING TITLE F2R THIS RUN

- THE FOLLOWING VARIABLES REPRESENT THE DQUTPUT OF THE PRIGRAM AND ARE
PASSED BACK THROUGH THE ARGUMENT LISTe THESE RESULTS ARE READY FOR
SUBRDOUTINE TREze

K=STAGE 3JF CLUSTERING
TT(K)=LOWER NUMBERED CLUSTER MERGED AT STAGZ K

OO0 0O00
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JJK}=UPPER NUMBERED CLUSTECR MEZRGED AT STAGE K

SS{K}=VALUZ OF SIMILARITY FUNCTION ASSOCYATED WITH McZRGE AT STAGE K
IL{K)=PRECEDING STAG: AT WHICH II(K) WAS LAST IN A MERGE

JLIK) =PREZCEDING STAGE AT WHICH JJ(K) WAS LAST IN A MERGE
NEXTIK)=NEXT STAGE AT WHICH II(K) IS IN A MIRGE

IN ADDITION, THE FOILLOWING VARIABLES PLAY IMPORTANT RJILES IN THE PROGRAM
NEAR({I)=1D NUMBER OF EXTREME ELEMENY IN RCW I OF THE LOWER
TRIAMGULAR SIMILARITY MATRIXe
SREF{ 1) =STMILARITY MEASUREZ FOR THE PATR (I,NEAR(I))
LIST{I)=1-TH CLUSTER 1D MUMBEZR IN SUQUENTIAL LIST Jr CURRENT CLUSTZRS
NCL=NUMBER OF CLUSTERS AT CURRENT STAGE
LASTI{I)=STAGZ MUMBZIR AT WHICH CLUSTER I WAS LAST IN A MERGE
A=WORKING ARZA FOR SUBRDUTINE METHOD :
R=WORKING ARZA FOR SUBRUUTINE METHOD

THIS SUBROUTINE USES FUNCTION LFIND{(I,J) TO FIND THE ADDRESS IN S
FOR THE SIMILARITY MUASURE BETWEEN CLUSTERS T AND J
DIMENSION S(1),11(1),JJ(01)ySS{L)ILCL) JLLL),NEXTIL1)NEAR(L),
ASREF(1),LISTI1),LAST(1),A(1),B(1)
DIMENSION TITLE(20)
INITIALIZE VARIABLZES 4ND SET CONSTANTS
NCL=N
K=1
SIGN=ISIGN
BIG=SIGN*10E50
CALL METHOD{SNEAR,SRE F,LTSA,A B,SR FX,SIGV,N,N»L.LRtF NREF, 1)
INITIALIZE ARRAYS
D0 10 J=1,N
LAST{J)=0
EXT(J)=0
LISTLU)=U
SREF(J)=BIG
. CONTINUE
FIND EXTREME ENTRY IN EACH ROW
L=0
DO 30 I=2,4N
Il=1-1
DO 30 Jd=1,11
L=L+1
IN EFFECT S(L)=S(1,J)
IFLULSIL)~-SREF(I})I*®SIGN)0GT000) GO TO 30
NEZAR(I)=J
SREF(I)=35(L)
CONTINUE
MAIN LOJP. FIND EXTREME VALUE IN SREF ARRAY
SREFX=BIG
DG 50 I=2,NCL
S LISTI=LIST(I)
IF{(OSREF{LISTI)-SREFX)*SIGN)oGT40) GO TO 50



60

c

.80
c
90

~
(%

C

i

IREF=1

LRZF=LISTI
SREFX=SREF(LISTI]
CONTINUE
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LREF IS THT ROW MUMBER CUNTAINING THE EXTREIME NTRY IN THE S ARRAY.

IF THERE ARE TIES, THEN LREF IS THE HIGHEST NUMBERZD RJIw WITH THIS

EXTREME VALUZe, HENCE LRCFeGToNHAR(LREF)e IREF TUSNTIFIES THE
PLACEMENT OF LREF INM THC LIST ARRAY, '

NREF=NEAR(LRZF) :

CALL METHOD(S yNEAR,SREF,LISTsA1BySREFXsSIGNyNyNCLy LREFINREFy 2)
GENERAT: MERGE DATA NIEEDED FOR SUBROUTINE TRER

IT{K)=NRZF

JUIK) =LREF

SS{K}=SREFX

TIL{K)=LAST(NREF)

JLIK) =LAST(LREF)

LASTINREF) =K

IF{ILIKIoEQeO) GO TO 6C

ILK=IL{K)

NEXT{ILK)=K

IFIJLIK}aEQoeO) G TGO 70

JLK=JL(K)

NEXT{JLKI}=K

K=K+l
TERMINATE IF N-1 MERGES HAVE OCCURED

IF(KoEQoN) GO 7O 140
UPDATE FOR THE NIXT CYCLE

NCL=NCL-1

IF{IREFGT.NCL) GO TO 90
UPODATZ LIST ARRAY BY REMOVING LREF AND PUSHING DOWi THE LIST

DO 80 I=IRSF4NCL

LIST{I)=LIST(I+})
UPDATE FOR NEXT CYCLE

CALL METHOD({S NEAR)SREF)LIST  AyBySREFXsSIGNysNsNCL»LREFINREF,3)

GO TO 40 '
CLUSTERING FINISHED AND ALL ANCILLARY INFORMATION GENCZRATED.
SAVE RESULTS AS DESIRED.

140 K=K-1 :
160 IF{NT.LE.Q) RETURN

. WRITE(NT,2300) TITLE
DO 170 I=1,K

170 WRITZ(NT,2200) I.II(I),JJ(15,SS(I)vILiI),JL(I)oNEXT(I)

RETURN

2200 FORMAT(3I104FE166,8,3110)
2300 FORMAT(20A%)

c

c
¢

END

FUNCTION LFIND(I,J)

IF THZ LOWZR TRIANGULAR PORTIOW OF A SYMMETRIC MATRIX IS STORED BY
ROWS IN A ONE-DIMENSIONAL ARRAY, THEN THE ZLEMENT (I,J) IN THE FULL
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MATRIIX IS ELEMENT LFIND(I,J) IN THE LINLCAR ARRAY
IF(1eGToJ) . GO TC 10
ROW Jy COLUMN T
LEIND=((J-1)*{(J=-2))/2+]
" RETURN
ROW I, CULUMN J
10 LFIND=((I-1)%(1-2))/2+J
~ RETURN
END

SUBRIUTINE TREE(IyJeSsIL s JLyNEXT9A,LABEL LCLNDSLINE2IS»LAST,EPSy
ATITLE ¢NyKBZG o NT 5 INTRV » IPRINT ¢ MAXIN)

DATA INPUT THROUGH CALLING SEZQUENCE

N=HIGHEST STAGE NUMBER IN THE CLUSTER MERGE DATA (MUST BE EXACT)
KBEG=STAGE KUMBER AT WHICH THE TREE BEGIMS, DEFAULT VALUE 1
NT=TAPE NUMBFR FOR PRINTED OUTPUTs DZFAULT VALUE = 6
INTRV-INTERVAL OPTION FUOR SEGHMENTATION
INTRV=1=DEFAULT VALUEZ., CONSTRUCT EPS BY DIVIDING TH: RANGE OF S INTO
25 EQUAL SEGMENTS
INTRV=2=gPS 15 PROVIDED AS PAST OF THE ARGUMENT LIST
INTRV=3=THE IS ARRAY IS ALREADY CONSTRUCTED AND EPs IS PROVIDED FOR INFO
IPRNT=PRINT OPTION FOR IMNPUT INFORMATION
TABS(IPRNT)=1, PKINT ONLY TITLE AND =IS* ARRAY
TABSCIPRNT) o NE IN ADDITION PRINT THE CLUSTER MERGE DATA
IPRNT oLEo Qo IN ADDITION, PUNCH THE SEQUENCE IN WHICH THE ENTITIES
APPEAR IN THE TREE (NEEDED FOR POST-aNALYSIS COF DATA
UNIT CLUSTERING IN SUBROUTINE %P3STOJ%)e
"EPS(M)=RIGHT ENDPOINT FOR THE MIN INTERVAL USED FOR SEGHMENTING S
LABEL (M, IJ)=WITH OF 5 WORDS IDENTIFYING THE IJTH J3JECT
TITLE=ARRAY OF 20 WORDS FNR IDENTIFYING THE RUNe
K=INDEX IDEINTIFYING STAGE NUMBER IN THE CLUSTERING
KTH STAGE
JIK)=UPPER NUMBERED CLUSTER IDENTIFICATION NUMBER IN THE MERGE AT THE
KTH STAGE
S(K)=VALUE OF THE CRITERION FUMNCTION FOR THE MERGE AT THE KTH STAGE
ISIK)=CATZGORIZED VALUE OF S= INTEGER IN RANGE 1 TO 25
TL(K)=STAGE NUMBER WHEN I(K) WAS-LAST IN A MEZRGE (v FIR FIRST MERGEZ FOR I
JL{K)—STAGE NUMBER WHEN J(K) WAaS LAST IN A MERGE (U FOR FIRST MERGE FIR J(
EXTIK)=STAGE NUMBIR WHEN I(K) TO NEXT IN A MEKGE
MAXIN HIGHSST CLUSTER ID NUMBER IN THE CLUSTER MERGE DATA

OTHER VARIABLES USS0 IN THE PROGRAM

LINECI)=LINE NUMBER IN THE PRINTOUT AT WHICH I(K) IS CARRIED (AFTER
MOST RECENT MEKGE) : '
LOLNO(L)=THE CLUSTE2 NUMBER TO BZ PRINTED UN LINE L AT THE LEFT OF THE TRE
A(MyL}=THE MTH SEGMENT (OF 25) IN THE LTH LINZ OF THE PKINTOUT
. LASTU(L)=FARTHEST RIGHT SEGMENT IN LINE L WHICH IS NJT BLANK
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N O

50

60

REAL=4 LABEL

DIMENSION TUNDsJ{N)ySIN)gISINY g ILINY o JLIN) 9 NEXT(N)
AA{25, MAXIN) yLAST{MAXIN) LCLNOIMAXIN)

DIMENSTON LINC(HA\IJ)1LABEL(51MAXIN)

 DIMENSION 2PS{25),TITLZ(20)

DATA BARISZBLINK, thbQBLA'K/%H--—IywH Iy4He===y+H
DATA RLB/'NOLBY/

DEFAULT VALUES

JF(KBEGeLTel) KEBEG
1

=1 ‘
’F(’NTQV LTolodFoINTRVeGTo3) INTRV=1

IF{NToLELDQ) NT=6
INI TIHLIZE ARRAYS

NOBJ=N+1

DO 10 K=1,N33J

LINE{K)}=0

LCLNC(K)=0

LAST(K) =0

D3 10 L=1,25
A(LK)=BLANK
CONTINUE

SEGMENT THE S ARRAY -

GO TO (20,40,120),INTRV

CONSTRUCT INTEZRVALS OF EQUAL LENGTH

S

RANGE=S (H)=-S({KBEG)
DELTA=RANGE/25,
EPS({1)=S{KBEG)+DELTA
DO 30 K=24+24°
EPS{K)=EPS{K-1)+DLLTA
cPS(25)=5(N)

. CONSTRUCT THE 1S ARRAY

IF{EPS(1)eGToEPS({2)) GO TO 70

INCREASES WITH DISSIMILARITY (AS DOES A DISTANCE)
KK=1

DO 60 K=1,N

IF(S{K)cLESLEPSI{KK)) GO TO 60

IF{KKoEQoe25) GO TO 60

KK=KK+1

GO T4 50

I1S(K)=KK

"GO TO 1290

79

80

DECREASES WITH DISSIMILARITY (AS DOES A CORRELATION)

KK=24

KKK=25

NN=N+1

DO 90 K=1,4N

KCOMP=NN-K
IF{S{KCOMP)oLToEPS{(KK)) GO TU 90
KKK=KK

KK=KK-1

1F({KKeZQa0) GO TO 100

182
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GO TO 80
50 IS{KCOMP)=KKK
100 DO 110 K=1,KCOMP
110 IS{K!=1 : )
C PRINT INPUT TO TR¥fE
120 WRITE(NT,2000) TITLTE
WRITE(NT,2100) KBEGsN
WRITEINT,2200)
WRITE(NT,2300)
M=1
WRITE(NT,2400) M, SIKBFEG)yEPS(M)
DO 130 M=2,25 . ‘
MM=M-1
130 WRITE(NT,2400) M,EPS{MM)+EPS (M)
IF(IABS{IPRNT)-EQel) GO TO 150
C PRINT THE CLUSTER MERGE DATA
WRITE(NT,2000) TITLE
WRITE(NT, 2500)
DO 140 K=KBEG,N
; WRITE(NTy2600) KeI(K)yJIKY9SIK) 9ISIK) ¢ILIK) sJLI{K)yNEXT(K)
Q4o CONTINUE
C START TREE WITH THFE MOST SIMILAR PAIR
150 K=KBEG -
LN3=0
C| MERGE CLUSTZERS I(K) AND J(K)
160 IK=1{K)
 JK=J(K)
C| SET LINE NUMBERS FOR QUTPUT
IF(ILIK)oNEGD) GG TO 170
LNO=LNO+1
LINE(IK)=LND
| LCLNO(LND)=1IK
170 IF{JLIK)eNELO) GO TO 180
tNO=LNO+1
LINE(JK)=LND
LCLNO(LND)=JK
C FILL IN THE PRINT LINES
180 ISK=IS{K) ‘
KT =0
ITEM=1K
190 LITEM=LINE(ITEM)
IF(ISK=LAST(LITEM)-1) 225,200,210
C ADD ONLY ONF MORE SEGEMNT FOR LINE(ITEM)
200 A(ISK,LITEM)=BARI
LAST(LITEM)=1ISK
GO TO 225 :
C ADD MORE THAN ONE SEGMENT
210 LBEG=LAST(LITEM)+1
LEND=ISK-1
DO 220 L=LBFG,LEND




220 AlL,LITEM)=BARS
GO TO 200 ,
C REPEAT FOR CLUSTER JI(K)
225 KT=KT+1 '
' IF{KTeNEol) GO TO 230
ITEM=JK
GO TO 190 :
C TAKE CARE OF ANY LINES BETWEEN I{(K) AND J(K)
230 LIK=LINT(IK)
- LJK=LINE(JK)
IF{LIKoGToLJK) G TO 240
LBOT=LJK
LTOP=LIK
GG TQ 250
240 LBOT=LIK
LTOP=LJK
250 IF(LBOT.EQe(LTOP+1)) GO TO 270
C MUST FILL IN SOMEZ VERTICAL CONNECTIONS
LBEG=LTOP+1
LEND=LBOT~1
DO 260 L=LBEG,LEND
O IF(ATISKyL)oZQeBARTY GO TO 260
ACISK,L)=BLINK
LASTIL)=ISK
260 CONTINUE
C UPDATE LINS NUMBEE FOR NEW CLUSTER
270 LINS(IK)={LINE(TIK)+LINE(JK))I/2
C MERGE COMPLETE. FIND NEXT STAGE
KLAST=K
K=NEXT{K)
IF{KoGT oNoORoKoLToKBEG) GO T3 400
IF{IL({K).LESO) GO TO 280
IF{JL(K)eLE.O) GO TO 290

GO TO 300
280 IL(K)==IL(K)

GD 7O 160 .
290  JL(K)=—=JL{K)

GG TO 160

C THIS MERGE INVOLVES THAT EACH HAVE MOR THAN
C BACKTRACK TO THE ROOT OF THF TREE ALONG THE
300 IF(ILIK)oEQoKLAST) GO TO 310
C' GO DOWN IL(K) BRANCHs SET JL{K) SO WE KNOW
JLIKY==JL(K)
K=TL(K)
1 60 TO 320
C| GO DOWN JLIK) BRANCH, - SET IL{K) SO WE KNOW
310 IL(K)==IL(K)
 K=JL(K)
320 IF(KeLTeleOReKoGToeN) GO TO 600

184

ONc MEMBER,
UNZXPLJRED BRANCH.

NOT TO GO DOWN THAT BRANCH AGA:

NIT TO G3 D0WN THAT BRANCH AGA!

C TEST TO SEE IF THE END HAS BEEN REACHED. ~iL(K)=JLjK) IFF BCTH ZZR0e
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TFCIL(KI=JLIKI} 330,160,350
330 IF(IL(K)oEQe0) GI T3J 360
340 K=ILIK)
| GO TO 320
350 IF{JL{K).ZQe0) GJ TO 340
360 . K=JL{K)
63 TO 320
C PRINT THE TREE
400 WRITE(NT,2000) TITLE
CIF(LABEL(1,1)e2Q.RL3) GO TO 420
WRITE(NT,3000) (K,K=1,25)
DO 410 L=1,LNQ
LL=LCLNO(L)
410 WRITENT, 3100} (LABEL(K,LL)sK=145) sLL s (ALKsL) 4K=1y25)
60 TO 440 |
C LEAVE LABEL SPACES BLANK
420 WRITE(NT,30104 (K,K=1,25)
DO 430 L=1,LNO
LL=LCLND(L)
430 WRITEINT,3210) LLs(A(K, L), K=1,25)
C TREE COMPLETE |
440 IF(IPRNT.GT.0) RETURN
C PUNCH SEQUENCE LIST
T WRITE(7,39005 TITLE
WRITE(7,4000) (LCLNO{(L),L=1,LNO)
RETURN
C ERROR, PRINT AS MUCH OF THE TREE AS HAS BEEN CONSTRUCTED
600 WRITEINT,6000) KLAST,K
63 T 406
2000 FORMAT(1H1,20X2044,//)
2100 FORMAT(65H THIS RUN DEPICTS THE PORTION OF THE TREE GENERATED BETW
- AEEN STAGE, I5:11H AND STAGE ,15,19H OF THE CLUSTERINGes/)
2200 FORMAT(63H THE CRITERION VALUES ARE SZGMENTED INTO THE FOLLOWING C
 ALASSESe /) ,
2300 FORMAT(6H CLASS ,5X,11HLOWER BOUNDy5X, LLHUPPER BOUNDs//)
2400 FORMAT(1X,15,2516,8)
2500 FORMATI(1H 49X ,1HKy9Xy1H139Xy1HI 915Xy 1H5,8Xs 2HI 54 8Xs2HIL 18X 92HJILy6X
Ay GHNEXT o/ /)
2600 FORMAT(1X,3110,E1608,4110)
3000 FORMAT(LOH ITEM NAME,12X,5HID NO,2X,2514,7/)
C| IF LOCAL CONVENTIONS PERMIT, RECOMMEN THAT THE CARRIAGE CONTROL
C| CHARACTER IN FORMATS 3100 AND 3200 ALLOW 66 LINES OF PRINT PER PAGE.
C| THAT IS, THE MARGINS AT THE TOP AND BOTTOM OF THZ PAGE ARE SUPPRESSED
C| AND PRINTING IS SINGLE SPACE.
3100 FORMATULH ,5A%41642X,25A4)
3010 FORMAT(5X,5HID NOy2X2514,//)
3210 FORMAT(5X, 164 2X,2544)
3900 FORMAT(20A4) »
4000 FORMAT(2074)
6000 FIRMAT{37H ERRORo WHILE BACKTRACKING FROM KLAST,16,274 K WAS FOUND
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60
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220
999
240
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A OUT OF RANGEes/9s1Xs3HK =,120)
END

SUBROUTINE MTXIN(XsI0PTyNESHNTIN, FMT)
THIS SUBROUTIME READS & LOWER TRIANGULAR MATRIX #X® REPRESENTING
ASSOCIATION AMING #=NE¥ ENTITIES. THE MATRIX I3 READ FRIM UNIT *NTINk
IN FORMAT #FMT®, THE MIDE OF INPUT FOR THE MATRIX IS DeTeRMINED BY
THE *J0OPT* PARAMETEZR AS FOLLOWSe - -
I0PToLEoOy MATRIX IS READ IN LOWER TRIANGULAR FIRM BY ROWS, SACH
ROW B¥ING A NEW RECORD.
I0PToGTe0y MATRIX IS RZAD IN CONSTANT LENGTH BLOCKS, EACH *I0pPT=
WORDS LONGe
DIMENSION FMT(20) 4X(1)
INTEGER FIRST
IF{IDPToLELD) GO TO 30
READ THE SIMILARITY MATRIX IN BLOCKS IOPT LONG
FIRST=1
LAST=I0PT
CREAD(NTINGFMT,END=60) {X{T),I=FIRST,LAST) ’
USE THT END OF RECORD CARD TO SIGNIFY £ND OF THE SIMILARITY MATRIX
FIRST=FIRST+ICPT
LAST=LAST+IOPT
GO T0 10
READ THE SIMILARITY MATRIX AS ROWS OF A LOWER TRIAWNGULAR MATRIX,
EACH ROW A RECTRD. :
FIRST=1
LAST=1 .
DO 50 K=2yNF .
READ(NT IM,FMT ¢END=200) (X{I), I=FIRST,LAST)
FIRST=LAST+1
LAST=LAST+K
CONTINUE
PASS THF END OF FILE
READ(NT IN,FMT,END=60) Z
WRITE(6,2500)
GO TO 999
RETURN
ERROR MESSAGES -
WRITE(642400)
. GO TO 220 :
WRITE(6+2600) KyFIRSTyLAST 9Z4({X{I)4I=FIRST,LAST)
STGP . :
0 FORMAT(36H EOF ENCOUNTERRED WHEN NONE EXPECTED. )
0 FJIAMAT(30H NO EGF WHEN ONE WAS EXPECTED.)
O FORMAT(1IXy3I10sF1l06797+(1Xy12F10.7)) '
END
G
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SUBRJOUTINE METHOD(S¢NEAR)SREFsLISTyA4B9SREFXsSIGNsNyNCLeLREFNREF,
AJ03)

HIZRARCHICAL CLUSTERING 3Y SINGLE LINKAGZe THE LAGJRITHM IS DERIVED
FR3OM ' : '
JUHNSONy SeCos HIERARCHICAL CLUSTERIMNG SCHEMES, PSYCHOYZTRIKA,
VOLUME 32, NUMBER 3, SePTEMBER 1967, PP 241-254,

AOOOOOO0

DIMENSION S{L),NEAR(YL) ySREFLLIISLISTILYyA(L)3(1)
| GO TO (10415,2C),408
C JOB=le INITIALIZATION
10 WRITE(6,2000)
3000 FORMAT(Z5HOSINGLE LINKAGE CLUSTERING)
BIG=SIGN:1,E50
RETURN
C JOB=2, DUMMY ENTRYe
15 RETURN '
- JOB=3, UPDATE FOR NEXT ROUND.
20 CONTINUE
DC 50 J=1,NCL
C UPDATE ENTRIES IMN S ARRAY ASSOCIATED WITH NREF
I=LIST(J)
IF{1.5QaNREF) GO TO 50
£ RECALL THAT LRTF HAS BIEN REMOVED FDRM LIST S3 I NZED NOT BE TZ=STED
€ FOR SQUALITY WITH LREF ' ‘
LL=LFIND(I,LREF)
LN=LFIND{I,NREF)
IFCI(S(LL)=SIL))%SIGN)eGEeDs) GO TO 35
S{LN)=S(LL) :
IF{IoGToNREF) GU TO 30
G IoLTeNREF
 CHECK WHETHER S({LN) HAS A BETTER VALUE THAN SREF(NREF)
IF(({SILN)=-SREF{NREF))I*SIGN)aGTo00) GO TD 50
NEAR(NREF) =1
SREFINREF)=S(LN)
GJ TO 50
30 IF(1.GT«LREF) GO TO 40
C IoGToNREFoANDelobLToLREF
C CHECK WHETHER S{LN) HAS A BETTER VALUE THAN SREF(I)
IF(U(SILN) -SREF(I))I*SIGN)eGEeD0) GO TO 50
SREF{I)=S(LN)
NEAR{I)=NREF
: GO TO 50
35 IF(1.LToLREF) GO TO 50
C  1oGToLREF
C UPDATE NEAR ARRAY FOR THOSE FOWS WHOSE EXTREME ELEMENT wAS LREF
40 IF(NEAR{T)oNESLREF) GO TO 50 :
NEAR({I)=NREF
SREF(I)=S{(LN)
50 CONTINUE
RETURN
END
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SUBRJUTINE M*THU?(S,N“AK;SDL LIST Ay BeSREFXySIGNy NeNCLyLREFINREF,

 AJOB)

HIERERCHICAL CLUSTERING BY COMPLETE LINKAGE, THE ALGORITHM IS
DERIVED FRUM
JOHNSON,y, SoCey HIERARCH

TCAL CLUSTERING 3CHREMES, PSYCHOMETRIKA,
VOLUME 32y NUMBER 3, SEPT:

SMBER 1967, PP 241-254e

OO0

DIMENSION S(1),NEAR(1),SREF(1),LIST(1),AL11,3(1)
GO TO (10,15,201,408
C JOB=le INITIALIZATION
10 WRITE(6,2000)
2000 FORMAT(2BHOCOMPLETE LINKAGE CLUSTERING)
. BIG=SIGN*1.E50
} RETURN
C JOB=2, DUMMY ENTRY.
15  RETURN
C JOB=3, UPDATE FOR NEXT ROUNDs
20 D3 30 J=1.NCL
] I=LIST(J)
- IF(1.EQ.NREF) GO T2 30 _
¢ RECALL THAT LREF HAS BEEN REMOVED FROM LIST SO I NEED NOT BE
€ TESTED FOR EQUALITY WITH LREF. :
LL=LFIND{I,LREF)
LN=LFIND(I,NREF)
TFLLIS(LL)-S(LN))*SIGN)eLEs0) GO TO 30
S{LN)=S(LL)
30  CONTINUE K _
¢ UPDATE THE NEAR AND SREF ARRAYS. IF THE TXTREAE EL
¢ WA3 EITHER LKEF OR NREF, THEN IT IS NECESSARY TO FI
¢ CELEMENT, ROWS PRIOR TO NREF WEED NOT BE CONSIDERED
40 DO 50 J=1,NCL
1=LIST(J)
IF(I.EQ.NREF) GO T3 55
50 -~ CONTINUE
55  IF(Je.EQe.1l) GC TO 80
60 SREF{1)=B1G
Jl=y-1
DO 70 L=1,J1
LISTL=LIST(L)
LL=LFIND(I,LISTL)
IF(L(S(LL)=SREF({I))*SIGN)aGEcOo) GO TO 70
NEAR(I}=LISTL ~
SREF(I)=S(LL)
CONTINUE
80  J=J+1
IF{JeGToNCL) RETURN
I=LIST(J)
IFINEAR(I) e EQoLREFeURSMNEAR(I ) EQaNREF) GO T 60
GO TO 80
END

MENT IN ROW 1

-y
o

c
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SUBRIUT INE METHODIS yNZARGSRETFSLISTyNUMER 3 SUMy SREFXsSIGNNNCL
ALREF,NREF,J0OB)

HIERARCHICAL CLUSTEZRING BY MINIMIZING THE AVERAGE vISTAnNCE OR
MAXIMIZING THE AVERAGE CORRELATION BETWEEN THE MERGLED GRIUPS.

OO0 0

THE ALGORITHM IS DERIVED FROM THE GROUP AVERAGE¥® H4ETHID DESCRIBED IN
LANCEy GoNe AND Wo To WILLIAMS, A GEMERAL THzZOKY JF CLASSIFICATORY
SORTING STRATEGIES, lo HIFRARCHICAL SYSTEMS, THE COMPUTER JOURNAL,
VOLUME 9, NUMBER 4, FZ3RUARY 1967, PP373-380. :

DIMENSION S(L1) NEAR{L)SREF(L),LIST(1) ,NUMBR{L),5UM(])
GO TO {(10+25,301},408
C J08=1, INITIALIZZ.
€ NUMBRI(IJ=NUMBER OF ENTITIES CURRENTLY IN THE I-TH CLUSTcR
10 WRITE(6,2000)
2000 FORMAT{42HOAVERAGE LINKAGE BETWEEN THE MERGED GRUUPS)
DC 20 J=1sN
20 NUMBR(J) =1
BIG=SIGN*1.E50

RETURN
£ JOB=2, DUMMY ENTRY.
25 RETURN
¢ J0B=3, UPDATE FOK NZXT EOUNDe .
C UPDATE THE NEW CLUSTER
30 NUMBR{NREF }=NUMBP (NREF ) +NUMBR{LREF)
C UPDATE ENTRIES IN THE REDUCED SIMILAKITY MATRIXe THE ENTRIES ARE
C THE SUM TOTAL OF SIMILARITY VALUES ASSOCIATED WITH ALL
¢

PAIRWISE LINKS BETWEEN THE ELEMENTS OF THE TWd CLUSTERSS
D8 40 J=1,NCL :
I=LIST(J)
IF{IEQ.NREF) GO TO 40

¢ RECALL THAT LREF HAS BEEN REMOVED FROM LIST AND THEREFORE I NEED NGT
¢ BE TESTED FOR EQUALITY WITH LREF,

LL=LFIND(I,LREF)

LN=LFIND(I 4 HREF)

SILN)=S(LN)I+S(LL)
40 CONTINUE
C UPDATE THE NEAR AND SREF ARRAYS. IF THE EXTREME ZLEMENT IN ROW I
C WAS EITHER LREF OR NREF, THEN IT IS NECESSARY TO FIND A NEW WXTREME
C ELEM:ZNTe ROWS PRIOR TO NREF NEED NOT BE CONSIDEREDe

DO 50 J=1,NCL
I=LIST(J)
IF{IEQoNREZF) GO TO 55
50 CONTINUE
55 IF{JoEQe.1) GO TO 80
60 SReF(I)=8I6G
J1l=J-1
DD 70 L=1,J1
LISTL=LIST(L)



70
80

LL=LFIND(T,LISTL)

SREFX=S(LL)/{NUMBR (1)#NUMBRILISTL))
TE(((SREFX-SREF(I))*SIGN)GEL.Oe) GO 70 TO
NEAR(I)=LISTL

SREF(I1)=SREFX

COMTINUE

J=J+1

IF(JeGToMNCL) RETURN

T=LIST(J)

TE(NEAR (1) oEQoLREFoORoNEARII)oEQeNREF) GO TO 60
G0 T3 80 |

END
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SUBROUTINE METHOD{S,NZAR,SREF,LIST, NUMB vSUMySRckX SIGNsNyNCL
ALREF pNREFaJ B)

HIRARZHICAL CLUSTERING BY HMINIMIZING THE AVIZRAG:z DISTANCE OR
MAXIMIZING THE AVIRAGE COKRTLATION WITHIN THE NZW oROUP. THAT 1S,
FOR EACH POTENTIAL MERGE THT AVERAGSE OF ALL LINKAGSES WITHIN THE
NZW GROUP TS CALLCULATZV. )

DIMENSION S(‘),bLAJ(l),S*cr(l),LIST(1),Nuhuall).>U4(;)

G3 T3 (19,425,30),J08

JOB=1, INITIALIZE,
NUMBR{I)=NUMBEZR OF ENTITIES CURRENTLY IN THE I-TH CLUSTER
5UM(I)=SUM OF ALL PAIRWISE SIMILARITIES AMONG ENTITIES IN THE I-TH

CLUSTER

WRITE(6,2000)
FORMAT(2T7THOAVERAGE LINKAGE WITHIN THE Ni&Ew GROUP)
DO 20 J=1yN
NUMBR({J)=1
SUMLJ)=0.
BIG=SIGN*%1,£50
RETURN
JOB=2, DUMMY ENTKY.

RETURN
JOB=3, UPDATE FOR NEXT ROUND.
UPDATE THE NEW CLUSTER

NUMB\(NREF)‘NUMBR(HQuF)*“UMBR(LQ&F)

IN=LFIND(LREE,NREF)

SUMINREF)=SUM{INEZF ) +SUMILREF)+S(LN)
UPDATE ENTRIZS IN THE REDUCZD SIMILARITY MATRIXe THE ENTRIES ARL
THo SuM TOTAL OF STMILARITY VALUES ASSOCTATED WITH ALL
PAIRWISE LINKS BETWEEMNM THE ELCMENTS OF THE TWO CLUSTERS

DO 40 J=1,NCL :

I=LIST{J)

IF{I.EQ.NREF) GG TO 40
RECALL THAT LFLF HAS BEEN REMOVED FROM LIST AND TgmrFUKc I NEED NQOT
BE TESTED FOR ECQUALITY WITH LREF.

LL=LF1ND(I1LREF)

LN=LFIND(I NREF)

S{LN}=SILN)I+S(LL)

CONTINUE o . )
UPDATE THE NEAR AND SREF ARRAYS, IF TH: EXTREME ELEMENT IN ROW 1T
WAS EITHER LREF OR NREF, THEN IT IS NECESSARY TO FIND A NEW EXTREME
ELEMENTo ROWS PRIOR TOU NREF NEED NOT BE CONSIDZRED.

DO 50 J=1,4NCL

I=LIST(J)

IF{IsEWeMREF) GU TO 55 .

CUNTINUE :

IF{JoZWQel) GO TO 80

SREFLI)=BIG

Ji=J-1

DO 70 L=1,J1

o

1

91




70
30

LISTL=LIST{L)

LL=LFINDI{I,LISTL)
NTOT=NUMBR(I)+NUMBR(LISTL)
NTIT=({NTOT)={NTCT~1))/2
SREFX={SUM{I)+SUMILISTL)+S(LL)}/NTOT
TFCCESREFX=SREF(I)I®SIGN)oGEeDe) GO TO 70
NEARIT)=LISTL .

SREF(I)=SREFX

CONTINUE

J=J+1

IF{JeGToNCL) RETURN

I=LIST(J)

TF(NEAR(T ) eEQoLREFe ORoNEAR(I) e EQoNREF) GO TO 60

GO TO 80
END
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SUBROUTINE METHOD (S,NEAR,SREF,LIST,NUMBR,SUM, SREFX,5IGN,N,NCL,
ALREF, NREF,JOB)

HIERARCHICAL CLUSTERING BY CENTROID SORTING

THE PARTICULAR ALGORITHM USED HERE IS DESCRIBED IN

LANCE, G.N. AND W,T, WILLIAMS, A GENERAL THEDRY JOF CLASSIFICATORY

SORTING STRATEGIZES, 1. HIEZRARCHICAL SYSTEMS, THE CO#4PUTER JOURNAL,

VOLUME 9, NUMBER 4, FTBRUARY 1967, PP373-380.

DIMENSION S(1),NEAR(1) ,SREF(1),LIST(1),NUMBR(1),5UM (1)

GO TO (10,25,30),J0B
¢ JOB=1, INITIALIZE. _ :

C NUMBR (I)=NUMBER OF ENTITIES CURRENTLY IN THE I-TH CLUSTER
C CLUSTER

10 WRITE (6,2000)

2000 FORMAT (42HCCENTROID CLUSTERING., BEWARE OF REVERSALS)
DO 20 J=1,N

20.  NUKBR(J)=1 -
BIG=SIGN*1.,E50

RETURN

C JOB=2, DUMMY ENTRY.

25 RETURN

C J03=3, UPDATE FOkK NEXT ROUND.

C UPDATE THE NEWCLUSTER

30 NTOT=NUNSR (KREF) +NUMBR (LREF)

TOT=NTOT

ALL=NUMBR(LREF) /TOT

ALN=XUMBE (LREF) /TOT

PROD=ALN*ALL :

LBET=LFIND(LRKEF,NREF)

DO 40 J=1,NCL

I=LIST (J)

IF(I.EQ.NREF) GO TC 40 ~ ~
KECALL THAT LREF HAS BEEN RENOVED FROM LIST AND TEREFORE I NEED NOT
BE TESTED FOR EQUALITY WITH LREF.

LL=LFIND (I,LREF)

LN=LFIND(I,NREF)

S(LN) =ALL*S (LL) +ALN*S (LN) -PROD*S (LRET)

) CONTINUE
¢ UPDATE THE NZAR AND SREF ARRAYS. IF THE EXTREME ELEMENT IN ROW I
€ WAS EITHER LREF OR NREF, THEN IT IS NECESSARY TO FIND A NEW EXTREME
¢ ELEMENT., ROWS PRIOR TO NREF NEED NOT BE CONSIDERED.
' - DO 50 J=1,NCL '
I=LIST (J)
IF(I.EQ.NREF) GO TO 55
50 CONTINUE
55 IF(J.EQ.1) GO TO 80
60 SREF (I)=BRIG
J1=J-1
DO 70 L=1,J1

cOocoaan

e
vd
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LISTL=LIST {L)
LL=LFIND(I,LI3TL)
- IF(((S{LL) ~3REF (I)) *SIGH) «GE.D.) GO TO 70
NEAR (I)=LISTL
SREF(I)=S (LL)
70 . CORTINUE
80 J=J+1
IF{(J.GT.NCL) RETURN
I=LIST (J)
IF {NZAE(I) .EQ.LPREF.OR.NEAR(X) . EQ.NREF) GO TO 69
G0 TO 890 :
END 4
$51G
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SUBROUT INE METHOD(S9NEAR.SREF'LISTyA.B,SREFX.SIGN;N.NCL'LREF.NREF,
AJ08) "

HIZRARCHICAL CLUSTERING BY THT MIDIAM METHOD aF
GOWERy JoCoy A CUMPARISGN OF SOME MEITHUDS OF CLUSTER ANALYSIS,
RIJAETRICS, VALUME 23, NUMARER 4, DECIMBER 1967y PP 623-63T7e

DIMENSION S(l)yNZAR(l)ySREF(l)qLIST(l)yA(l):B(l)
GO 70 (10,15,20),408

JOB=1e IMNITIALIZATION

0 &RlT{(b 2000) .
000 FORMAT(44HOMZDIAN METHOD OF GOWER, BEWARE OF REVERSALS)
BIG=SIGN*loz50
RETURN
JoBe=2, DUMMY ENTRY.
5 RETURN
J0B=3, UPDATE FOR NEXT ROUND.
0 LBET=LF IND(LRZF NREF)

DO 30 J=1,nCL

I=LIST(J} _

IF (IoEQ.NREF) GO TO 30 |
'RECALL THAT LREF HAS BEEN REMOVED FROM LIST SO I HcED NUT BE
TESTRD FOR EQUALITY WITH LRLFe

LL=LFIND{I,LREF)

IN=LFIND(I NREF)

IF S IS A DSCREASING FUNCTIGN OF SIMILARITY {(FeGe DISTANCE) THEN
SILN)Y=(SILIN)+S(LL)II/2,4=-S({LBET )/ 4o

IF S IS AN INCREASING FUNCTION OF SIMILARITY (£eGo CORRcLATION) THEN
S{LN)=(SILN)+SILL) }/2e+(2o-S(LBET) I/ %0
S(LV)‘(S(LN)+S(LL))/ -S(Lqu)/4.

3b CONTINUE

UPDATE THE NtAR'AND*SRtF~AR&AYSo IF THi EXTREME ELEMENT IN ROW I
WAS EITHER LREF OR NREF. THEN IT IS NECESSARY TU FIND A NEW WXTREME

c
c
€| ELEMENTe ROWS PRIOR TO NREF NEED NOT BE CONSIDERLUDe
4

0 DO 50 J=1,NCL
I=LIST(J)
' IF{IEQeNREF) GO TO 55
0 CONTINUE
5 IF{(JeEQel) GI TOQ 80
0 SREF(I)=BIG
Jl=J-1
DO 70 L=1,J1
LISTL=LIST(L)
LL=LFIND(I,LISTL)
IF(((S(LL)—b&cF(I))*SIGNloGL.Oo) GO TO 70
NEAR(I)=LISTL
SREF(I)=5(LL)
0 CUNTINUE
Q J=J+1
IF(JoGTeNCL) RETURN
I=LIST(J)
IF{NSARIT) o EQoLREFS ORoNSAR(I)oBQaNREF) GO TJ 60
GO TOU 80
END
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__CLUSTER TRIAL_RUN -]

N NE = 8¢

" ISIGN = i

NTSV = -1
_NTIN =T S

INCePT. = 10

KOUT = 2

REAUIRED STuRAGE © 4120 WORDS

ALLGTTED STORAGE ® 7000 WORDS
FORMAT (10F7,4)

AVERAGE LINKAGE WITHIN THE NEW GROUP

THI3 RUN DEPIETS THE PORTION OF THE TREE GENERATED BETWEEN STAGE 1 AND STAGE 79 OF THE CLUSTERING,
THE CRITERION VALUES ARE’ SEGMENTED INTO THE FOLLOWING CLASSES, ) . N ‘

CLASS LO¥ER BOUND UPPER BOUND

%
4 -
-5
G
7
8
G
0
i
2

i
4
1

13
14 _ ¢
15 0

10
17

19
20
i
22

a3 -
24
25

——

— s

0,21200000Em01
_0,35035290C-01

0L EEDT0590Ew01
-0 76561 120E-01

0.62705370EA01
6.7550112¢C-01

0.50376%7cE=01 "

0, 10421 140E 00
0.118CU680E 00

.0 1595%2¢60E Q0

9.,i3i682{0EC0
D.1USTI73GE €O
0,15955260E 00

T0,17338780E 00

0.1872234CE 00
6,20105820E 00
0,21089356cE700 0
0,228720881E 00
o;zuesbuxoe 00

0.25639930E 00~

0,27023460E 00
0,28600980E €0
G 197‘1l:.110c "O
0;31174030° 00
0,32557560E 00

0,33951090E 00

0.35324630E 00

0,35035290E=01
0,U8R7059CE=01

0, 62705870601

0, 90376370f 01
0 10021160 00

l’HCUtFO" 00
0 13180’10F 00

0,173387R0E 00

'0;187223106'00

o;zoxcssscﬁ 0o
L,2108934608 00

o LPPR120800F 00
O'ZUESbuioF 00
0,2563993CE 00

0,27023460E 00

0,2R00698CE 00
0,297S0510E 00

o 3117Lu30r G0
0,32557560E 00
0,33941090E 00
0 3532&6105“00
0, 3b7oa°a0E 0¢

QeT

oy



CLUSTER TRIAL RUN

X 1 J H) 15 1L L NEXY
1 64 8%  0,21200000E-01 1 [ [ {2
2 ad et 0,2120000CE~01 t 0 0 9
3 ? 10_ 0,21200000C-01 1 [ 0 _10 -
4 89 70 0,26550000€-01 1 0 0. 13
5 14 17 0,26500000£-01 { 0 0 14
6 61 &2 0,31700000¢~01 1 0 [ 20
b 21 29 0,3170000CE=-01 1 4 (R 23
8 16 18 0,3170000CE-01 ' (] [ 1S
9 Q0 45__ 0,35266650E-01 2 2 0 ___ .28
10 b} 8 0,35266650£-01 2 3 [ 19 -
1" 33 14 0,3700000CE-01 2 [ 0 S0
12 58 64 0,31885000CE-01 2 ¢ 1 21
13 5% . 76 0,4233332C8-01 2 q 0 it
18 18 21 0,82333320E-01 2 S 0 33
15 16 20 _0,4583330CE-01 2 8 ° 22
16 68 667 0,4673331CE-04 2 [ 13 30
17 68 74 0,G7600000F<-01 2 0 ) 39
18 13 37 0,47600000E-01 2 0 0 61
19 7 11 0,ud483333€-01 2 10 0 X3
20 60 61 0,49366630€-01 3 0 [ 3s
21 S8 67_0.5‘57833206-01 3 12 0 36
22 16 25" 0,54666630E-01 3 15 0 33
23 27 31 0,56033320E-01 3 ? ¢ 68
24 a0 Gy 0,57333320C0-01 'y 9 0 ay
25 Ti 32 0,5820000C€-01 3 [ [ 52
26 . a8 49 0,58203000€-01 3 0 0 ag
21, __as 47 _0,58260000E-01 3 0 0 51
28" 23 24 o,sazooooos-ox 3 0 [) 58
29 3 [ S8200000E=01 3 [ 0 s7
30 66 15 o 63489970E-01 [ 16 0 &s
31 52 S&  0,63409980E-01 [] [} 0 5%
32 2 S 0,b34999B80E~01 q [ [} T ar
33 14 16__0,68495200F~01 a 14 22 a9
34 ! 7776,653549980E-01 q ) 19 éa
35 Se 60 0,6524S97CE~01 Q. 0 20 1]
38 57 SR 0,63779900E-01 a ) 21 63
37 35 33 0,687993970E-01 [ [] 0 a2
38 13 19 0,6879997CE-01 a 0 0 .52
39 88 80 ©0,70533330€-01 a 17 K . L .
11 a8 St T 0, TU0b6H3CE-OL [ 26 0 (3}
a1 38 00 0,74079930E-01 q 16 28 SS
a2 35 g3 0,740999S0E~ -01 [ 37 0 5§
a3 22 28 0,74100010£-01 G [} (D 0
aa 9 12 0,74100010E-01 q 0 [ 57
as (13 78‘_0,7547992“-01_ g 30 0 .Sy
1] 68 73 0,77600000E-01 S 39 0 [3]
a? 2 6 0,7760000CE-01 S 32 0 67
aB 53 55 0,79800000€-01 5 0 0 81
u9. 14 327 0,799285{0E=01 S 3 [ (L)
50 26 33 o £1099980E-01 S ¢ 11 60
. 51 39 ___ab  0,82633290E-01 S Y 21 . Y
TR T g2 T 13 157 0,84666600€<01 s 38 90 87
1 66 77 0,6566182CE-01 5 a5 0 83
54 Sé 63 e.ﬁonwsce-ox H 3S 0 62
139 3% €5 J.H)ibucsvie0] 5 i [) €6
6 LY 59 0,6819997UE-C1 5 b .0 70
57 3 9 _6,9064999CE-01 ¢ 29 aa "
58 23 3¢ T 0,91659708F-3t 6 “20 ¢ T
s9 35 LF] o.qusuqvacs-c! Y a2 0 &9
60 22 26 9, §628994r 0 [ [} [1] 88
61 1] 530, Qr,zuwuot-oi 6 (1) (1] 59
62 58 71 0,101285K0E 09 [y 54 25 73
8y __ % 66 o,xon:.xzcs o _ IS 36 sy T __ .
- 6o | 167 0,10229470€E 03 T e T34 €9 12
5 88" 79 0,1CH8T990€ o€ 7 ab 0 13
, &b 348 39 _0,11X1154CE 00 i S5 51 T4
67 2 13 6,116166505700 [ (2 52 72
88 22. 27 0.11885700% O [ 60 23 Ta
o 69 35 a8 0,126105010E 00 8 __ s _ et Ty
70 52 $7 T 0,13414a1R0E 00 9 50 63 15
73 3 23 o 1891656CE 00 10 s7 S8 17
72 1 2 L15074950€_00 10 64 87 77
73 56 68 o J16032620E7 007 11 62 85 75
74 22 36 0,18145320E 00 12 68 b6 76
5. s2 56 _'o.zosssoncr. 00 1o _10 I 2 R L
78 22 35 7 0,20500960E 00 ‘19 74 . 89 78
17 ] 3 0,2178130CE 00 1S 72 71 78
78 $ 0,28134730E 00 19 77 16 19
kA [ 5’2""6 307082006‘ (1) 25 78 75 [
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CLUSTER TRTAL RUN
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81 eeeeeceenmnl 1 Imwommmnl e Y
§0 revearcacrncmaswacs] 1
21 eeclecnvsad] 1
29 ees]. femcmenrevcvannasanal H
31 rececmesoenl Jemmearaveeraone]
22 eemcececsrccccnalencaane] . ¢
. ef esescemcacecrana] L leeccunal _ —— SRR RDNUEIEE L it dobebbdalobdetibd it bddedtdriot SR

celerecmmamac=] 1

famel

remcemcrurcnpunennw]

31
3a
)

I eemenccerrccecanncnnen] .
8 esemccccnc=a] levemacsvanrensnn]

® memcecmcecercecleswecaa] 1
e T ELOT LT |
seerersrccs]enecsnocnca] 1

eomcanasves] leneowrumaraannal

| Er T |

PP P s gt
7 ceelasal
10 e-=1 1

|

V=0 et St s P 0 P8 St 0t But g 0 el Bl O S Dot 0t B Bt St Bk O At D0 Bt >

TTTTTT T8 weacavalencweed]
11 weecann] revuenal erormmranesanun
1 smmmemeescecesn] 1
16~ v==f===] 1 [ N
17 eeel lreereee] acovwevconcapana] .

21 eecmamal 1 1 1

— caclees]l T T leSeTT 1
Jesel 1 1 1 1
Teeel  1esel

‘18

TS

{eecnnurvnmnnaacrne

1

1

1

1

1

]

3 . A: .
1 o
T .

I

1

1

1

1

=1 1 ]

32 e el 1
.8 wesevcessenmconalescl L . 1
§ eeveceemsscmpen] {recacranane]’ 1
§ ecwscacccncrunwonsn] ) ELLT L I §

emececonmcmenmalues] 1

e ieseierccera]  lesnweremces]
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skl R R T S g

S, et S

Jw.@ﬂrur$w‘kq-

BMDP2M =~ CLUSTEK ANALYSIS CF CASES

PROGRAM REVISED FEBRUARY 26, 1973

HEALTH SCIENCES COMPUTING FACILITY WRITEUP REVISED SEPTEMBER, 1971
_ UNIVERSITY OF CALIFCRNIA, LOS ANGELES - e et e e e+ e et 12 et gt
. :
PROBLEM CONTROL CARDS

PROB TITLE IS
INPUT VARIABLE=2.

CASE=80. ‘_WW“W
CFORMAT=" (5X,2F7.0)¢.
 PROC SUMCFSG. STAND./ -

_ PRINT DATA. DISTANCE.

VERTICAL./

*CLUSTER TRIAL RUN = TDATAl - ZM'./

END/

PROBLEM TITLE . . .70

NUMBER OF VARTABLES TO READ INe o o o o o o o

TV JCLUSTERP TRTAL RUN = TDATAL - 2H

NUMBER OF VARIAZLES ADDED BY TRANSFORMATIONS.
TOTAL NUMBER OF VARIABLES o ¢ o = o
_ NUMBER OF CASES TO REAQ IN._,V.>1“,”;$.”QH{ .
CASE LABELING VARIABLES o & o o o a o &

8

o;o~o~,

0

LIMITS AND MIUSSING VALUE CHECKED BEFCRE TRANSFURMATIONS

INPUT TAPE NUMBER o o o o o o o o o o o o o o o 5

REWIND INPUT TAPE PRIQR T(Q REACING DATA « o « & NQ

INPUT FO'{VAT‘ . . e L e o e & o ¢ @ & 2 e e . o(bx12F7 0)

_,—._.pRI NT DISTANCE,.MATRZX. O P S J B SN VS N B SR YES et e e e e - - —

. - TYPE QOF TREE PRINTEDe o o 6 o o « e e s o o @ .VERT ICAL
¢ CALCULATING PROCEDURE 4 o o o o o s o a o o o o SUM=- SOR
' : STANODARDIZATICN CN INPUT DATA o o o o o o o o « YES
PRINT INPUT DATA MATRIX AFTER STANDARDIZATION . YES

h- 7%




NO. __NAME STANDARDIZED INPUT DATA
1 © =14597 ~C.879
. 2 e =059 CW36) T L e L. S
3 ~1.597 1.104 S e St R e -
4 -14597 1.6649
5 ~1.471 0.708 . '
6 ~1.471 -0.135 54 0. 6606 . -0.0E6
7 “le3406 -1.126 55 D.666 0.856
e B L =lu34o =630 . . 56 0.685 - t.e00 L ;
9 ~-1.295 1.056 ST T gy TTTTTTTTTTTTTTITTT ga791 T T -1.126
10 -1.295 -1.027 58 0.617 ~0.578
11 ~1.220 -1.325 . 59 0.867 0.162
12 -1.220 1.600 60 0.917 1.10%
13 -1.170 -G.234 61 0.917 1.659
14 o =1.0% ___=0.879 _ . . b2 . 0.967 - l.501 N I
15 ~1.09 0.410 T 63 T T 1.643 0.706
16 ~1.04% -1.275 b4 1.043 ~0.680
17 ~1.044 -0.730 65 1.043 © =0.879
18 ~0.0469 -1.126 66 1.1¢8 -1.126
19 ~0.k93 -0.135 67 1.168 ~0.532
2 =0.843 . ~Y3F4 68 o heane C.460 e e
21 T -0.868 - ~C.879 T 69 ' 1.294 T =1.C27
22 -0. 843 0.708 70 1.264 - -0.779
23 ~0.843 1.352 71 1.2%44 1.768
24 ~0.843 1.697 72 1.25% 1.352
25 L =0.T17 -1.126 73 1.420 0.856
26 s osCOAlT _____0.20) 4 1.344% 04261 e e
21 ~0.591 -0.383 "75 T 10420 T =0.433
28 ~0.591 0.906 76 1.420 ~1.126
29 ~0.541 =0, 188 17 1.546 -1,523
30 ~0.4606 1.749 78 1.671 -0.579
31 ~0.466 -0.730 79 L 1,747 ~0.234% _ o
S V. A __ =DJ4bb ____=1.215 __ .. 30 . 1.621 CodlO i ————
33 T =0.315 0.311 T o ) T T
24 ~0.340 0.608 .
35 -0.290 1,302 . L .
36 -0.214% -1.126 ’
37 -0.164 -0.779
- .36 _ =0a 139 o Be5 o et e e e e U, - S N S
39 -C. 089 -0.135
40 0.037 C=1.274
41 0.037 _ -Q,631
42 0.037 0.460
43 0.037 1.392
I Y 3 0.087 0 =Ya275 e e e R e e
45 04163 -1.126 -
46 S~ 0.288 -0.383
41 0,238 0.063
48 0.288 0.708
49 0.2!3 1.1C4
.50 L C0.4ly . . =C.879 ...
51 0.416 1.352
52 0.565 -0.482
83 0.51% D.410
] N N
e o
- T & 8 =

e, W
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ANALG.DLST. VALUES OF VARIABLES CF LLUSTERS ‘ {

. 1. 0.t -1.321 -1.077 2.000 !
2 0.111 C.062 ~1.325 2,060 {
3 0.157 ~1.069 -0.804 2,000 : i
s 0.1060 €. 480 -0.928 2.000 i
5 0.160 1.397 -1.C117 2,020 ;
[y 0.1867 -1.000 -1.201 2.000 . . 1,
. 7 0.195 14106 -0.8C6 . 2,000 H
8 0.195 © 1294 -1.093 3.000 "
9 0,205 . 0.942 1.600 2.000 .
19 0.205 ~0.566 ~0.264 2.000
1L 0,214 —1.002 “0.£29 3.000
12 0.222 0.096 =1.259" 3.000
.13 00235 ... l.282 0.361 ___ 2.€00 -
14 0.238 - ~0.952 < =1.259 3.000
15 0:250 ~0.063 -0.705 2.000
-l 0,256 1.1¢8 ~C. 6864 3.000 :
17 0.261 ~1,287 -1.160 3.000 i
18 0.269 -0.0893 ~1.226 4.000 .
.19 0.274 0.617 ~0.554 3.000 _ :
20 0.271 0.850 ~1.600 3.000 : :
21 0.292 -0.240 -1.201 2.000 B
22 04292 ~1,411 ~0:00% L0200 . : ;
23 0.264 -1.031 -C.185 2.000 :
24 0.29% 0.427 © =0.433 2.000 . !
e 25 . Q.29 _-0.227. C.460 . 2.000 :
26 0.304 0.125 1.228 2.000
27 0.306 ~1.446 1.079 2,000
28 0.315_ 0.221 1,269 3.90%
29 0.319 ‘0.706 0.038 2.000
30 - 0.320 -0.717 © 0.807. 2.000
31 0.342 ... l.231 _ __ -0.606 __ . 4,000 .
32 0.343 1.395 0.377 3,000
33 0.353 0.791 0.920 2.000
34 0.352 04161 0.584% 2,000
35 0.369 -1.534 0.534 2.000 . . :
B 13 0.371 0.875 0.289 3,000 L ]
e 37 ___0.378 -0.214° 1.129 .2.000 ___ :
38 0.380 ~1.409. © 1.€25 2.000 L
39 0.382 0.075 -0.036 2.000 . ) : {
40 0.39Q 1,106 -1.C44 _ 6,000 ‘ H
41 0.392 0.280 0.526 3,000 )
42 0.399 ~1.062 T-1.19T 7.000 :
43____0.373 ______=1.044 -1.C87 10.000  ____ ’ : :
&4 0.403 -0.198 -~0.713 3.000 ‘
% 0.405 ~0.500 0.336 2.000 Lo
46 0405 ~0.0654% 1.823 2.000 ] .
47 0.440 -0.079 _-1.236 5.000 ‘ . L
48 0.641 0.948 1.£49 4.000
e 49.. . 04483 ______=1.178 ___ .-C.168__. . 3,000 __._.
50 0.440 0.423 ~0.561 3.000
5t 0.456 1.156 = =0.8L9 10.C00
$2_ . 0.452 21,018 1,592 95,000
53 0.45% 0,047 1.213 5.000
54 0.480 1.401 0.457 4,000 .
.85 . 0.507 .. ~0.E11l . 0.571 .__. @.000 ...
56 0.497 . ~0.650 0.534 6.000
7 0.507 -0.717 1.666 . 3.000
LY. N.512 =1.11% =1.040 12,000 .
59 0.515 1.203 - -C.R10 11.000
: 1) 0.536 ~0.123 ~1.040 8.000
2 | 0.561  -1.427 1.352 _ 4.070
R 62 0.598 0.194 T o.308 5,000
i %] 0.623 -0.$33 -0.214 5.930
! 64 0.626 0.360 .226 7.0C0
65 0.656 1.176 T.65 7.000
66 0.713 0,026 ~C.615 11.000
L. 670738 1.231 ~C. 924, . 12,000 o
68 0.777 -1.1213 1.407 7.000
69 0.800 ~-0.779 0.194 11.099
70 0.828 ~0.,£95 0.246 13.000
11 0.661 1.271 -0.871 13.090
12 0.9286 0.768 - 0.446 14.000
13 e0ed 0.532 ___ l.s02 __ _1C.000 ___
T4 0.935 0.610 0. €44 24.000
15 1.148 -0.570 -0.980 23.000
70 1,261 -0.975 t€.680 20,090
117 1.653 -0.0178 0.710 44,000
78 1.817 ~Ce241 0.169 " 67.000
IR | B R 211 . 0.000 ______ 0.000 . 80.000 __ .
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Sample Outputs from Program UBC:CGROUP
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— = T e e e o I b e ey - - -

““?RoaLEM"NAME“ih*i"CLUs#ER'TR:AL"RUN”?"OAfﬂi
NUMBER.OF ITEMS TO SE GROUPED = 80 '

NUMBER OF GROUPING KEY3 o 2

- ~~—'gTART PRINTING WHEN THERE ARE ~~ 10 GROUPS

STANDARDIZE GROUPING KEYS t YES

PRINT A TREE GRAPH 1 YES

. CONTIGUITY CONSTRAINT -~ 1 NO

ITEM IDENTIFICATION NAMES YO BE READ f NO

STCRE GROUP MEMBERSMIP t NO

T TRANSPOSE DATA MATRIX ¢ YES

NUMRER OF FORMAT CARCS . 4
PLOT ERROCR TERMS 1 YES

720 BYTES OF CORE ARE ACdUIRED 70 TRANSPOSE THE DATA MATRIX

DATA FORMAT 3 (SXr2F7,0)

;’f_rtiéébTxoﬁ'TIME”FCR“TRKNSbbéiNs"E'"6f6§"§ét6§55

17444 BYTES OF CORE ARE ACQUIRED FOR GROUPING

TIME tb“REAd’EﬁtAiANE—Efﬁﬁémééﬁdﬁ‘Hl?ﬁii—i_'—"iﬁiz'SEﬁbﬁos R

c0¢




i} -a-un--uu:ura-yagaauanus-unvuauuaaﬂﬂﬂyaususg&hasuxaauadaanuuaﬂa
au-:u-n:n-su-:tuasnuaanuvuuuaaunaanuuaauaunagusnsaauuanuuuuaaau

HNBGN B RRU NN RSP RRRROpINREY
#dﬂﬂ##ﬂﬂ#ﬂﬂ#ﬂ##ﬂdﬁﬂﬂ#ﬁ#ﬂlﬂﬂﬂdﬁﬂ#ﬂﬂ##ﬂﬂﬂ(lﬂﬂd##lld

HEREEANNNEDEN NN TIARNBENR
YERLEAPONSRARBEN

T AweWARNINGwa~ QUTPUY FIELD WIOTH
+31NKa, THE WRITE

TS0 SVALL,

FIELD OF 'S wiLL BE WRITTEN,

llﬂﬁdﬂldﬂﬂﬂkﬂlﬂ:,ﬂ#ﬂﬂcﬁﬂuQidtﬁﬁﬂﬂﬂ#ﬂﬁﬂﬂﬂﬁﬁ

7S SECUFNTIAL AT RECORD NUMB

TONDITIGN OCCURRED UDURING A FO
ER 21, FOR THIS AND ALL FUTV

—d
AVATTED WRITE ON FORYRAR UNIT & WHICH IS ATTETRED 70 }
RE OCCURRENCES OF THIS CONDITION, A

ﬂ#ﬂﬂ#ﬁﬂﬂﬂﬂﬂ#ﬂa###ﬂ#dﬂ#ﬂﬁd#ﬂﬂﬂﬂkﬂﬂﬂﬂﬂﬂﬁﬂﬂﬂ

kﬁﬂq##Nﬂﬂﬁ#ﬂ#ﬂ!dﬁd#ﬂvuﬂﬂﬂdaﬂttﬂﬂﬁﬂﬂﬂdaﬂﬂllﬂl
#Eﬂﬂ:ﬂawﬁunb=sea~¢scg:ucuuun:ﬂa:ﬂa:st'aataﬁs

'8!!5!‘3:”35:5:5!5!82!5!5:’#5.‘.‘:5‘.‘ﬂﬂﬁﬁ&‘=§ﬁﬂ-’-‘:Hﬁﬁbﬁdﬁﬂﬁﬁﬂﬂﬂlﬂﬁﬁﬂﬂﬂﬁﬁﬂﬂﬂﬂ‘ﬂﬂﬂﬂfﬂﬂﬂ“ﬂﬂﬂa

3teEP { 79 GROUPS AFYER JOINING 7 (Nm 19 & 10 (N= §) ERROR = 0,62568BE-02CUM = 0,6256B8E~02INDEX Twaasaantasn
STEP 2 7¢ GROUPS AFTER JOINING &0 (N= 1y & U4 (Me, 1) ERROR = 0,625693E~-02CUM = 0,125138E~01INDEX ® 0,0006
s————=""" e1EP 3 77 GROUPS AFTER JOINING & (Na 4y & 17 (N2 1) ERROR = 0,124777E-0iCUM = 0,209915E=01 IKDEX @ 77,5892
atep q 76 GROUPS AFTER JOINING S8 (N= 1) & 65 (Ns 1) ERROR 3 0,129779E=0LCUM & .0,37969uf-01INCEX 8 53,0872
STEP S 75 GRRUPS AFTER JNDINING 66 (M= 1y & 69 (N= 1) ERROR = 0,1297E0E=0ICUM = 0,509474E01INDEX ® 0,0001
T3EP T 74 GPeUPS WFTER JCINING (6 (N= 1y & 19 (h= Ty ERKOA = b dnTy5e=6120F € 0,650293E=011K0EX 3 6,3956%
STEP 7 73 GROUPS AFTER JOINING 64 (N= 1) & 67 (N= 1) ERROR = 0,191988E-0ICUM = 0,88224CE=Q1INDEX * 26,9177
STEP B8 72 GOCUPS AFTER JOINING 27 (N= 4) & 29 (N= 1) ERROR = 0,211870E~01CUM & 0,105811 INDEX @ 7,5598
- ©STER & 71 GPOUPS AFTER JOINING 61 (Na 1) & 62 (N= "4) ERROR = 0,211870E-0iCUM = 0,126598 INDEX ® 0,0
STEP 10 70 GROUPS AFTER JCINING 66 (Ne 2) 8 76 (N= 1) ERRCR = 0,256527E-01CUM =2 0,15226) INDEX = 18,9986
STEP 1t 69 GRCUPS AFTER JOINING 68 (N= 1) & 74 (N= 1) ERROR = 0,279081E-01CUM = 0,18016% INDEX ® 65,1287
TEF 18 8 GCROUPS AFTER JOINING 14 (N= 5y 831 (Ne 71) ERRGR = 0,310U33E-0{CUM = 0,211212 INDEX = 7.1518
sTeEp 13 67 GRNI'PS AFTER JCINING 37 (N= )y & 4y (N= {) ERROR = 0,316809E~01CUM ='0,282893 INCEX = 1,3867
STEP {4 66 GROUPS AFTER JOINING 40 (N2 23 & 4S (N=z 1) FRROR = 0,333699F=01CUX = 0,276263 INDEX = 33,5718 ]
—————————""g57Ep 15 b5 GRCUPS LFTER JOINING ~1& (Nu  2) &7 20 (N= {3} ERROR = 0,383507E-01CUM = 0,310613 INDEX 3 §,85841
STEP 16 84 GROUPS AFTER JOINING § (Na- §) & B (N= . §) FRROR s 0,432025E-~01CUM = 0,357816 INDEX = §,2232
sYep. 17 83 GRAUPS AFTER JOINING 25 (N= 1) 4 32 (N= 1) ERROR = 0,432029E«01CUM 3 0,401018 INDEX @ 0,0
———————g 8T B b2 GROUPS AFTER JOINING [3 (M= Ty R TO (HE 1) ERRGR = 0,437028E-01CUM 2 0,4u4r2Y [HoEX = 0,729
STE? 19 61 6F0UPS AFTER JOINING 46 (N3 1) & 52 (M= 1) EWROR = 0,437029E-01CUM = 0,488824 IKDEX @ 0,000%
STEP 20 60 GRMUPS AFTER JOINING 64 (N= 2) & 70 (N= 1) ERROR 3 0,RL3252E-0ICUM = 0,532749 __ INDEX ® - 0,Bk85 "
—— " stEp 21 59 £R04UPS AFTER JOINING = 33 (N= 1) &34 (N= 1) ERRCR = 0,U451103E=01CUM = 0,577860 INDEX ® 1,0625
sSTEP 22 §8 CANUPS ALFTER JSINING 43 (N= 1) & 49 (Na §) ERROR = 0,U6T86BE=0ICUM 8 0,062060¢6 INDEX ® 2,1927
.______________m’52..23___52_§?DQ’3,9"53,30T”!”G 3 (n= 1)°8 9 (K= 1) ERRCR = 0,473313E-01CUM = 0,671978 INDEX & 0.8749
ST 31 64 GrouPS AFTERTJOINING 7 (M= 2) & 11 (N= 1) -ERROR = G,083002E-01CUM 3 0,720278 INCEX B 1,1659
STEP 25  SS GROUPS AFTER JOINRING 57 (N3 {y & S8 (N= 2) ERROR = 0,5054SHE-01CUM = 0,770824 INDEX ® 2,6035
STEP 26  S& GROUPS AFTER JGINING S8 (Ns {)-% 59 (N= 1) ERRGR = 0,515873E-01CUM o 0,822011 INDEX ® _ 1,1832 .
‘svEe 27 53 GPQOUPS AFTER JCINING  S& (N= 138 61 (Ne 2) ERRCR =z (,516347E=01CUM 2 0,874046 INDEX = 60,0466
STEP 28  S2 GROUPS AFTFR JOINING 22 (N= 1) & 28 (N= 1) ERROR = 0,519121E-~0ICUM = 0,925958 INJEX = ¢,2807
. ..____________5753_.{1__§1.§80§°3-éF'fR-iGXYIQG 42 (M3 13 & 48 (N= 1)_ £YRQR_= 0,631090E=01CUY 3 0,9830A7 INDEX ® 11,2159
§7EPT 30 50 GACUPS AFTER JOINING S5S (K= 1) & 60 (Ns 1) ERROR = 0,631093E=0iCUM = 1,05218 INGEX = 90,0501
s7EP 31 49 GROUPS AFTER JOINING 43 (N=  2) 8 S1 (N= 1) ERROR = 0,668039E=01CUM & 1,11898 1KDEX ® 2,927¢
__STEPL 32 48 GROUPS AFTFR JOINING 2 (u= 1y & S (Nm 1) FRROR 3 0,689653C~01CUM o 118794 INDEX = 1,53%4
STEP 33 47 GROUPR AFTER JOINING 35 (N= 1) & 38 (N= t) ERROR £ 0,724La3E=DICUM @ 1,26043 INDEX = 2,4sC6
STEP 34 & GROUPS AFTER JOINING 4 (N= 1y & 12 (H= 1) ERROR = 0,732555E«01CUM 3 {,33358 INDEX ‘8 09,5957
STEP. 35 _ 4S5 _GRNUPS AFTER JOINING 75_(N= 13 & 79 (he 1) ERRCR_3 0,739952E-01CUM m 1,40748 INDEX 8 0,9565
3TE2 3o VT GRAUPS EFTFR JOINING 39 (N= 1y & &7 (N= 1) EFROR 3 0,73995dE-0iCUM a  1,u8167 INDEX = veit 1
STEP 37 43 GFoUPS AFTER JOINING 68 (N= 2) & 80 (N= 1) ERROR = 0,794309E~01CUM s 1,56110 INDEX = 31,2321
STEP 38 82 GROUPI AFTER JOINING IS (N3 1) & 25 (M3 1) ERROR 3 0,A32088E=-01CUM a 1,b64L31 INDEX 2 2,085y
STEP 39  U{ GRCUPS AFTER JQINING 63 (N3 () & 73 (Nz 1) ERROR = 0,83208BE=01CUM = {,72752 INDEX ‘@ 0,0
STEP 40 40 GROUPS AFTER JOINING 24 (N= 13 & 30 (N= 1) 'ERROR = 0,832C92FE~-01CUM a 1,81073 INDEX 3 0,002
STEP_at 39 6Pp1PS AFTER JOINING 36 (N= 1) 8 40 (Na__.3) FRROR = 0,862960E-0iCUM @ 1,89702 INCEX _® §.4838
STE? &2 18 GPOUPS AFTER JOINING T1 (N= 1) & 72 (N= 1) ERROR = 0,102058 CUM = 1,99908 ThOEX & 7.12%2
STEP &3 37 GROUPS AFTER JOINING 42 (N= 2) & S3 (N= 1) ERROR = 0,103961 CuM = 2,10304 INDEX = ¢,7088
o CSTEP 44 36 GROUWPS AFTER JOINING 31 (N3 1) & 37 (N= 2) ERROR = 0,!1C96S8  CuM = 2,212T0 INDEX ® 2,627%
"STEP &S5 35 GRAOUPS AFTER JCOINING & (N= 1y & 13 (N= 2) ._FRROR = 0,132346 CuM 3 2,34508 INCEX '® 7,281
CSTEP &6 35 GAROUPS AFTER JOINING 46 (N2 2) & SO (N= 1y ERRCR =3 0,134476 CUM = 2,879S52 INOEX & 0.5634
STEP &7 3% GRAUPS AFTER JOINING 66 (N3 3) B 78 (M= 1) FRROR = 0,143061 CUM a_ 2,62258 JINDEX = L RL11¢S »
STEP a8 32 GROUPS AFTER JOINING 16 (N= 3) & 25 (Ns 2) ERRCR = 0,161870 CUM & 2,7844S INDEX @ 44,3386

6 6 6 2 0 0 0 © © o0 0
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ol Lok N . Ach bt in —em—am e
l,c
STEP ¥ 31 GRAUPS AFTER JOINING 23 (Ns 1) k23 (Nx 2) EREDR w 0,17374¥ cun & 2,05M7 INDEY 3 .3 W .
STEP S0 3) 6ICuPR AFTER JOINING 1 fva 23 0 7 (ke X)) et w £,193e71 Cuw & Y4088 INMx e 30N . ¥
- N sice S1 29 GIPUPS AFTER JOINING 65 (Am @) & TT (AF 1) ERATZ 80,2093 Cud » 3, W708 INDEX ® 2.245)
STLP  $2 28 GROLPN AFTER Jn:\I\.‘- Go fum 3) 8 TH (Ne 2 FwarA m 0.213113 T Cuv m 3,5TeRd INNEX 0,679y
3 CINING e (e  2) b a8 3 A e 0,00 e €Uy w _ 3,007A0 INTEY 2,‘.-*1 [
"'r‘ N3 IS TN T2 T T NE T Y TR R0 T 8,20 TRy T UCUNT T 4, 00858 TTTINCERT . 2,0984
26 coruird AFTLK JOINING 15 (N 2) & 22 (Ae Q) FRITR ® 0,080%73 Cuv & @, 32M12 INCEY = 0,593
. STEP S0 23 GROUPS AFTER &7 (\3 3) b A (N&3) ¥ERCR W ¢aaats02 CUM & a,588C2 _ IMOEX 8 NPT _.le
IS OS1Ee 8T 2) GRCUPS AFTER ytve 236 8 (v T 2) ERaad m 0,33252¢9 cuN a  a,087%% INREX 3, 1229
AFTER 1N S) & 13 (N D) L ox 0, 311053 cuM a 5,109 INORY B [RLAAL]
Py AFTIR JDINING 1% (N3 Ay & MY (ha Q) 3 0, 331089 CUv_s _5,8\227 _ INCEX ® 1,510 ¢
PETRETERTJOININGT 277 (NT 218 3TN 3 a0, 800012 CudTe T, 00108 INCEX W 3,593%
PS AFTER JOINING 30 (ve  2) & 082 (Nn 3} ERRCIR = 0,93378d CUM & 8,35858 «  IhTEX ® 2,32%9
18 GeruPS AFTFR JOININ 39 (v S) & S4 (N 2) CERRCY = 0,560505  CUM = ‘g,c?_ws. INDEC & S 10 c
17 GICUPS AFTER JOINING S5 (Ne 2) & So (hw $)Y [RICX » 0, eu‘ﬂ CuN »  T7,53838 INCEX @ 1,427
Py AFIER JCINING ST (Na  #) & b4 (Ax  5) EREIT W, CuM = B,18697 ©  INOFX @ 1,000¢
5 BS AFTER JCINING 2 (~a  2) 8 = * Cuv_ = 8,0823) INTEX W 2,5% ¢
STeF 66 14 GIcUPS AFIER IGININGT § (w3 81 & 18 o tUs @ 9,7a318 1hCEX B 1,
STEP 47 13 © AFTER JOIMING ST (nvz 31) & 75 (hs 2) a Uy s 10,8735 INDEX ® 2
. __.S1EP ¢8 12 G¥ AFTER JOINING 38 (N3 _ @) & 48 (ha  3) SR oo 1,0047S__ CUn m_ 31,8783 INDEX B A M
) “STEP ~ 69 ~T 11 GSCUPS AFYER JOINING 3 (Nz &) & 23 (= 3) ERRCR & 1, [XTLL cuM & 32,7251 INDEX ® ]
- GROUP Na  STEP 30 10 GROUPS AFTER JOINING 27 (Ne _ 8) & 36 (Na' 7} ERROR_ = 1,3418% CuM e £8,0670 INDEX = B q
T 13 T Y& 10 11 18 16 17 48 20 21 25 32
2 s 2 S 6 13 19 . .
.8 s a9 12 2% 28 3O q
is ™ ¢ 1577227726 28 33 3@
2r 12 27 29 3t 36 31 a0 &1 a4 as as S¢ 82
35§ 35 38 a4y _e9 St . 4
39 1 3§ a2 &r &A 53 sS4 59 .
55 7 §5 s6 60 61 62 11 T2 ’
%713 ST _58 6a_ 65 &b 87 86 30 73 7 1Y 1819 ¢
63 S 63 68 13 72 80 )
GROUP No  SYEP 11 c_nquvs Ang__munc 2 (ue_ %y & 1S (ke 6) ERAOR w  §,73171 CuM s 15,7987 INDEX :» 2,9053 [
. L) 1 t1 18 1s 17 18 20 21 25 32 . B ’
2 1t 2 s 15 19 22 28 28 33 3 }
s__1___3_.& o2y_28_ M ____ ., e - [4
I 21729 37 40 @1 @ad g5 &s S0 52 :
35 S 35 38 &y &9 51 )
39 7 Y982 @t 48 5354 359 (
55 1 . 55 Sb ¢4 &1 &2 Ty .72 . \
1 £7 13 .57 S8 &a &S 66 &7 89 70 75 76 77 78 19
. 83__S__ .63 _88 73 78 80 o eeme et et e i - {
ckou? N»  STEP 12 8 GROUPS AFYER JOINING 3§ (N=  S) & 55 (K= ¥) FRROR = 2,544%7 CUN = §8,3332°  INOEX:® Q,226%
13 4 7 & g0 1y 1a 16 17 18 20 2t 25 32 : : N . (
2 1 25 6 13 tS 19 22 26 28 33 3 . )
3.1 3 4 9 j2 23 28 30 .
27..%2__.27. 29 .31.3& 37 a0 &1 &8 &5 as SO 52 .. ... _ |
35 12 36 38 a3 09 St 55 56 60 6y 62 T T2
3¢ 7 - 39 a2 &1 &8 -S3 5S4 SO .
[ 57 €8 e8 ¢S 66 6T 89 70 IS 76 91 I8 139 '
63 5 ¢ 63 68 13 714 8¢ R
e GROUP Ky sTEP 73 7 GROUPS AFTER JOXNX\G 39 (no L 63 (N'.__S)-.ERROR _3,08282 _ _CuM.m. 21,0060 _INOEX ®___ _ 1.,629%. .} ¢
-3, 13 $ 7 8 46t 13 17 18 26 21 25 32 . .
2 11 2 S &6 13 15 19 z’ 26 28 1313 3a
\ 31 S__ 8 9 12 23 2a 30 e’
21 12 21 2% 3 36 37 a0 &% @& a5 a8 50 52
35 12 35 38 &3 39 51 S5 S& 60 61 62 Ty 72
3 12 39 a2 &1 28 53 S@ S9 63 68 73 72 80 }
—=--'gy 43 "T ST .63 &4 &5 &6 &7 69 70 7S 76 VOIS VO UUTUU
i CROUP Nv  STEP 174 & GRCUPS AFTER JOTNING 2 fws 113 8 3 (Ns  7) ERRGR = 5,79165 TUM » 27,1977 INDEX & 8,2367 )
( T 13 | N G T S G £ U G D M G- I T
2 18 2 3 a4 5 ‘& 9 12 13 45 19 22 23 24 26 28 30 33 34
&y (2 _ 21 29 31 36 37 a0 4y asg a5 as S0 S2 :
35 12 35 38 &3 g9 51 55 S& 60 &1 2 T 72 o Tt
39 12 39 g¢ &7 a8 S3 Sa 59 63 48 73 78 80
57 13 67 58 a4 3 66 6T 49 70 IS 76 77 I8 19
CRGUP Ra  3TEP 7S S GROUPS AFTER JOINING 35 fNa 12) & 39 (N& 12) ERROR s 5,99039 CUM = ..33,1883 INDEX :» 60,2081
JUNSUUE SO * RS S AN T L L L 17 18 20 24 25 32 . . e e .
2 18 27374 s 6 9 12713715719 22 23 2a 267728730 33 39T Teomm T
21 12 + 21 29 31 36 37 a0 a1 a4 as ab 56 S2 .
22 35 36 19 g2 .03 07 @B a9 <3 S¢ SS S6 59 60 41 2. 63 68 71 2 73 74 80
sT"lS ST SE ta 65 6 67 69 0 75"’15 17716714
__CROUP Ky STEP- 76 4 GROUPI AFTER JCINING 1 (Ns 43) & 27 (Ns 12) ERROR a 7,23539  CUM w 20,2237  INOEX:w __ 1,6390
4 025 ~1 77 78 g0 .31 13 g6 7yt 20 21 25 27 29 31 32 38 37 a0 al @@ &% &6 SO
2 18 2 3 a4 s & 912 1} 15 19 22 23 2& 26 28 30 33 33
35 _ 28 35 38 39 &2 n 4748 a9 S1 53 %3 SS_S56_S9 60 41 62 63 68 7112 13 16 80
5713 ¥7 s¥ 83 65 7—60 75 S ¥ 1TTIBT 1Y
__GKCUP N»  STEP 77 3 GROUPS AFTER chtnc 35 (ux 28) 8 ST (Nm 13) €FRCR s ‘28, 1907 cw . es,czx: __14DEX ® 11,5899
§oasTT tTTYTT8 10 11 18 16 17 4B 20 2t 25 27 “317 32 36 317 a0 ‘et Taa as g6 S0 527 o
2 18 2 3 a4 s & 9 12 13 15 g9 22 23 2a 28 28 3o 33 34
s N 35 38 39 @) ‘63 o7 4”@ 51 83 S¢ S5 3o 57 S8 59 60 61 62 3 68 85 66 67 88 69 70 71 2 73
YETISTYe 1776 19 8% :
__CROUP M» _STEP 18 2 CROUPS AFTER JOINING 1 (N 25) L 2 (hs 18) ERAOR » 33,2058 Cuw = 101,820  INDEX s . 0,3325 __
1 as 1 273 [ 6 8 996 t3 12 13 14715 s 47 18719 20 23 22 23 2& 2% ‘26 21 28 29 30
L. .3 32 33 1a 3 37 40 @l Al &S ke 50 S2 . :
38 31 - 3% 3 39 &2 @3 67 48 a9 81 53 L 55 S4 87 S8 €7 4A &1 k2 A3 68 6% b5 87 63 89 Y0 13 Y2 13
S F e F D LR L R A )
. CROUP Ne BYEP 19 1 GWJJPS AFYCR muxw 1 fNe 233 & 3% (Xe 37) (AROR = - 58,1693 cuv s 159,998  INCFX e 1,803
| [ R A | 6 1 e yo 11 12 93 g4 1S fs 7 18 49 20 21 22 23 2a 25 2b 27 18 29 3
3 32 3 !G !5 ¥ 37 3’5 9 &9 af 02 &3 &% &% as 47 68 49 SO 51 82 S3 54 s S6 87 %8 39 &0
85 62 63 &8 65 66 6 68 9 70 74 T2 I3 4 75 76 11 78 79 80 .
LXLCUTION TIME FCR CROUPING @ 0,25 LELONDS
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- APPENDIX E

Listing and Sample Outputs from NONHIER: a Computer

. Program for Three Nonhierarchical Clustering Techniques
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DIMENSION X{7500)
LIMIT=7500

"CALL EXEC{X,LIMIT)

STOP

END o
SUBROUTIME EXEC({X,LIMIT)

THIS SUBROUTINE READS PARAMETERS, LOMPUTES STI3AGE AND CALLS MAUJOR
PROGRAM SEGMINTS NEGCOED FOR A NON-HIZRARCHICAL CLUSTERING JOB USING
ONE OF THE METHCOS PRIGRAMMED AS A VIRSIOW OF SU3RIUTING #KMEAN®,

EVERY JOB REQUIRES THREEZ USER SUPPLIED DECK S=GMENTSe

1o PROGRAM #DRIVER= PERFIRMS THE FOLLOWING TASKS,
Ae ASSIGNS INPUT/DUTPUT UNITS,
" Be ESTABLISHES THE DIMENSION OF THE %=X* ARRAY AnND SETS THIS
DIMENSION TO *LIMIT*
Ce CALLS SUBROUTINE #ZXZC*e
THE FOLLOWING ZXAMPLE WILL SUFFICE IN MOST CASES,

PROGRAM DRIVER(INPUT,OUTPUT,,PUNCH,TAPES=INPUT TAPC6=3UTPUT,
ATAPET7=PUNCH, TAPE1,TAPZ2)

DIMENSION X(5000)

LIMIT=5000

CALL EX=C{X,LIMIT)

END

2e SUBROUTINE *USER* IS EMPLOYZD TO READ THE COMPLETEZ ScT JF SCORES
ON THE VARIABLEZS FOR DNE DATA UNITe THE FOLLOWING £XAMPLE
TLLUSTRATES VARIBUS PIASSIBILITIES FOR MERGING FILES aND
TRANSFORMING VARIABLES AS THELY ARE READ.

SUBRDOUT INZ USER{X)
DIMENSION X({8)
READ{1,100) X(7).Y
READ(2) (X(I),1=1,06)
READ(5,200) X(8),Z
X(3)=o5%X(3)
X{7)=3.6%X(7)
X{B8)=o4=X{8)+o35%Y+o25%72%X(8)
RETURN

100 FORMAT(2F11,3)

200 FORMAT(F861,F663)
END

3se FUNCTION *DIST* COMPUTES THE DISTANCE BITWZIEN TwO DATA UNITS OR
BETWEEN A DATA UNIT AND A CLUSTZR CENTROIDe THZ USER CAN SPECIFY
ANY DESIRED DISTANCC FUNCTION AND WZIGHT THZ VARIASL:=S IN ANY
MANNERe  THE FOLLOWING EXAMPLE TLLUSTRATZS A WEIGHTZD SQUARED
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TW2 DATA UNITS DENUTZD AS X AND Y.
S AND TH:Z WEIGHTS ARCE IN THE

FUNCTION DIST(X,Y)
DIMENSTION X{1j,Y{1l},W{8)

DATA
DIST=0.
DO 10 I=
ic

RETURN

END

NOTE THAT SCALING AND TRANSFORMATION JF

DIST=DIST+A(I)®{(X{1)=-Y{1))=*x2)

(WlI)sI=l923)/2%lerZer%aDe2092%L/

VARTABLES CAN BE

ACCOMPLISHZID EITHER IN SUBRDUTINE #USER* QR IN SUBROUTINE %*DIST*,

i ——————— —— — —

A - —_ ———— - —— " o ——— > —— - —— - ———n - ——

INPUT SPECIFICATICNS

CARD 1 TITLE
CARD 2 PARAMETER CARD
COLS 1- 5 NE=NUMBER DOF ENTITIES (DATA UNITS)
COLS 6-10 nNV=NUMBZR OF VARTIABLES
COLS 11-15 NC=NUMBZR OF CLUSTERS
COLS 16-20 NYIN=INPUT UNIT FOR THE DATA SET
NTIN=5, CARD RzZADER '
: NTINoMNEGS5s TAPZ 3R DISK FILE
COLS 2i-25 NTOUT=CUTPUT UNIT FIR SAVING CLUST=ZR MEMBZRSHIP LISTS
NTOUT=7, CARD PUNCH
NTOUToLZs0,y DO NIT SAVZ MEMBERSHIP LISTS
COLS 26-30 MINRCZL=TERMINATION PARAMETCRe CLUSTZIRING ENDS WHEN A

C3LS 31-35

COLS 36-40 METHOD=PARAMETER FOR CHOCOSING

CYCLE THRIOUGH THE DATA SET RESULTS IN =MINREL*®
OR FEWER CHANGES IN CLUSTER McMBSRSHIPS
MINREZLoLESGy ITERATE TO COMPLETE CONVERGCENCE
IPART=INITIAL PARTITION PARAMETER
IPART=1, SEzD POINTS ARE SELECTED FRIM TAC
READ THE SEQUENCE NUMBEXS FIR TH:Z
UNTITS FROM CARDI{S) 3 IN 2014 FURMATe. IF THE
DATA SET IS NOT STORED IN CuREy THE LIST OF
OF SEQUENCE NUMBERS MUST BE IN ASCENDING ORDER
THE DATA UNITS ARE GROUPED INTO AN INITIAL
PARTITION IN THE INPUT SEQUEINC: WITH THE
FIRST *NUMBR(L)* IN CLUSTER 1, THE NEXT
¥NUMBR{2)% IN CLUSTER 2 ETCo READ THE
®NUMBR® ARRAY FROM CARD(S) 353 IN 2014 FORMAT.
THZ SCOXRE VECTIARS FOR THE ScCED POINTS ARE
READ FROM CARDIS) 4 IN FORMAT *FiT* WHICH IS
READ FROM CARD 3,

DATA UNITS.
CHOSEN DATA

IPART=2,

IPART=3'

THE ALGIORITHM IN ONE
VERS TN *KMEAN*,

METRHOD=1

JF SUBROUTINE
ANCZY ALGORITHM
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c METHODoNEo 1y FORGY ALGORITHM

c

Cx«*CARDS 3 AND 4 ARE READ IN SUBROUTINE kKMEAN* ACCORDING TO THE
CH*%%PRICEDUARE SPECIFIED BY THE CHUSEN VALUE OF %IPART®e NOTE THAT THE
CHx%3ASIC K-MIANS METHOD OF MACOQUIEN SIMPLY USES THE FIRST #NC# DATA
CHx*UNITS AS CLUSTSR SEED POINTS AND THERSFORT IGNORES THE #IPART*
Cx#%PARAMETER,

£ e e e e
c

C STORAGE ALLOCATIONS IN THE %X* ARRAY _

C X(WN1) T3 X(N2-1) NC*NV WIDS—=-STORAGE OF THe CENTR ARKAY

C XI([N2) T3 X{N3-1) NC WORDS--STORAGE OF THE NUMBR ARRAY

C  X(N3) TO X{N4-1) NE WORDS--STORAGE OF THE MEMBR ARKRAY

C X{N&) T3 X(N5-1) NCENV WORDS--STORAGE OF THZ TOTAL ARRAY

C XIN5) TO X(Nb6) NV OR NE4ANV WORDS--STORAGz OF THE DATa ARRAY

C X{N&4) 70 X(N7) NE WORDS--~STIRAGE OF THS LIST ARRAY IN ¥RESULT=*

C

DIMENSION X{1),TITLE(20)
READ({5,1060) TITLE _
READ(5,1100) NEsNVeNCyNTINSNTOUT ¢MINRELy IPART,METHOD
WRITE(5,42000) TITLE
HRITE(6492100) NEsNVyNCyNTINSNTOUT 9 MINREL, IPART yM2THOD
N1=1 .
N2=N1+NC=NV
N3 =N2+NC
"N4=N3+NE
N5=N4+MNC xRNV
C  &N6x MAY BE INCRIASED IN *KMEAN¥*,
N6=N5+NV-1
N7=N&+NC -1
MAX=Nb
IF{NToGTeMAX) MAX=NT
WRITE(64,2200) MAX,LIMIT
IF(MAXoGTLLIMIT) STOP
CALL KMEAN(X{NIY sXIN2) o X{A3) 9 XINE) ¢ XINS) gy NS yNEWNY s NCoNTINyMINREL
AIPART yMZTHOD,LIMIT)
CALL RESULTUIX{NL)»XINZ2) s X(N3)sX{NG)sTITLE)NCsNVNCyNTOUT)
RETURN ’
100C FORMAT(20A4%) _
1100 FORMAT(8I5) ) '
2000 FORMAT(1H1,20A4%)
2100 FORMAT(S5HONE =,18,/45H NV 2189 /35H NC . =5189/97TH NTIN =49164/,
ABH NTOUT =,15,/y9H MINREL =,14,/38H IPART =415+/+9H MZTHOD =,14)
2200 FORMAT(19HOREQUIRED STORAGE =415,6H WORDS,/,
A 19HOALLOTTED STORAGT =41546H WCORDS)
END

SUBROUT INE RESULT(CENTR.NUMBR,MEM&R.LIST'TITLE.NE.NV-NC,NTOUT)
C THIS SUBROJOUTINE PRINTS THE RZSULTS FROM A CLUSTERING JOB BASED
C ON ANY VERSION OF SUBROUTINE %KMEAN%*, : . .


http://METHOD.NE.lt

OO0

o~

30

40

50

"DIMENSION CENTRIL) yNUMBR{LY ¢MEMBR(L)4LIST{1),TITLE(2D)

AS A CIONTINGENCY PRECAUTION WRITT OQUT THE RAW MtMBzRSAHIP LIST.
WRITZ(6,2000) TVITLE
WRITL(6,2100) (MEMBRIK)¢K=1,MF)
WRITE(6,2200) (NUMBR(J),0=1,MC)
INVERT THE *MEMBR* ARRAY AND PUT THE RESULT IN THE *LIST & ARRAY,
FIRST REVISE THE =*=NUMBR¥* ARRAY TO CONMTAIN START POINTS IN THE
*®¥LISTH% ARRAY FOR EACH CLUSTER
NUMBR{NC)=NE-NUMBR{NC}+1
“JJ=NC
JJl=4dd-1
DO 10 J=2,N(C
NUMBR{JJL )=NUMBR(JJ)-NUMBR{JIJ1}
Jd=JJ1
Jdl=JJ-1
BUTLD *LIST* ARRAY
DO 20 K=1,NE
MEMBRK=MEMBR({K])
NJ=NJMBR (MEMBRK )
LISTINJ) =K
NUMBR (MEMBRK}=NUMBRIMEMBRK)+1
CONTINUE
SAVE THEe SORTED HMEMBERSHIP LIST IF DESIRED
1FINTOUT.LE.O) GO TO 30
WRITE(MTOUT,3000) TITLE
WRITEINTOUT 23100} {LISTIK) yK=1,NE)
RESTORE THE *=NUMBR#% ARRAY V
JJ=NC
DO 40 J=2yNC
NUMBR (JJY=NUMBR(JJ ) -NUMBR(JJ=-1)
JJ=JJ-1
NUMBR{1)=NUMBR(1)~1
PRINT RESULTS FOR EACH CLUSTER
WRITE(S6,2000) TITLE
WRITE (812000) TITLE
Kl=1
DO 50 J=1,NC
WRITE(642300) JyNUMBR(J)
WRITE(8,2301) Js NUMBRIUJ)
J1=(J-1) %MV
WRITE(642400) (CENTR(JI+I)sI=1,NV)
K2=Kl1+NUMBR{J)~-1
WRITE(642500) (LIST{K} K=K1¢K2)
WRITZ(8,42501) (LISTL(KF) KF=K1,K2)
Kl1=K2+1
CONTINUE
WRITE(643500)
RETURN



2000
2100
2200
2300
2301
2400
2500
2501
3000
3100
3500

100

10

$SI1G

FORMAT(1H1,20A4)
FORMAT(20HORAW MZ
FIRMAT{14HOCLUSTH

FORMATI(2I4)

F?QMAT(ZIHOCCNTPDID COORDINATES/4{1Xy10E126e41))

MBEZRSHIP LIST/9(1X,25151))

ER SIZESs/+{1X4251I5))
FORMAT{SHOCLUSTERsI24y9H CONTAINS,1I5411H DATA UNITS)

SRMAT(L6HOMZIMBEFRSHIP Llchlp(lX' 5151)

FORMATI(15I5)
FORMAT (20A4)
FORMAT(2014)

FORMAT(?1',15Xy' ZND OF DUTPUT'4///)

END -

SUBRIUTINE USER{X)

DIMENSION X{2)}

READ(5,100) X(1),X{2)

RETURN
FORMAT(5X,2F1062
END

FUNCTIGN DIST(X.Y)
DIMENSION X{1),Y{1)

DIST=0.

DO 10 I=1,2

END

DIST=DIST+((X(1)—Y(I))**2)
-RETURN

215
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SUBROUT INE KMEAN(CENTR1NUMBR7MEHBR;TDTALQDATA'NstE'NVtNCvNT!NQ
AMINRELy IPARTy METHOD, LIMIT) :

——— . —— e - — . —— ———— - —— —— ~..—-..._--.__——__—___——__—_.__——__——__--————--—.——.---

-——.-——-...—-...‘———_———-.———..--—-—-—-———_———-—_-—_———-—————--——_-——_-—-—_----

THIS SUBROUTINE ITZRATIVELY SOXTS *NE% DATA UNITS INTO #NC= CLUSTERS
USING THE ALGORITHM OF (METHODoNZe1)

FORGYs ToWos CLUSTER AMALYSTIS OF MULTIVARIATE DATA. EFFICIENCY
VERSUS TWTZIRPRETABILITY OF CLASSIFICATIONS, PAPER PRESENTED AT THE
BIOMETRIC SOCIETY (UNAR) MEETINGS, RIVERSIDE, CALIFORNIA, JUNE
1965, ABSTRACT IN BIOMETRICS, VOLUME 21, NUMBER 3, P 768

OR THE ALGORITHM OF (METHOD=1)

JANCEY, ReCoes MULTIDIMENSTIINAL GROUP ANALYSIS, AUSTRALIAN JOURNAL
OF BOTANY, VOLUME 14, NUMBER 1, APRIL 1966, PP 127-130

CENTRINV={J-1)+1)=3CORE ON I-TH VARIABLFE FOR J-TH CLUSTER CENTROID

TOTAL(NVH{J=1)+1)=TOTaAL SCORE ON I-<H VARIABLS FJR DATA UNITS THUS
FAR ALLOCATED 70 THE J-TH CLUSTER

NUMBR{J)=NUMBZR OF DATA UNITS THUS FAR ALLGCATED TO THE J-TH CLUSTER

MEMBR{KI=CLUSTER T3 WHICH THZ K-TH DATA UNIT CURRENTLY BELONGS

DATAINV#(K~1)+1)=SCORE ON I-TH VARIABLF FOR K-TH DATA UNIT

DIMENSION CENTR(1),TOTALL1) gNUMBR{1)4MEMBRI1)DATA(L)} +FMTI{20)
Ay NAME(4) ,
DATA (NAME(I)I=1,4%)/4H Fy4HORGY s 4H JA,4HNCEY/
I=1
IF(METHOD.EQel) I=3
HRITZ(642000) MAME(I)yNAME(TI+])
WRITZ(3,2001) NAME({I)NAME(I+1)
CHECK FOR SUFFICIENT STORAGE
N6=NS+NEXNY~-1
WRITE(64+2100) N6,LIMIT
IF(NEoGToLIMIT) STOP
ESTABLISH INITIAL PARTITION
IF(IPARTLME.3) GO TO 20

'SEED POINTS ARE READ DIRECTLY FPOM CARDS

READ (5,1000) FMT

WRITE{6,2200) FMT

WRITZ(642300)

Ji1=0

DO 10 J=1,NC

READ(S, FMT) (CENTR{JI+I),I=1,NV)
WRITE(642400) (CENTR(JLI+I),1=1,NV)
J1=J1+NV
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GO TO 30
C IPART=1 OR 2
20 WRITE(642500) IPART
 READ(5,1100) {NUMBR{J),d= l.NC)
WRITE(6492600) (NUMBR{J) yJ=1,NC)
C "READ THE DATA SET INTG CENTRAL MEMORY
30 Ki=1
DD 40 K=1,NE
CALL USER (DATA(K1))
40 Ki=K1l+NV
IF(IPARTLEQe3) GO TO 100
C IF #]PART* IS 1 QR 2 S¥T UP THE SEED POINTS
IF{IPARToZQe2) GO 7O 60
c IP4ART=1e THE DATA UNIT WITH SEQUENCE NUMBER *NUMBR(J)E® IS USED AS
C THE J-TH SEED POINT
DO 50 J=1,NC
NJ=(NUMBR(J )11} %NV
J1=0J=-1)*NV
DD 50 I=1,NV
CENTRIJLI+I)=DATAINJI+]}
50 CONTINUE
GO TC 100
C 'IPART=Zo THE DATA UNITS ARE GROUPED INTO CLUSTERS WITHA THE J-TH
C CLUSTER HAVING *NUMBR(J)* MEMBERS.
60 K=0
Jl=-NV
C ACCUMULATE THE TOTAL SCOR" ON EACH VARIABLE FOR EACH CLUSTER
DO 80 J=1,4MC : '
NJI=NUMBR (J)
J1=J1l+NV
DO 70 I=1,NV
70 - TOTAL{J1+41)=0,
DO 80 KJ=1,NJ
K=K+1
MEMBR(K)=J
K1=(K=1j}%NV
00 80 I=1,NV
J2=J1+]
. TDTAL(JZ)—1DTAL(u2)+DATA(K1+T)
80 . CONTINUE
C COMPUTz THE CENTROIDS
J1=0
D0 90 J=1,NC
DO 90 I=1,4NV
Ji=J1l+1
CENTR(JL)=TOTAL(J1)/NUMBR(J)
90 CONTINUE
GO TO 115
C INITIALIZE ARRAYS
100 DO 110 K=1,NF
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110 MEMBR(K)=0

115 NPASS=1

C BEGINNING OF MAIN LOOP

120 J1=0
DO 130 J=1,NC
NUMBR({J)=0
DD 130 I=1,4NV
Ji=Jdl+1

130 TOTAL(J1l)=0.

MOVES =0
TDIST=0

C ALLGOCATE EACH DATA UNIT TO THE NEAREST CLUSTER CENTROID

K1=0 .
DO 160 K=1,NE
K2=K1l+]

J2=1
C COMPUTZ DISTANCEZ 7O FIRST CLUSTER CENTROID
DREF=DIST{DATA{K2),CENTRIJ2))
JREF=1 _
C TEST DISTAMCEZS TO REMAINING CLUSTER CENTROJIDS
" DO 140 J=24NC
J2=J2+NV
DTEST=0DISTIDATAIK2),CENTR{J2))
IF(DTESToGESDREF) GO TO 140
DREF=DTEST
JREF=J

140 CONTINUE :

C ALLOCATE DATA UNIT *K* TQO CLUSTER *JREFx%
NUMBR{JREF)=NUMBR (JREF ) +1
TOIST=TDIST+DREF
JF(JREFEQoMEMBRIKY) GO TN 150

C. THE DATA UNIT CHANGES ITS MEMBERSHIP
MOVES=MOVFS+1
MEMBR (K }=JREF

150 J1=(JREF-1)#nV
DO 160 I=1,NV
Jl=Jl+]

K1=K1l+]
TOTAL(JL)=TOTAL(JL}I+DATA(KY)

160 CUNTINUE

C ALL DATA UNITS ALLOCATFED. TEST FOR CONVERGENCE
WRITE(642700) MOVESSNPASS,TDIST
NPASS=NPASS+1
JREF=0
TEF(MOVESoGTMINREL) GO TO 185
IFIMETHODoNZo 1 n ANDe MUVESoSQe0) RETURN

JREF=1 :
C COMPUTE TRUE CLUSTER CENTROIDS--FORGY UPDATE
170 J1=0

DO 180 J=1,NC
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D0 180 I=1,NV
SJdl=Jdis+] '
180 CEeNTR(JLI=TOTAL(JL1)/NUMBR(J)
IF(JREFoEQel) RETURN
GO T2 120
185 IF(MITHODGNE.1) GO TO 170
C  JANCEY UPDATE
150 J1=0
DO 200 J=1,NC
D3 200 I=1,A8V
Ji=Jl+l '
200 CENTR({J1)=2.%TOTALLJL) /NUMBR{JI~CENTRIJIL)
GO 10O 120
1000 FORMAY(20A4)
1100 FORMAT{(2014)
2000 FORMAT(1HO,2A4y 53H METHOD OF CLUSTER ANALYSIS. DATA SET STORED 1
AN CORE)
2001 FORMAT{20A4)
2100 FORMAT(ISHOREQUIXKED STORAGY =,15,6H WORDS,/,
A LO9HOALLOTTED STORAGE =,15,6H WORDS)
2200 FORMAT({7HOFIRMAT,2044)
2300 FORMAT( &43HIINITIAL CLUSTER CENTERS READ IN AS FOLLOWS///)
2400 FORMAT(1X,10E1209)
2500 FORMAT( 9HL IPART =,12, 20H, NUMBR ARRAY READ AS FILLOWS///)
2600 FORMAT(1X,1017)
2700 FORMAT{1HO0:I5,37H DATA UNITS MOVED ON ITERATION NUMIER 13,7/,
A38H SUMMED DEVIATIONS ABOUT SEED POINTS =,E16.8)
END
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AMINREL,y IPART,METHOD ,LIMIT)
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THIS SUBROUTINE ITERATIVELY SORTS #NT4# DATA UNITS INTOD #NCx* CLUSTERS

USING THE CONVERGENT K-MEANS MSTHID ODESCRIBED IN SECTIIN To2e2e

CENTRINV=(J-1)4+1)=5C0RE ON T-TH VARIA3SLEZ FOR J-TH CLUSTZ2 CENTROID
TOTAL(NV=*{J=-1)+1j=TOTAL SCORE ON I-TH VARIABLE FOR DATA
FAR ALLOCATED TQ THE J=-TH CLUSTER
NUMBR {J)=NUMBER COF DATA UNITS THUS FAR ALLOCATID TJ
MEMBR(K)=CLUSTER TI WHICH THE K-TH DATA UNIT CURRENTLY BELAONGS
DATA(NV*{K-1)+1)=SCORE ON I-TH VARIABLE FOR K-TH DATA UNIT

DIMENSION CENTR(1)yTOTAL(1),NUMBR{1)yMEMBRIL)»DATA(L), FMT(20)

WRITE (56,2000}
WRITE(8,2000)

CHECK FOR SUFFICIENT STORAGE
NO6=ND+NE=NV=-1
WRITE(642100) N6,LIMIT
IF(N6oGToLIMIT) -STGP

ESTABLISH INITIAL PARTITION

. IF(IPART.NEL3) GO TO 20

SEED POINTS ARS READ DIRECTLY FROM CARDS
READ (5,1000) FMT
WRITE{6,2200) FMT
WRITE (64 2300)
J1=0
DO 10 J=1,NC .
READ(5, FHT) (CENTR{JL+I},I=1,NV)
WRITE(642400) (CENTR{JI+I),I=1,NV)
J1=J1+NV
GO TO 30

IPART=1 OR 2
WRITE(5,2500) IPART
READ(5,1100) {(NUMBR{J)sd=1,NC)
WRITE(6,2600) (NUMBR(J) yJ=1,NC)

READ THE DATA SET INTC CENTRAL MEMORY
Kl=1 -
DO 40 K=1,NE
CALL USER (DATA(KI1})
K1=K1+NV
IF(IPART.EQe3) GO TO 51

IF *IPART* IS 1 OR 2 SET UP THE SEED POINTS
IF(IPART.EQe2) GO TO 60

IPART=1le THE DATA UNIT WITH SEQUENCE NUMBCR ENUMBR{J)&® IS USED AS

THEZ J-TH SEED POINT

UNITS THUS

J-TH CLUSTER
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60

C
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DD 50 J=1,NC
NJI={NUMBR(J) =1} %NV
J1={J=-1)xNV
DO 50 I=1,NV
OCNTROJL+IV=DATA{NI®])
COMNTINUEG
THE INITIAL CONFIGURATION 1S GIVEN IN TCRMS OF SEED PUINTS.
CONSTRUCT AN IMITIAL PARTITION BY ASSIGMING SACH OaTA UNIT TO THE
NEZARZST SELD PIINTe  SEEZD POINTS RIMAIN FIXED THRIUGHIJT ASSIGNMSNT
OF THE FULL DATA SET.
DO 52 K=1,NE
T MEMBRIIK)=0
J1=0
00 53 J=1,NC
NUMBR(J} =0
DD 53 I=1,NV
Jil=Jl+l
TOTALEJ1)=0Q,
ALLOCATE EACH DATA UNIT TO THE NEAREST SFED PIINT-
K1=0 :
DI 55 K=1,NE
K2=K1i+1
J2=
COMPUTE DISTANCE TO FIRST SEFED POINT
DREF=DIST(DATA{K2)CENTRIJZ)I
JREF=1
TEST DISTANCES TO REMAINING SEED POINTS
DO 54 J=2,KNC
J2=J2+NV
DTEST=DISTI(DATA(KZ) s CENTRI{.J2))
IFIDTESTeGESDREF) GO TO 54
DRFF=DTEST
JREF=J
CONTINUE
ALLOCATE DATA UNIT #K* TO CLUSTER xJREF=*
NUMBR{JREF )=HUMBR{JREF ) +1
MEMBR(K)=JRCF
JI={JREF-1) %NV
DO 55 I=1,NV
Jl=J1+1
Kl=Kl+1
TOTAL{J1)=TOTAL(J1)+DATA(K])
CONTINUE
GO 70 85 ‘
IPART =26 THE DATA UNITS ARE GROUPED INTO CLUSTERS WITH THE J-TH
CLUSTER HAYVING *NUMBR{JI* MEMBERS, '
K=0 ‘
J1==NV
ACCUMULATE THE TOTAL SCORE OM FACH VARIABLE FOR EACH CLUSTER
DO 80 J=1,NC
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70

80
C
85

90
c
100
c
120

c

c

o

140

c
155

NJ=NUMBR{ J}
SJI=JL+NY
DO 70 I=1,NV
TOTAL(J1+1) =0
DO 80 KJ=1.NJ
K=K+1
MEMBR (K} =4
Kl=(K~1)*NV
DO 89 i=1,NV
J2=J1+1
TOTAL{J2)=TOTAL(J2)+DATA(KL+])
CONTINUE
COMPUTE THE CENTROIDS
J1=0
D3 20 J=1yNC
DO 90 1=1,NV
J1l=J1+1l .
CENTR(JYI)=TOTAL(J1)/NUMBRI(J)
CONTINUE
INITYALIZE ARRAYS
NPASS=1
BEGINNING OF MAIN LDOP
MOVES=(
TDIST=0
ALLOCATE CACH DATA UNIT TO THE NEAREST CLUSTER CENTROID
K1=0
DO 160 K=1,4NE
K2=K1l+1
J2=1

COMPUTE DISTANCE TO FIRST CLUSTER CENTROID

DREF=DIST(DATA(K2),CENTR{J2))
JREF=1
TEST DISTANCES TO REMAINING CLUSTER CENTRDIDS
D3 140 J=2,NC
J2=J2+NV
‘DTEST=DISTIDATA(K2) 4CENTR(J2))
IF{DTESToGELDREF) GO TO 140
DREF=DTEST
JREF=J
CONTINUE
TDIST=TOIST+DREF
IF(JREF<NESMEMBRI(K)) GO TO 155
K1=K1 +NV
GO TO 160
REALLOCATE DATA UNITHK#* FROM CLUSTER *MEMBR{K)&® TO CLUSTER *JREF*
MOVES=MOVES +1
J2=MEMBR(K)
NUMBR(J2)=NUMBR(J2)-1
NUMBR{JREF )=NUMBR(JREF ) +1
MEMBR (K ) =JREF
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JI={JREF-1)%NY
J3=(J2-1}¥NY
DO 150 I=1,NV
Jl=J1+1
J3=J3+1
Kl=Kl¢+l
TOTALUJYL)=TOTAL(JLI)+DATA(KY)
CENTRIJL)=TOTAL(JL1 ) /NUMBR{JREF)
TOTAL(I3))=TOTAL(J3)-DATA(K])
CENTRII3)I=TOTAL(J3) /NUMBERLJ2)
150 CONTINUE
160 CONTINUE .
C ALL DATA UNITS ALLOCATEDe TEST FOR CONVERGENCE
WRITE(64,2700) MOVES;NPASS,TDIST
NPASS=NPASS+]
IFIMOVESSLESMINREL) RETURN
GO 70 120
1000 FORMAT{20A4)
1100 FORMAT(2014)
2000 FORMAT( 46HOCONVFRGENT K-MEANS METHOD OF CLUSTER ANALYSIS, /,
A 24H DATA SET STORED IN CORE)
2100 FORMAT{19HOREQUIRED STORAGE =,15,64 WORDS /7
A 19HOALLOTTED STORAGE =,15,6H WOKDS)
2200 FIRMATITHOFORMAT,20A%)
2300 FORMAT( 43HLIINITIAL CLUSTER CENTERS READ IN AS FOLLOWS/7/7)
2400 FORMAT{1X410%12,.4) .
2500 FOCRMAT( 9H1 IPART =,I2, 30H, NUMBR ARRAY READ AS FOLLOWSY//7)
2600 FORMAT{1X,1017)
2700 FDORMAT(1HO,I5437H DATA UNITS WOV:D ON ITERATION NUMBER .13,/
A33H SUMMED DEVIATIONS ABOUT SEED PGINTS =4F16e8)
END
$S16



CLUSTER TRIAL RUN = NON-WIERARCHICAL o TOATAL.

o ——————t

NE = 8
KNV =

N = e
NTIM 3
NTOUT = -

~MINEL u
IPART =
KETHOD = 3

= NN O

REQUIRED 3YORAGE = 166 WORDS

—~ALLOYITER _SINQAGE = 7604 wrpna.

FORSY VETHOD OF CLUSTER ANALYSXS. DATA SET SYORED IN CCRE

RECUln-D SYORAuE = - 250 WOREGS

L_ALLDITES STAPAGE = 7508 _praps
1 " .

i
'

IPART = 2, NUMBR-ARPAY UFAD AS FOLLOWS

a4t . . a0

37 CATA UNITS HOVED ON ITERATINN NU““FR 1

——3UM&CG—DE¥}4;%6“&—*$6h+—6FF9-90+~YS—-—»D-29%26?00&—¥4——

1 DATA UNITS MOVED On TTEFRATION MuUMRER
CUMMED BEVIATIGNS ARﬂUT SEFN POTANTIS = A _6A5690%0F 12

C e ——— e ————

RAJ MEMBERINIP LIST

t o1 2 2 2 g

1 2 2 2 a2 4 t 12 g R S S S S S S .
2 £ .20 g 2 1 3 2 2. 2 t 1 - 2 1 P T Y S KOS EEE S SORRRS SRpat- U S S
2 1 2 1 ? 2 1 1 2 2 2 2 2 1 1 1 1 2 1 f 2 2 - 2 2 1 i
i 1 1t 2 ,
CLUSTER 381ics
&8 36 i
CLUSTER 1 CONTAINS 44 DATA UNITS
CENTROIC COGROINATES -~ - T e e e _— - -
D.72I8E 63 0,2164E 06
v evaEiS=IP-CT5T ”
1 6 7 Bolo 1t 1318 6. 17 18 19 20 21 25 27 29 31 32 3 31 30 4o 41 aa
¢5 @6 a7 50 52 s& 57T SBT 64 65 66 67 69 70 75 16 77 78 79
CLUSTER 2 CONTAINS s DATA UNITS
CONTREIOCOCRT ™ ETES
0.7400E 03 0,5739E 06
MEMBERSHIP LIBY ~— == ——-- - Toe— T
‘2 3 4 s ? iz 115 22 23 24 26 28 30 33 34 35 38 &2 43 48 19 51 S3 SS  5b

£9 69 . 6t 62 63 68 73 72 73. 74 89

%72
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APPENDIX F

Coordinates of Data Points Used in This Study



INPUT DATA FOR EVENLY DISTRIBUTED CAONTRIVED

e

Nalie-Bb Nl U R T AR AV

-~

45
60
71
52
35
15
23
59
17
11
70
33
20
46
12
23
15
35
10
20
52
65
76
15
43
30
56
34
73
23
12
44

50

64
15
22

57

35
10
25
47
65
12
15
30

47
48
49
50
51
52
53
54

55 .

56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

X

a3

85

82

30

90

96

94
100
100
100
105
110
108
110
110
112
115
115
115
120
120
122
125
125
123
125
120
127
130
130
135
140
143
138

DATA - DATAl

39
52
50
20
65
28
46
36
55
70
15
18
41
60
72
68
52
24
20
15
27
47
17
22
74
65
55
43
29
15

20
33
46
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INPUT DATA FOR UNEVENLY DISTRIBUTED CONTRIVED DATA = BATA2

10

10
10
i0
15

15
15
20
20
20
22
25
25
25
25
30
35
40
45
45
45
47

50
50
50
53
55
55
55
55
57
60
60
62
63
63
65
67
55
59
59
64

€5
67
55
65
70
75

60

&5
77
80
55
65
70
58
45
55
65
75
50
45
50
45
50
55
52
40
45
55
60
43
60
55
45
40
36
33

50
45
41

36
38

41

28
28

23

22

47
48
49
50
51
52
53
54
55
56
57
58
59
60
61

53
64
65
66
67
68
69
10
71
12
13
T4
75
76
17
18
19
80

X

62
58
55
50

45

40
45
75
-85
90
90
100
100

. 105

105
105
110
110
110
115
115
115
115
115
1i9
120
122
125
125
130
133
128
125
125

20
15
20
10
10
15
20
25
30
25
35
35

40

30
45
50
28
36
43

©32

40
45
43
55
36
43
51
47
+0

33 .

25
27
30
25

227



INPUT DATA FOR NOFTH BURNABY AREA (STREET LETTER 30X LICATIONS)

ID
N3001
NBOOZ2
NBOO3
NBOO4
NBOO5
NBOO6
NBOO7
NBOOS8
NBOOS9
NBO1O
NBO1l
NBO1iZ2
NBO13
N3014
NBO15
NBG1lé6
NBOi7
NBO18
NBO19
NBOZ20
N80 21
NBO22
NBO23
N3024
NBOZ5
NBO26
NBOZ27
NBO28
NBO29
NBO30
NB031
NBO32
NBO33

N3034 .

N8035
NBO36
NBO37
N8033
NBO 39
NBO4O
NBO41
NBO42
NBO43
NBO44
NBO45
NBO46

X

401,22
398.23
357.G93
265.23
361403
365.13
265463
369.933
365433

- 372.13

37643
384.92
391.63
385.83
378.93
373.93
368492
373.93
368.13
363 .42
36l.13
356.83
356.83
356.83
356.82
356483
362.93
564,332
364.73
352.73
348.63

345,53

348453
352.732
350.73
246473
344443
332.23
329.93
327.03
325.63
323.53

320413

313.33
314.23
318.03

y

228453
22%73
223.73
220.63
214,33
212.03
211.63
209.33
204463
204.83
158.33
199.43
198.63
193.23

193.23
193.253

192.23
190.03
11.63
202.03
205.93
204.83
208443
216.53
220.83
226453
226473
223.82
232433
226.43
216.53
215.33
211.43
212.33
207.33
208.93
209.93
210.43
208.53
210.63
212.53
208.53

214453

213.83
220433
226403

location

SFU MALL

SFU FRONT JF SHELL STATION
SFU FRONT OF STUDENT RES.
DUTHIE AND CURTIS

CLIFF AND WINMCH

DUTHIE AND HALIFAX

1800 DUTHI= '
PHILLIPS AND COROHNADO
DUTHIE AND BROADWAY
CAMROSE -AND BROADWAY

LAKE CITY AND EMTERPRISE
UNDERHILL AND ENTER ‘ _
PRODUCTION WAY AND THUNDZRBIRD CRES.
LAKEDALE AND GOVERNMENT
PIPER AND GOVERMMENT
LOZELLES AND GOVERNMENT
PHILLIPS AND GOVZRINM:ENT
LOZELLES AND WINSTON

7342 WINSTON

BAINBRIODGE AND LOUGHEED
CLIFF £ND BROADWAY

SPERLING AND BRJADWAY -
SPERLING AND ADAIR
SPERLING AND KITCHINER
SPERLING AND CURTIS
SPERLING AMD HASTINGS (5UB LOCHDALE)
BARNET AND HASTINGS

BARNET AND PANDORA

INLET AND SIERRA
KENSINGTOMN AND HASTINGS
FELL AND KITCHENER

HOLDOM AND GRANT

FELUL AND BUCHANASN
KENSINGTON AND HAL IFAX

6265 EAST BROADWAY

5901 EAST BROADWAY{SUS 113)
HOLDOM AND BROADWAY {(3UMAS)
BETA AND LOUGHE:D

ALPHA AND DAWSON

4477 LOUGHEED

ROSSER AND HALIFAX

MADISON AND DAWSON

GILMORE AND GRAVELEY

3765 EAST 1IST

DOUGLAS AND ESMIND
MCDONALD AND PENDER (NB 5TAT.)


http://BAP.NET

NRQ47
NBO43
NBGO49
N80350
NB8G51
NBOsS?2
NBO53
NB0O54
NBOSS
NBG56
NBO57
NB(O5S
NBO5g
NBO&O
NBO61
NBOS?2
N3062
NBO64
NBO65
NBO66
NBD67
NB0D63
NBGSQ
NBO70
NBO71
NB3Q72
NBQO73
NBO74
‘NBO75
NBO76
NBO77
NRO73
NBO79
NBO8O
NBO81
NBOG&2
NB083
NBO84
NB8085
NB 036
NBO87

323.73
319.43
319.43
323.73
323,73
227.72
330,73
336,13
326.1

342.53
339.33
335413
32773
330423
3320.43
327.73
327732
322.03
336,13
334,13
236413
337.43
341.43
344453
246,73
347473

343453 -

339432
332.03
323473
323.73
319443
219443
319.43
319.43
216.03
314.33
314.33
312.53
316,032
318.03

22% 153
222.13
22G.03
218.43
21493
214,95
216,03
219,03
221.02
223413
217.23
212.83
210.83
211.52

223,13
227,03
230673
227.03
230.72
223,23
236433
228423
235.83
232473
230.73
227.03

227.03

MADISION AND UNTON

GILMORE AND VENABLES
CILMORE AND NAPIEZR .

1265 MADISON {SU3 67)
MADISON AND GRAVELEY
ATLLTNGDIN AND BRENTLAWH
FATRLAWN AND MIDLAWN '
OEZLTA AND FAIRLAWN

DIZLTA AMD PARKER

HOWARD AND UNION

1381 SPRINGER

DELTA AND BRENTLAWN
WILLINGTON AND LOUGHEED
EATONS BRENTWOOD (SUS 121)
RTAR BRENTWIOD 3HIP CTR.
WILLINGTON AND PARKER
WILLINGTON AND HASTINGS (5U3 45)
BETA AND HASTINGS

DELTA AND HASTINGS

EMPIRE DR (GAMMA) AND CAMBRIDGE
DELTA AND CAMBRIDGE

HYTHE AND DUMDAS

GROSVENCR AND DUNDAS
HOLDOM AND DUNDAS

WARWICK AND DUNDAS
STRATFORD AND HASTINGS
ELLESMERS AND HASTINGS ($UB 132)
SPRINGER AND HASTINGS

BETA AND UNIGN

MADISON AND HASTINGS
MADISON AND TRIUMPH
GILMORE AND HASTINGS
GILMORE AND TRIUMPH
GILMIRE AND CAMBRIDGE
GILMJORE AND TRINITY
INGLETON AND EDINBURGH
ESMOND AND MCGILL

ESMOND AND OXFORD

BOUNDRY AND TRIUMPH
INGLETON AND HASTINGS
MACDONALD AND HASTINGS (SUB 106}
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INPUT DATA FOR 'SOUTH BURNABY AREA (STREET LETTER 80X LOCATIONS)

I

$8001
SB00O2
SBOO3
S8004
$B8005
SBOOS
$B007
$8008
SBOGOY
$8010
$8011
S8012
$BO13
58014
SBO15
SBO16
SBO1Y
'SBO18
SBOig
$3020
sSBo21
$B022
$8022
58024
$B025
sSB026
$SBO27
$8028
SBO29
SBO30
$BO31
SB032
$B032
SBO34

SBO35

SB036
SB8037
SB038
$B039
$B040
$BO41
SB042
SB043
SBO44
$8045
SBO46

X

375.16

372.36
267.66
362.16

357.66.

552.1

3492, 86
348.06
344 .86
344476
339.46
333.66
342.16

345.16 -

338.03
344.06
329.66
339.¢66
23386
328.66
330.26
328.06
324.36

" 324.36

326.36
316.36
315.16
321.21
316.86
317.96
316.16
316.06

320.86 ¢

320.86
322.56
327.06
324466
324.86
328.76
326.26
321.36
323.46
328436

326446

324.26
321.36

y

162.27

165.67
171.27
172.77
178.97
183.77
185.57
190.67
187.17
181.37
181.37
181.17
189.07
19:.57
206.93
200417
198.57
194.57
166427
191.47
190.17
196.17
196.17
197.97
2032.37

202.17.

196417
192.07
190.67
190.67
187.97
182.37

178.17
174.57
176417
179.62
182.87
167.77
164.07
167.57

161.47

le2.77
156.17
155.07
151.17

location

CANADA WAY AND WEDG=WOOD
CANADA WAY AND GOODLAD
CANADA. WAY AND STANLEY
BUCKINGHAM AND BURRIS
CANADA WAY AND SPERLING
CANADA WAY AND L£OG6GEK
4916 CANADA WAY

GODWIN AND SPROTT

MAHON AND SPRUCE

MAHON AND GILPIN

ROYAL OAK AND GILPIN
GARDEN GROVE AND MUSCROP
5325 KINCAID

. DOUGLAS AND WODLDSWORTH

2210 DOUGLAS ROAD

DOUGLAS AND REGENT

ROYAL OAK AND MANAR

4694 CANADA WAY

GARDNER COURT AND CANADA WAY
3700 WILLINGTON (FR0ONT 8CIT)
3700 WILLINGTON (SAC BCIT)
WILLINGDDN AND CANADA WAY
SUMNER AND CANADA WAY
SUMNER AND DOMINION
GILMORE AMND STILL CREEK
SMITH AND MYRTLE

3737 CANADA WAY

KALYK AND MITHSDALE

3815 SUNSET (SuU3 93)
BURNABY GEN HOSPITAL
SMITH AND SPRUCE

SMITH AND MOSCROP
PATTERSCON AND MSCROP
PATTERSON AND HAZELWOOD
BARKER AND BOND

GILPIN CRES AND BURKE
BARK=ER AND GILPIN

DARWIN AND MOSCROP

MCKAY AND KINGSWAY

MCKAY AND BERESFOIRD
PATTERSON AND BERESFORD
CASSIE AND MAYWOIQD
BERESFORD AND TELFORD
SUSSEX AND IMPERIAL

MCKAY AND VICTORY
PATTERSON AND RUMBLE
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S6047
55043
$8049
58050
$8051
$BO52

33055 -

SBOE4
S8055
S$3056
SR057
$S5058
58059
$8060
SB80A1
SB3062
SBO63
$80¢%

SBG6S
SBO66
S8067
$3068
SBO63
S8070
SBOT1
8072
S8073
$S8074
$8075
$8076
SBOT7
SBO78
S8GT9
SB080
$8031
Sgo82
SB083
SB034
$B0O85
$B036
SB8087
SBOS8
SB8039
$80990
$8091
$B092
$8093
$B8094
SB095
SBO9S

21 436
b.46

-26
646
29.76

W

NN LN

w0

W

(S
»
L W
oo

W L WL
VY O 3
I
~

o & o
w

[§8]
o

oL oy U

339.61
343,66
347.86
347.86
347.86
347.86
347456
352416
352.156
343.66
243,66
339.86
339,86
339,86
339.86
326.96
321.36
317.06

315.46

314,86
314.86
314.86
332.76
332.76
335.26
339.36
344.21

348481
352.06 .

355426
357.56
357.56
360.26
363.26
272.10
369.7¢
366656
367T.76
364.46
362426
352.96

148.07
143.17
146.77
151.07
1532412
151.07
145,77
155.07
156.17
1556.07
i55.17
183.77
150,97
147.97
144.87
140.47
147.87
151.92
150,97
146.87
150,97
143.97
145,97
141.97
144.92
144,97

143477

146.77
151.12
154,07
158.07
176617
171.92
173.07
168.02
163.77
165,57
163.57
164.97
168.37
161.47
165.07
16137
159.77

160.77

159.07
155,07
155.27
155.17
129.17

PATTERSON AND PORTLAND

SUSSEX AND PORTLAND
STRATHEASN AND HMCKEE
SUSSEX AND RUMBLZ
FREDERICK AND WATLING
NELSON AND RUMBLZE
NILSON AND MCKEE

NELSON AND VICTORY
DUNBLANE AND IMPERIAL
RIYAL CAK AND BEREISFORD
MCPHERSOM AND BERESFUIRD
BULLER AND BERESFORD
BULLER AND RUMBLZ
BULLER “AND PORTLAND
BULLER AND CARSIN
GILLEY AND MARINE
GILLEY AND PORTLAND
7542 GILLEY

- MCPHERSON AND RUMBLE

MCPHERSON AND MCKEE
ROYAL OAK AND RUMBLE (SUB 921}
ROYAL OAK AND CLINTON
ROYAL OAK AND EWART
RIYAL DAK AND MARINE
SUSSEX AND MAR INE
PATTERSON AND MARINE
GREENALL AND MARINE
JOFFRE AND CARSOIN
JOFFRE AND RUMBLE (SUB 109)
JOFFRE AND ARBOR "
JOFFRE AND DUBDIS
SUSSEX AMD BURKS

SUSSEX AND SARDIS
NELSON AND BUXTON

ROYAL CAK AND D3IVER
ELGIN AND IRVING
WALTHAM AND BERWICK
GILLEY AND BURNS
BRANTFORD AND STANLEY
SPERLING AND WALKER
SPERLING AND BURFIRD
WALKER AND STANLEY (SUB 97)
WALKZR AND IMPERTAL
MARY AND VISTA
HUMPHRIES AND ELWELL
LINDEN AND ELWELL
ESMONDS ANU KINGSWAY
7155 KINGSWAY (SUB 120)
SALISBURY AND KINGSWAY
COLBOURN:E AND IMPERIAL



SB097
$B098

58099.

SB8100

$B8101

$8102
$8103
SB104
SB8105
$8105
S8107

SB103 |

SB109
$B1llo
SB11l1
S$B112
SB8113
$S16

357.56
252.06
346436
242,76
339426
333,26
330.76
332.26
335.28
333,76
331.36
331.86
329.51
3206496
323.50
318.11
316.06

155,17
156.87
159.1

160.32
162.57
159.17
164.42
164.37
164.52
165.37
166.47
167447
169.37
168.87

169,67

171.47
173.57

232

SPERLING AND KINGSWAY
GILLTY AND KINGSWAY
KINGSWAY AND IMPIRIAL
DENBIGH AND KINGSWAY

KROYAL OAK AND KING3WAY (SUB d5)
JUBILET AND IMPERTAL
SIMPSON SEARS (SUB 65)
SIMPSOM SEARS ‘ ‘
NELSON AND KINGSWAY
MCMURRAY AND KINGSWAY
SUSSEX AND KINGSWAY

6025 SUSSEX

PIODNEZER AND GRANG:E

4429 KINGEWAY ({SUB le2i

4211 KINGSWAY

JERSEY AND KINGSWAY (SUB 88)
SMITH AND THURST N
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APPENDIX G

Membership Lists of Groupings Defined
by

Various Clustering Methods



MEMBERSHIP LIST OF GROUPS DEFINED BY VARIOUS METHOODS
EVENLY DISTRIBUTED CunNTRIVED DATA SET - DATAL

SINGLE LINKAGE @ EUCLIDEAN DISTANCE + SuUM GF DIFFER&NLES

GROUP 1 =
1 2
16 17
31 32
46 41
63 68
GROUP 2 -
57 58
SINGLE
GROUP 1 -
1 2
26 28
GROUP 2 -
7 10
36 37
53 54
68 69

LINKAGE 3

67 MEMBERS
3 4
18 19
33 34
43 %9
71 72
13 MEMBERS
64 65

22 MEMBERS

3 4
30 34
58 MEMBERS
11 14
39 40
55 56
70 71

5
20
35
50
73

66

COMPLETE LINKAGE METHGD

GROUP 1 -~
1 -2
16 17
33 34
GROUP 2 -
31 32
51 52
66 67

35 MEMBERS
3 4

18 19
35 38
45 MEMBERS
36 37
53 54
68 69

AVG. LINKAGE BETWZEN

GROUP 1 -~
1 2

16 17
31 32
46 417
GROUP 2 -
52 53
67 68

51 MEMBERS

3 %

18 19
33 34
48 49
29 MEMBEZRS
54 55
69 70

5
20
42

39
55
70

MERGED

5
20
35
50

56
71

6
21
36
51
14

67

6 8
38 43
17 18
42 44
53 .59
73 74

6 7
21 22
40 41
56 51
71 72

GROUP

6 7
21 22
36 317
51
57 .58
72 713

T
22
37

52

30

69

CHI-SQUARES METHOD

8
23
38
53

70

20
45
60
15

43
58
73

23
38

59
74

9
24
39
54%

15

i2

-21

4L
61
76

44
59
14

10

25 .

40
55

16

i3

.25

47
62
117

10
25

45
60

~15

10
25
40

61
16

1li
20
i
S50

77

i>

27
40
65
13

il
20

40
Y%
10

li
20
41

oz
17

43

McTHUDS
12 13
27 28
42

59 60
76 79
i9 22
29 31
49 50
o4 65
79 80
iZ 12
21 28
47 48
62 63
17 76
iZ 13
27 28
4< 43
63 64
18 79

14
29
44
61

32

51
66

14
25

49
64
79

14
29
44

65

80

234

i>
=0
45
62

24

33
52
67

i5
30

50
&

83

15
30

45



AVG. LINKAGE WITHIN NEW GROUP

1 2 3 4 5 6
16 17 18 19 20 21
31 32 33 34 35 36
46 47 48 49 50  5i

GROUP L - 53 MEMEGSERS

GROUP 2 = 27 MEMBERS
52 54 56 57 58 53
69 790 71 12 73 14

CENTROID AND MEDIAN METHODS
GROUP 1 - 49 MEMBERS
i 2 2 4 5 6
16 17 18 19 20 21

31 32 33 34 35 36

438 49 50 51

GROUP 2 - 31 MEMBERS
46 41 52 53 54 55
65 66 67 68 69 70
80

WARD'S METHOD
GROUP 1 - 43 MEMBEZERS

1 2 3 4 5 6
16 17 18 19 20 21
317 32 33 34 36 37

GROUP 2 — 37 MEMBERS
35 38 39 42 43 47
58 59 60 61 62 63
713 14 15 16 17 18

JANCEY'S,
GROQUP 1 - 36 MEMBERS

2 3 4 5 9 12

35 38 42 43 48 49

68 71 12 73 T4 80

GROUP 2 = 44 MEMBERS
1 6 7 3 10 11
&1 29 31 32 36 37
54 517 58 64 65 66

1

22
37
53

60
15

22
40

48

64
79

15
51

13

-39

67

8
23
38
55

16

23
38

51
72

23
41

49
65
80

FORGY*S AND CONVERGENT K-MEAN

22
53

i4
40
69

9 10
24 25
39 40
62 63
77 78

$ 10
24 25
39 40
58 59
75 14

9 10
24 25
44 45
51 52
66 67

METHODS
23 24
55 56

16 17
41 44
70 75

1i
20
4i

o+
173

ii
20
41

6U

15

ii
20
%40

55
od

20

53

1o

16

ic
27

4

03
30

iz
27

32

oi
76

i
217
50

S5

09

28
60V

19
4u

17

13
28
43

66

13
28
43

62
17

13
28
52
55
70

30
61

20

47
78

14
29
44

67

i4
29

4

63
73

56
71

33
62

21

50

79

235

15
30

45

63

15
30

45

o4
79

15
30

517
12

34
63

25



MEMBERSHIP LIST OF GROUPS DEFINED BY VARIOUS METHJDS

UNEVENLY DISTRIBUTED CONTRIVED DATA SET - DATAZ

SINGLE LINKAGE :

MEMBERSHIP LIST NOT ANALYSCL

SINGLZ LINKAGE & SUAM

GROUP 1 -
1 2

17 18
GRUOUP 2 -
15 19
33 34
GROUP 3 -
43 44
58 59
73 14

17 MEMBERS
3 4

25 MEMBERS
20 21
35 36
38 MEMBERS
45 46
60 61
75 76

47
62
77

COMPLETE LINKAGE METHID

GROUP 1 -
i 2

16 17
GROUP 2 -
20 21
35 3&
50 51
GROUP 3 -
54 55
69 70

19 MEMBERS
3 4

18 19
34 MEMBERS
22 23
37 38
52 53
27 MEMBERS
56 57
71 72

AVG. LINKAGE METHODS

GROUP 1 — 20 MEMEBERS
1 2 3 4

16 17 18 19

GROUP 2 —-33 MEMBERS
21 22 23 24
36 - 37 - 38 39
51 52 53

GROUP 3 — 27 MEMBERS
54 55 56 57
69 70 71 T2

5

24
39

58
73

DIFFERENCES
6 1
23 24
38 39
43 439
63 b4
78 79
6 7
25 26
40 41
59 50
74 15
6 7
26 27
41 42
59 60
74 15

EUCLIDEAN DISTANCE MzTHOD

NO CHI-SQUARES

8

25
40

50
65
80

27
42

61
16

28
43

61
76

9

26
41

51
66

62
17

29

44

62
17

10

27
42

i0

29
44

63

i8

10

30
45

63
78

Mz THOOS
1i 1e
28 - 29
53 54
& o9
li id
30 31
4> 46
6% 65
9 30
li ie
34 32
40 47
64 obH
17 38y

13

30

55
70

32

66

13

33
48

66

14

31

56
71

14

34
49

67

236

16

57
72

34
49

68

35
50

68



CENTROID AND

GROUP 1 -
1 2

lo 17
GRUUP -2 -
21 22
36 317
5i 52
GROUP 3 -
58 59

73 14

20 MEMBERS
3 4

i8 19

37 MEMBERS
23 24
38 39
53 54

23 MEMBERS
60 61
75 76

WARD®S METHGD

GRAQUP 1 -
1 2

16 i7
31 32
GROUP 2 -
43 44
GROUP 3 -
57 58
72 13

42 MEMBERS

3 4

18 19
33 34
14 MEMBERS
45 46
24 MEMBERS
59 60
14 75

JANCEY'S METHOD

GROUP 1 -
1 2

17 18
GROUP 2 -
36 43
60 63
GROUP 3 -
15 19
39 40
72 73

23 MEMBERS

3 4
24 28
23 MEMBERS
44 45
66 16
34 MEMBERS
20 21
41 42
14 75

MEDIAN METHODS

5

20
25
40
55
62
77

47

61
16

%6
77

22
57

26
41

26

63
13

21

36

48

62
17

FORGY'S AND CONVERGENT K-MEAN

GROUP 1 -
1 2

31
GROUP 2 -
35 36
55 56
GROUP 3 -
3 11
32 33

70 12

16 MEMBERS
4 5
29 MEMBZIRS
40 43
57 58
35 MEMBERS
15 lé
34 37
73 74

6

44
60
19
38
75

7
45
63

20
39

7 8
21 28
42 43
57
64 65
79 80

7 8
22 23
37 38
49 50
63 64
78 79

7 8
32 170
48 49
73 80
25 26
59 61

METHODS

8 9
46 47
64 66
21 22
41 42

29
44

60

24
39

51

65
80

50

27
62

10
48
71

23
59

10

30
45

10
25
40
52

66

10

51

30
64

12

49
76

24
61

la

31

©3

ii
206
4i

61

1i -

5¢

33

is

50

17

25
ol

L2

32

o9

iz
21
42

65

il

53

34
67

1

51

lo

26
02

13

33

48

13
28

55

65

13

54

35
68

17
52
19

21
67

14

34
49

71

14
29

56

70

i4

55

37
69

18

53

80

28
6y

237

15

35
50

72

71

16

38
71

29

54

30
69



MEMBERSHIP LIST OF GRGUPS DEFINED BY VARIUUS METHODS
EMPIRICAL DATA - NORTH BURNABY AREA - NBDATA

SINGLE LINKAGE:
AVG. LINKAGE dETwc
GROUP 1 - 3 MEMBERS
i 2 3
GROUP 2 - 84 MEMBZERS
4 5 6 7
i9 20 21 4
34 35 36 37
49 50 51 52
64 65 66 67
9 €0 81 82

SINGLE LINKAGE 3

GROUP 1 -
1 2

le 17
GROUP 2 -
25 26
45 46
60 61
15 76

29 MEMBERS
3 4

18 19

58 MEMBERS
27 28
47 48
62 63
77 78

8
22
38
53
68
43

5
20

29
49
64
79

COMPLETE LINKAGE METHOD

GROUP 1 -
1 2
16 17
31 32
GROUP 2 -
38 39
53 54
68 69
83 84
AVG.
GROUP 1 =
1 2
50 51
79 80
GROUP 2 -
4 5
19 20
34 35

72 73

37 MEMBERS

3 4
18 19
35 34
50 MEMBZRS
40 41
55 56
70 71
85 86

3G MEMBERS
K} 38
52 55
81 32
43 MEMBERS
6 7
21 22
36 37
T4

5
20
35

42
57
T2
87

39
58
83

8
23
54

9
24
39
54
69
84

6
21

30
50

65

80

21
36

43
58
73

LINKAGE WITHIN NEW GROUP

40
59
84

9
24
55

10
25
40
55
70
85

CHI~-SQUARES METHID

7
22

31
51
66
81

22
37

59
T4

MET HOD

41
60
85

10
25
56

11
26
41
56
71
86

32
52
67
82

45
60
75

42
61
86

il-

26
57

12
27
42
57
12
87

24

38
53
68
83

46
61
76

43

62

87

12
21
65

13
28
43
538
73

10
33

39

54

69
84

10
25

47

62
17

44
63

13
28
66

la
29
@3
29
74

1i
34

40
55
79
85

1i

20

48
63
136

45

o4

AY
29
61

15
30
45
60
75

1
35

4l
50
71
86

i2

21

49
64
79

46

15.

3.0
66

EUCLIDEAN OISTANCE AND SUM OF DIFFERENCES METHODS +
Wz MERGLEU GRUUP METHUD
S

16
31
46
61
76

13
36

42
57

.12

87

13
238

50
65
80

47
76

16
31
69

17
32
47
62
17

14
37

43
58
73

14
29

51
66
81

48
17

17
32
70

238

13
33
438
63

78

15

44
59
74

15
30

52
67
82

49
78

13
33
71



CENTROID AND MEDIAN METHODS

GrROUP 1 -
1 2
GROUP 2 -
4 5

28 29
43 44
58 59
73 14

12 MEMBERS

3 i1

75 MEMBERS
6 7

30 31
45 46
60 61
75 16

WARD'S METHOD
GROUP 1 - 35 MEMBERS

1 2

16 17
36 37
GROUP 2 -~
26 21
48 49
66 67
81 82

3 4

18 19
54 55
52 MEMBERS
28 29
50 51
63 665
83 84

JANCEY 'S METHOD

-GROUP
1 2
16 i7
31 33
GROULP 2 -
32 37
51 52
66 67
81 82

1 - 35 MEMBERS

7,

3 4

18 ig
34 35
52 MEMBERS
38 39
53 54
63 69

83 84

12

g
32
47
62
77

20
57

30
52
70
85

20
36

40
55
70
85

13

9
33
48
63
8

21

38
53
71
£6

21

41
56

71

86

FORGY'S AND CONVERGENT K-MZAN
GROUP 1 = 31 MEMBERS

1 2

le6 17
35

GROUP 2 -

30 31

417 48

62 63

[ 18

3 4

18 19
56 MEMBERS
32 33
49 50
64 65
79 80

5
20

36
51
66
81

6
21

37
52
67
82

14 15
10 20
34 35
43 50
64 65
79 80
7 3
22 23
39 40
56 58
72 73
g7

7 8
22 23
42 43
57 58
72 13
87

METHODS

7 8
22 23
38 39
53 54
68 69
83 84

16

21
36
51
b
81

41
59
T4

44
59
74

40
55
70
85

17

22
37
52
617
82

10
25

42
60

5

10
25

41
56
7L
86

14

23
30
53

1 od

85

ii
3

43
oi

1o

i1
20

40
ol
76

ii

2o

42

517
12
87

19

2%
39
54
69
84

i2
k- ¥4

44
ol
17

iz

Z

417
ol
11

L2
27

43
54
73

25
40
55
70
85

13
33

45
63
78

13
28

48
63
18

13
28

44
59
T4

26
41
56
71
86

14
34

46
0%

13

14
29

49
6%
19

14
29

45
60
15

239

21
42
517
72
817

) —
LS O3]

w o
Cwm o~

15
390

59
65
80

46
61
76



MEMBERSHIP LIST OF GRGUPS DEFINED BY VARIOUS METHJOS

EMPIRICAL DATA -

SINGLE LINKAGE @

SOUTH BURNABY AREA - SBDATA

AVGe LINKAGE BETWEZEN MERGED GRAUUP
GROUP 1 - 21 MEMBERS
1 2 3 4 5 83 84
93 94 95 96 97 S8
GROUP 2 = 26 MEMBERS
6 7 8 S 10 11 13
22 23 24 25 26 27 28
GROUP 3 - 66 MEMBERS
12 33 24 35 36 37 38
47 48 49 50 51 52 53
62 63 64 €5 66 67 68
17 78 719 80 81 32 39
108 169 110 111 112 113

SINGLE LINKAGE : CHI
GROUP 1 - 34 MEMBERS
1 2 48 49

66 67 68 69
95 36 g7 98
GROUP 2 - 36 MEMBERS
3 4 5 40

14 75 76 117
103 104 105 106
GROUP 3 - 43 MEMBERS
6 7 8 9
21- 22 23 24
36 37 38 39

MzTH3D

B85

14
29

39
54
69
i00

SQUARES METHOD

52
70

42
31
107
10

25
41

COMPLETE LINKAGE METHAOD

GROUP 1 -
i 2

94 95
GROUP 2 -
45 46
60 61
75 16
GROUP 3 -
5 6

20 21
35 36

111 112

20 MeMBELRS
3 4

96 97
45 MEMBERS
47 48
62 63
77 81
48 MEMBERS
7 8

22 23
37 38

113

83
S8

49
64
82

g
24
39

53
71

43

32

ig3

i1
26
78

84

50
65
99

10
25
40

57
72

44
83

12
27
79

85

51
606
100

11
26

41

58
73

45
84

13
28

g0

&6

52
67
101

12
217
42

SUM DOF DIFFERENCES METHID +

86

15
30

40
55
70

101

59
37

46
85

i4
29
109

a7

53
63
102

13
28
" 43

87

16
31

41
56
71
102

60
89

4
86

15
30
110

88

54
69
103

i4
29
44

83

it7
22

42
517
12
FRVES

b1
U

50
84

16
34
1i1

89

55
70
ida
i
a3V
713

id

43
50
13
104

9i

51
99

17
32
11l

U

50
I
105

1o

31

19

SC
19

44
59
14

105

92

54
100

18
33
113

91

51
12
106
17

32
80

9l

45
60
75
106

64
93

19
34

92

58
15
107

138
33
109

240

S2

21

46
ol
16
107

65
94

56
102

93

59
14
i08

19
34
110
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AVGe LINKAGE WITHIN NcW GROUP METHOD
GRDUP 1 - 22 MEMBERS
1 2 3 4 5 83 84 85 86 87 88 89 90 91 92
93 34 95 96 97 I8 99
GROQUP 2 - 36 MEMBERS :
46 41 48 49 50 51 52 53 54 55 50 57 58 59 60
61 -~ 62 63 64 65 66 67 68 69 70 {1 1< 73 14 75
76 71 g2 100 101 102 '
GROUP 3 -~ 55 MEMBEZRS -
6 1 8 9 10 11 12 13 14 i5 io i7 18 19 2U
21 22 23 24 25 206 21 . 28 29 30 34 2< 35 34 35
36 37 38 39 40 41 42 43 44 45 i3 79 80 81 103
104 105 106 1107 105 1€C9 110 111 112 113

CENTROID AND MEDIAN METHODS

GROUP 1 - 2 MEMBERS
62 70 °

GROUP 2 - 18 MEMBERS |
15 16 17 18 19 20 21 22 23 24 25 20 271 28 29
30 31 32

GROUP 3 - 93 MEMBERS

1 2 3 4 5 6 7 3 9 10 1L  s& 13  i4 33

34 35 36 37 38 . 39 40 41 42 43 44 45 . 46 41 43
49 50 51 .52 53 54 55 56 57 58 59 60 6l 63 64
65 66 67 68 69 71 72 13 T4 15 1o 11 18 19 8O
gL 82 83 384 85 8 87 &8 89 90 9L 9z 93 S4& 95
96 97 98 $9 100 101 102 103 104 105 LGo 107 108 109 ild

111 112 113 -

WARD'S METHOO
GROUP 1 = 45 MEMBERS _ '
1 2 3 - 4 52 23 54 55 56 = 57 54 59 60 61 62

63 64 65 66 67 68 69 70 81 82 83 84 85 86 87
88 89 50 91 32 93 94 95 96 97 9 99 100 101 102

GROUP £ - 28 MEMBERS
. 5 6 7 8 9 10 il 13 - 14 15 lo 17 138 19 20
21 22 23 24 25 26 27 28 29 30 3i 32 33

GRDOUP 3 - 40 MEMBERS
12 34 35 36 37 38 39 40 41 42 43 &4 45 45 47
48 49 50 51 71 12 73 74 5 76 11 718 79 80 103
14 105 106 107 108 109 110 111 112 113



JANCEY*S METHOD
GROUP 1 - 33 MEMBERS
6 i 8 9 10
21 22 23 24 25
37 33 78 '
GROUP 2 - 46 MEMBERS
35 36 40 41 42
53 54 55 56 67
79 80 81 101 102
113
GROUP 3 - 34 MEMBEXRS
] 2 3 4 5
82 g3 84 35 86
97 g8 9% 100

11
26

43
68
103

FORGY'S AND CONVERGENT K-MIAN

GROUP 1 - 34 MEMBERS
6 7 8 9 10
21 22 23 24 25
36 37 38 18
GROUP 2 - 49 MEMBERS
39 40 41 42 45
54 55 56 57 65
76 11 73 80 81
110 111 112 113
GROUP 3 - 30 MEMBERS
1 2 3 4 5
85 86 87 83 89
$3516 '

11
26

44
66
160

58
90

12 13
271 28
44 45
69 70
104 105
58 59
88 89
METHODS
12 13
27 28
45 46
67 63
101 102
59 60
91 92

+6
71
106

60
940

14
29

47
65
103

61
83

15
30

47
12
107

61
91

15
30

43
70
104

62
94

io
3i

40
73
104

oc
9

31

49
1i

i0o

63
95

242

il is 19 2Q
o : 3

49 50 51 52
T4 15 76 77
ivsy 110 11i i1z

SN o
W

64 &5 té

\

LL

e
)
(:v
i
[
o

2
32 33 34 35

50 51 52 53
¢ 13 74 15
loo 107 108 109

0% 82 83 84
30 57 948 99
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APPENDIX H

Listing and Sample Outputs from ROUTE: a Computer

Program Designed for Evaluating Clusters



DIMENSION X(lOC)vY(’OO)'D(lOOclUU)oS(lOOy'GU)oDD’(IOUBv

1 IT(lUU)U\Ar(SOOO)9'\JJ(50J0)1L(100’vSJ(lJJ'lO)1
2 LR(50,100),LLRI10,100)sLK{1I00)+PROTIT(15)
3 s FSAL2)y TIMTLI00},LAB(2I00),DISTZLIVUI,1U1l),
4 AREA(S) 4 NLRLLOD)Y»SOT(345000) » SHAME(LOO0410)
5 LABl(lOO)'TITLE(ZO)yNAY(ZJ3

C

C THE FOLLGOWING ARE IMPOKTANT VARIABLES:-

c

C PROTIT = PROBLEM TITLE

C ARZA(I) = GEOGRAPHIC LIJCATION

L ICAP = CAPACITY 2F TRUCK {NQ. OF STOPS)

C ITIN = TIME CONSTRAINT OF TRUCK ROUTE

C M = TOTAL NUM3ER OF TRUCKS

C TNUM = TOTAL NUMBER OF BOXEZS IN THIS AREA

C ISTIME = STOPPING TIME AT Z4ACH BIX

C AVGSPD = AVERAGE TRUCK SPrED IN MoPeHe

c SCALE = MAP SCALZ (1 MM= XX MILES)

C NPLOT = PLOTTING CONTROL MUMECK :

C NPLOT=1 SXISTING ROUTE PLOTTEO

c NPLOTeGTel ONLY NEW ROUT= PLOATTED

c XORD = X—-CODRDINATE 2F STATION IN MM

c YORD = Y-COORDINAYTE OF STATION IN ™H

C N = N3O DF 30XzZS FOR THIS ROUT:z

C FSA = FORWARD SORTATION AREA

c TYPE = SLB/BR

c XORG = X—CUOORDINATE FOR PLOT CRIGIN {INCHEZ)

C YORG = Y-COORDINATEZ FOR PLOT QRIGIN {INCHES)

c

READ (5,11) PROTIT
11 FORMAT (15A4) :
~ WRITE (6,190) PROTIT '

130 FDORMAT (’l'oZO(/)vZSX,'MULTIPLE ROUTS SCHEDULING BY SAVINGS ¢,
I'ALGORITHM==-=- V9 /26X,1544%)
READ( 5,15 ) (AREA(T )}y I1=1,5), ICAPITIMyMy INUA+ISTIME  NPLUT »AVGSPD,
A SCALE

15  FORMATI{5A4,614,2F10.6)
WRITE( 69603 (AREA(TI ) gI=195) s ICAP s ITIMy AVGSPDeiMy INUMySCALE

60 FORMAT('1',10(/),15X,'THE FOLLOWING RDUTING PRINT-OUTS FOR ',
1 5A4y% AREA ARE BASED ON : =0//,17X,
2 CCAPACITY CONSTRAINT OF EACH TRUCK ROUTE = *,16,2X, 'BIXES//
3,17X, STIME CONSTRATHT OF FACH BOUTE'411Xe'= v, 1064 2Xy VAINUTESY//,
4 17X, 'AVERAGE SPEED OF TRUCKS SN ROUTE!,BXs'= *4F60212Xs MaPoHo !/
5/917Xy *TOTAL NUMBER OF ROUTES IN THE ARCA'0Xe'= ¢ 416s2Ks "ROUTESY/
6/ 417Xy TOTAL NUMBER OF BOXES IN THE ARZA' 47Xy "= vy 102X, *BOXESY/
773 17Xy "MAP SCALE®431Xe "= 942Xy '1 MM =0 ,F10e6y *MILES 4/ )
WRITE(6461) ISTIME -

61 FIRMAT(L7X,*STOPPING TIME FOR RESIDENTIAL BIKES?®45Xe?=%,5Xs12,2X,
LYSECONDS? 4 //417X, *STOPPING TIME FOR BUSINESS BOXES',tXs'=" 45X,
2'AS SPECIFIED! 4//) |

]
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OO

92
1

C
c
c

OO0

JC=0
IR=0

TDIST=00 .

READ(5,18) FSAyTYPC,XORD,YIRU §XORG,YORG,IPLOT,ILIST
FORMAT(5X 284 4FBo2, 214)

. DO 987 IL=1,100

IT(IL)=2
X(o) ~ X-CODRDINATE OF CALL POINT (o)
Yio! ~ Y-COORDINATE OF CALL POINT ()
Lie) - LABEL OF CALL PUINT {o) "
TIME (o) - STUPPING TIMzZ REQUIRED AT POINT ()
Dlere) ~ DISTANCE BETWEEN CALL POINTS (oo
DDO(s) - DISTANCE OF CALL PUINT {o) FROM (0,0)
Slosa) = SAVINGS BY JOINING CALL PIINTS(ess)
LR{T,J) - LABEL OF JTH ELTe IN SUBROUTE !
NLR (o) -~ NOo OF ELTo IN SUBROUTE(.)
HNR - NOe OF CURRENT SUBRDUTES

READ LABEL AND LOCATIGN OF ZACH BOX

CALL SELECTUL XY sTIMESSNAME, INUMyTITLE yWAY i)
CALCULATE DISTANCE BETWEEN BOX AND ORIGIN

D0 1 I=1,N A

DDO(I )= (ABSIX(I)-XDRO)+ABSIY({I)-YORD))

NM1=N-1 )

CALCULATE DISTAMCE SAVED MATRIX AND DISTANCE MATRIX

D=DISTANCE MATRIX S=DISTANCE SAVED

DO 3 I=1,NM1

K=1+1

D0 3 J=KyN
DUIJ)=(ABSIX(I)=-X{2)) )+ {ABSIY(T)I=-Y(J)))
SU1,J)=DDO(1)+D00LJ)-D(1,+J)
SGJeId=S{14J)

DUJs11=0(1,J)

CONTINUE

NA=N+1

DO 5 I=1,NA

D{1,I1}=0o6

S(I+1)=0,

K=0

CALL COUNT(OyN+TITLE,WAY,SCALE)

STORE DISTANCE SAVED MATRIX IN A VECTQR

SOT(lyo)=FROM—MAILBOXySOT(Z..)=T0-MAILBOX,SOT(3o.)=DIST-SAVED

DO 4 I=1,NM1
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OOOOO0

OO0

OO0 OO0 OO0

ao

IP1=1+1
DI 4 J=IPL,N .
K=K+1
SOT(1,K)=]
SOT(24K)=J
SOT(34K)=S11,4d)
4 CONTINUE

SORT VECTOR BY DISTANCE SAVED VALUES

NN={(N®N)-M}/2

CALL ISORT(SOT,32,4300041,NNy3y3,-1)

DO 10 I=1,NN

NI(I)=S0T(1,1?

Nd(I)}=507T{2,1
10 CONTINUE

)
)

BEGIN ROUTE CHOICE HEURISTIC. .

SUBRQUTES ARE FORMED BY SEARCHING IN THZ LIST S0T(3s.) FOR
MAXo SAVINGS AND ARE LINKED MULTIPLLY.

NR=0
20 DI 12 I=1,NN

IF NEGATIVE, IT 1S ALREADY IN ROUTE
IF (SOT(351)0lTo0e) GO TO 12
TEST TC SZE IF ONLY ONE IS END POINT OF SUBROUTS

IF {ITINJUI))oNELITININI))) GO TO 21

TEST TO SEE IF IN SUBROUT

(1]}

IF (IT(NJ{I))eEQel) -GO TO

o
(28]

BEGIN NEW SUBRCUTE

ITINICI))
ITINIC(ID)

NR=# OF NEZW ROUTES,LK(

NLR(NR)=2oNDe OF e LABELS
NR=NR+1
LRENR»1)=NILI)
LR{NR,2)=NJ(I)
NLR{NR})=2
GJ TO 12

1
1

NEs1)=LABELo1STeBOXyLRYNRy2)=LABELG2,B0OX
=2 ’
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c ADD NI(I) TO SUBROUTE

C

22 DI 71 J=1,NR

C EG ROUT1=12-14-17 ROUT2=13-20- 14 TRY TO MATCH AND MAKE 1 ROUTE
€ 1 ROUTE=18-2-~12-14~-17

C FIND SUBRNDUTE(S) AND END

C CHECK TO SEE IF EITHER HAS EBESN JIUINED TOGETHER BIZFJRE sd THAT
C A CLOSED LOOP IS NOT COMPLETED TOD SARLY

IF (LR{UJy 1) o=QoNI{T) e DR LRIJyNLR(IIILEQaNI(I)) Ki=J

IF (LR(J11)0cQeNJII)oORaLRIJINLR(J))IoZQeNI(I)) Kz=J
71 CONTINUE

IF (Kl.EWQeKZ2) GO TO 12

TeST FOR BOTH AT BEGINNING OF SUBROUTE
IF NEITHER LABEL OCCURRED BEFORE STORE IN NEW ROW OF MATRIX BUT
D0 NOT CHECK FOR ANYTHING _

IF (LR{K1y1)oEQoNI{T)IoANDoLRIKZ91)0EQeNJII)) GO 7O 73

TEST FOR ROUTES FITTING TOGETHER

OO0 a0

IF (LR(Kl:NLR(Kl))oﬁQoMI(I)eANDoLR(K29NLR(K2))oEQeNJ(I)) GO TO 79
IF OLD BOX LABEL=NEWBCX LABEL GO TO 72

IF {(LRUIKLyNLR{K1}))oEQeNI(I)) GO TO 72

GO T2 99

(@}

REVERSE ORDER OF SUBRGUTE K1 & PLACE INTO LLR

OO

73 NK1=NLR(K1)
DO 75 J=1,NK1 _
LLRIKL, NLRIKL)=J+1)=LR(K1,J)

75 CONTINUE

C STORE NEW LABEL IN NEW ROW OF MATRIX

DO 88 J=1,NK1
LRIKL,J)=LLRIKL,J)

88 CONTINUE

PLACE BOTH SUSROUTES INTO ROUTE K1
NK1P2=SUM TOTALoNO-LABELS NK1=NQo0OF o BOXESe INe K1eRIUTE
72 NK1P2=NLR{K1)+NLR({K2)
- NKL=NLR(K1)+1
C JDIN UP 2 SUBROUTES TOGETHER
DO 76 J=NK1,NK1P2
LR{KLsJI=LR(K2yJ=NLR{K1})
LR{KZ2sJ=-NLR(K1))=0
76 CONTINUE
NLR(K1)=NKL1P2

(aNeNe]

TURN LABELS ARQOUND

e NeKel

IF(K2oGTeK1) GO TO 78



83

K2P1l=K2+1

C INCURPORATE NcW RIUTE AND RENUMBER JLD ROUTE 52
C NLR=# OF BOXES IN ROUTE COUNTER LR=MEW LABELS

17

78

66

aAC o

81
80

99

C
c
c
2

1

C SWITCH LABELS FOR NEW BOXES THE OLD BOX HAS ALRZADY JOINzD WITH
C ANOTHER NCW IT B8=COMES A "TO=

52

00 77 J=K2P1,NR
NLRJ=NLR(J)
NLR{J=-1}=NLR(J)
DI T7 K=1,NLRJ
LR{J=-1,K)=LR{J,K)
CONTINUE

NR=NR-1

GO TG 100
IF{K2.EQeNR) GO TO 67
NNR=NR-1

DO 66 K=K2yNNR
JAK=K+1

NNUM=NLR{ JAK)

DD 66 J=1,NNUM
LR{KyJ)=LR{JAK,J)
LR{JAKsJ}=C
NDUMP=NLR(K)
NLR{K)=NLR{JAK)
CONTTINUE
NLR{NR}=0

NR=NR-1

GO TO 100

FIT SeECOND ROUTE INTO LLR

NK2=NLR {K2)

D3 81 J=1,KNK2
LLRIK2,NLR{KZ2)=J+1)=LR(K2,J)
CONTINUE

D3 80 J=1,NK2
LRIK2yJ)=LLR(K2,J)
CONTINUE

GO TO 72

KK1=K1

K1=K2

K2=KK1

GJ TQ 72

PLACE NEW LOCATIONS ON SUBROJUTE
IF (ITINI(I))oEQe2) GO TO 52
NIT=NI(I)

NICI)=NJ(I)

NJ{I)=NII
L1=0

dLd Jnc

FITS

BOX RATHER THAN A "FRIOM"™ BUX
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L2=0
DD 53 J=1,NR
C IF LABELS MATCH L1=ULDoLABEL CHECK 2ND LABEL WITH NEW LASEL
IF (LR{Js1)oEQeNJ(I)) L1=J
IF (LR(JyHLR(JIIeEQoNI(T)) L2=J
53 CONTINUE
IF (L1.GTo00) G2 TO 55
NLR{L2)=NLR(LZ)+1
LRIL2yNLR(L2) )=NI(T)
60 TG 100 -
55 NL1=NLR(L1)
C RELABEL NEW BIX TO OLD 1ST BOXeAND RELABEL 15T OLD 60X T3 28D
C BOX NO.
DO 56 J=1,NL1
LR(LLyWL1=J+2)=LR(L1,NL1=J+1)
56 CONTINUE
LRILL,1)=NI(1)

NLR(LY) =HLR(L1)+1 , v
c _
o CALCULATE STATISTICS AND UPDATE RECORDS
c
100 IP1=I+1
C NLR=# OF BOXES JOINED TOGETHER

ITINI(I})=ITINI(I))~-1
ITINJ(IN)I=ITINSIIN)-2
IF (ITINI(I))eEQeD) GO TO 120
C GOTO CLINIMATE THE POSS OF JOINING AN OLD BOX
C GOTO ELINIMATE THE POSS OF JOINING AN QLD BOX
135 IF {IT(NJ(I))eEQe0) GO TU 128
' GD TO 12 .
C ELIMINATE POSS DF JOINING OLD BOXES BY MAKING NEGATIVE
120 DD 125 J=I1P1,NN
IF (NI{J)oFEQoNI{I
CIF (NJ(J)eEQaNI(1I
125 CONTINUE
GO TO 135
128 DO 126 J=IPl,NN
IF (NI(J)oEQeNJH
: IF (NJ{J)oEQaNJI
126 CONTINUE
12 CONTINUE

}) 30T(3,J)=-1,
}) SO0T(34Jd)=-1,

SCT{3sJ)=-10

)
1) SOT{24d)==-10

c :
c PRINT RESULTS.
C

JC=JC+l1
IR=IR+1
DIST=0,
IFLAG=1
DJ 35 I=1,ihM1
35 DIST=DIST+D(LR(LsI)}LR{L,141))



C DIST=THE DISTANCE 1S SUMMED FROM 1ST BOX TO LAST BOX
L DISS=
C THE RDUTE CAN BE STARTED AFTZR SLB NOR BR QR IJ MIiOulLt DOF SLB
DISS=DISTH+OUDI{LRIL 1) +DDI(LER{L,))

OO OOO0

THZ COMPLETE ROUTE DISTANCZ,B8CTH ARE NZCESSARY CAUSE

ADIST = ACTUAL DISTANCE (STN TO STHIN MILES)
BDIST = ACTUAL DISTANCE (1ST 7O LAST BIXs IN MILESH
STIME = TOTAL TIsz REQUIRZD FOR STOPPING AT BJIAES
TRTIME = TOTAL TRAVEL TIAZ REQUIRED (STN T2 STW)
BTTIME = TOTAL TRAVEL TIMZ (1ST YO LAST BIX)
TOTIME = TOTAL TIME PZR ROUTE 'INCLUDING STIME AND TRTIME
{STN TC STiH)
BTIME = TOTAL TIME FOR TRAVELLING AND STOPPING (15T T3 LAST BOX)
DIsST = DISTANCE COF THC ROUTE FROM FIRST BUX TJ LAST BIX
DISS = DISTANCE OF THE ROUTE FROM ORIGIN {STATIOWN) T3 ORIGIN

CHANGE LR,LAK,ETC TO LAB OR NEMONICS FGR LABEL

34

44

32

36

33

41

40

45
47
46
42

DO

34 I=1,.N

LAB(I)=LR{1,1)
LAB{N+1)=0
STIME=0,0

DO

32 I=1,H

LKED) =L{LAB(I))
CONTINUE

[a]e]

Do

36 IN=1,N
36 IND=1,10

SNUINS IN2)Y=SNAME(LAB(IN) ,IND)

Do

23 IK=1,i

STIME={STIMI+TIME(LRILSIK)))

BOIST=DIST*SCALE

BTTIME={BDIST/AVGSFD)*60s

ADIST=DISS*SCALF

TRTIME=(ADIST/AVGESPD) %60

TGTIME=TRTIME+STIMF

BTIME=BTTIME+STIME

WRITE(6,441) IRr( e E A(IJl)vIJi 195)2 (FSALTJ2),1d2=142)TYPE
FJRMAT('l'q//,llJX,'PAG 1397/7+15Xy *MULTIPLE ROUTE SCHzZDULING',

/15X, VUSING TIME—SAVING METHODY S/ //+15Xs5h444% AREAYS/,
15X9 P oSoAot' 12Xy 2R4y/, 15X9A49 ¢ ROUTES? ’////)

IFIIFLAGoEQe2) GI TO 45
WRITE(6440) :
FORMAT (15X, *x PRELIMINARY ROUTE #%',////)

GO

TO 46

WRITE(644T)

FORMAT{L5X, =% IMPROVED ROUTE %®%t,////)

WRITE(64942) JCyNySTIME,BDISTBTTIME,,BTIMEYADIST,TRTIMELTOTIME
FORMAT (15X *ROUTE NCo'y144/7,

115Xy " NUe GOF BOXES EN ROUTE' 416Xs'=""41543X,'B0XZ5"%4/7/»
215Xy '*TOTAL STOPPING TIME' 18Xy '="43XsF 602y MINUTESY,//,
315X, *DISTANCE TRAVELLED(LIST TO LAST BOX) ='¢3XeFbe2¢? MILES',//,
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415Xy "TRAVEL TIME REQUIRED(1ST TO LAST BOX)=943X4Fbe2,' MINUTES',/
57+ 15Xs *TOTAL TIME KIZQUIRED(LIST TG LAST BOX) =% ,3XsFd0le2Xy"MINUTES
644 //415Xy"TOTAL DISTANCE TRAVELLED(STN TO STN) =9,3X+Fbe2y.

T MILES?®//515Xy'TOTAL TRAVEL TIME(STN TO STNI?8Xe'=?,
83XysFba2y' MINUTES®'y//,15X,'TOTAL TIMZ REQUIRED FJIR THIS ',

9'ROUTE =V g 53Xy F0e292Xy PMINUTES /)

43

801

NP L=N+1

LR{1,NP1)=0

LKINP 1) =0

WRITEZE(6+443)ILK(J)d=1,MPL) ‘
FORMAT(///+15X, *DROEK OF CALL POINTS:",/,15X,*STATION = ¢,
1 L2015, ¢=7) 4 /56{25Xy12{1547=4),/)y" STATID'4/)
IF{IFLAGoEQe2) GO TD 805

DISTZ{1,41)=0.

DO 801 IK=1,N

DISTZ(IK+1,1)=DD2(IK) '
DISTZ(1,IK+1)=DDO(IK)

DO 802 IM=1,N

DO 802 1J=1,N

802 DISTZ(IM+1,1J+1)=D{IM,1J)

805
901
803

804

808

806
807

302

XT M:IOOOo

CALL IMPROTILAB,N,XTMyD1STZ,DIST,DISS)

DO 809 TH=1,N

LABL{IH)=L(LAB{IH))

IFLAG=2

IR=IR+1

GO TO 44

IF(BTIMESGT.ITIM) GO TO 299

IF{ILISToNSel) GO TG 902

NUM=N/20

ANUM=N/20,

IF(ANUMoGT o NUM)INUM=NUM+]

ICNT=0

NON=0

IR=IR+1

ICNT=ICNT+1

WRITE(6,808) IR, JC, {AREAIIRL)IR1=1,5),ICNT,NUM
FORMAT( 1Y y// sL10Xy " PAGEY 3 139/42TXy 'ROUTE NZo "4154//
124X 9584 9//923Xy ' ORDER OF CALL POINTS//s13%X,60('=v}4//,
213X *BOX NOo' 310X,y *LOCATION® 320X, *SHEET Y, 12, OF?,124//,
313X,60(%=1),/7/) .

NAN=NON+1

NON=ICNT#*20 ’

IF{NONe GToe NI NON=N

DO 806 IW=NAN,NON

WRITE(64807)LABLITIW) y(SN({IWsIS)41S=1,10)
FORMAT(15Xs1545X9s10A4,/)

IF{ICNToLToNUM) GO TO 804

IF(IPLOToGTel) GO TO 810
"CALL PLIK(DISTsNPLl,LAB X Y4XIRGsYORG,SCALE,JC,LABL,
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1INPLOT)
810 TDIST=TDIST+DIST
ATDIST=TDIST*SCALE
GO TO 997
299 IR=IR’+1
WRITE{(64298) IR,JC
298 FORMAT('L0,110X, "PAGE 313,150/ ) 915Xy *%% WARNING #%447/// 415X,
1* TIME REQUIRED FOR ROUTE NOo',13,
2% GREATER THAN TIME ALLOWID'4//,15X,
3% TRY LESSER NUMBIR OF BOXES IN ¥,
4*THIS ROUTEY,////)
GO TO 901 -
997 IF{JCalTeM) GO TD 7
WRITE {6,170) M,ATDIST
170 FORMAT ('1',10X,'TOTAL NUMBER OF RIUTES'Ys2X,I12,/11X,'TOTAL LENGTH
10F ROUTES? 42X,FTa2," MILES?)
999 STOP
END
SUBROUTINE IMPROT{NMROUT yMHR,THM, DM, DIST,DISS)
DIMENSIGN NMROUT(100) s NEWRT({100),0M(210L,201) ,NLR{10U) sLR{10,100)

c
C THIS SUBROUTINEZ IMPROVES ROUTES 8Y REMOVING A CUSTUMER IN A ROUTE AND
c REINSERTING IT IN THZ BEST P0SITION IN THIS ROUTE.
C
c
C MHR = # OF BOXES EN ROUTE
C LM = NUMBER OF THE ROUTE
¢ DHM{*46) = DISTANCE FROM {#) TO (o)
c TMH = DISTANCE REMAINING
c 1 = ROUTE INDZX
C - K = BUX INDEX ‘
c CITSTCS = TEST B0OX MUMBER
C NMROUT (o )= LABEL OF (o) IN CALL ORDER
c DIST = TRAVEL DISTANCE OF NEW RJUTE
c
c
c STEP THRU ROUTES
C
KMi=1
c .
c STEP THRU CUTOMERS OF ROUTE 1
c
D0 90 K=1,MMR
c
c STORE RIUTE WITHODUT TEST CUSTUMER IN NEWRT(s)
c ,

DO 10 KK1=1,MMR :

IF{KK1oLT oK) NEWRT(KKL)=NMROUTIKKY)

IF(KK1oGTeK) NEWRT(KK1=1)=MMROUT(KKL)
16 CONTINUE
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NEWRT (MMR ) =0
NLR{MMR ) =0

OO0

TEST BOX IS K'TH BOX OF {IMRIUT(e)

ITSTCS =NMROUT(K)+1
KPEI=NZWRT(K}+1
TF(KeGTec 1) KML=NEWRT(K=1)+1
IFLITSTCSEQoKMIIGOTY 90

CALCULAT= DISTANCE JF NEWRT

OO0

TEMP=TMM-DM(KM1, ITSTCS)=DH{ITSTCS,KP1) +DM(KML,KPL)
ISVKK=0
SVTH=TMM
KMP IS KM=PREVIOUS
KMP=1

TEST CUSTOMER TN EACH POSITION AND SAVE LOCATION IN NEWRT (ISVKK) AND
DISTANCE ON NEWRT (SVTM).

OO0 OO0

00 20 KK2=1,MMR
KMO=NEWRT (KK2)+1
TEMPTM=TEMP+DM{KMP, ITSTCS ) +DM{ITSTCS s KMI) —DM(KMP ¢ KM3)
KMP=K MO _
IF(TEMPTMoGE. SVTM) GOTO 20
ISVKK=KK2
SVTA=TEMPTH

20 CONTINUE

c .
C If NO CHANGE IN NEWRT TRY NEXT BOX
c _
IF{ISVKKsLEL1) GOTO 90
c . _
C STORE NEW RQOUTE
C ‘

TMM=SVTM
 ISVM=ISVKK-1
DO 30 KK3=1,ISVM
IF(KK3oLToISVKK) NMROUT(KK3)=NEWRT (KK3)
- IF(KK36G6TeISVKK) NMROUT(KKX3)=NEWRT(KK3-1)
30 CONTINUE
NMROUT { ISVKK)=ITSTCS-1
90 CONTINUE
DIST=0,0
MNR=MMR -2
DO 35 I=1,MNR
35 DIST=0DIST+DMNMROUT (1)+1,NMRIUT(I+1)+1)



OO0

OO0

OO0

i0

20

100

DISS=DISTH+OM(1sNMROUTL 1) +1)+DMINMROUT{MMR) o1}
RETURN
END
SUBROUTINE PLIK{SOLT,NACCSTeSeXeY s XDRGyYIRGy
1SCALE,JC,LABL  NPLOT)
DIMENSION JJJ(2),IDATZ(3) +X{100)+Y{100),LABI{101O)
INT=zoak 5(109)
CALL TIMZ(5,0,1DATE)

PLOT AXIS

CALL NUMBER{1oeB8540e8590e619X0RG90e0,1)
CALL PLOT{260416043)

CALL PLOT(2604160,2)

JJdi{1)=13

¥YB=1e0

YBl=YB-0.25

DO 10 I=1,13

AK={X3RG+(I*x25})

XB={1%]1,969)+2,0

CALL SYMBOL{XB,yY2300iyJJJ(1)90605~1)
CALL NUMBER{XBy¥YBR13+UelyAK40e041)
CALL NUMBZER(1e25+10040ely YORG060,1)
CALL PLOT(260410042)

XB=2+0

XBl1l=XB~-0s75

DO 20 1=1,10

AY={YORG+(I*25})

YB={I#%1a369)+1,0

CALL SYMBOLIXByV8y0lsJdJJl1},90e0,-1)
CALL NUMBER({XB1yY¥BeOolsAY¢0eD,y1)
CALL PLOT{260+140,2)

CHANGE CODRDINATES 7O MAP SCALE

NN=NACCST-1

DO 100 J=1,NN

SX=X(J) :
X{J)={SX=XDRG)/2s 54%2
SY=Y{J)
Y(J)={SY-YORG)/2.54%2

PLOT ROUTES

JJJdzy=2

XB=X{S(1))+2,0

Yo=Y(S{1l))+1.0

CALL PLOT(XB,Y8,3)

CALL SYMBOLI(XByY2rolsJdJJ(2)40e0,-2)
X1=XB-0425
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OO0

OO0

50

51

52

Y1=YB-0,20

BLAB=

CALL
caLL

LAB1(1)
NUMBER(X1,Y1,0.1,BLAB,0.0y-1)
PLOT(XByYB,y 3)

D3 50 J=2,NN
IK=S{J)
Xe=X{IK}+2o
¥YB=Y{IK)+1.0
X2=XB-0e25
Y2=Y8-0,20

ALAB=

CALL
CALL
CALL

LABL(J)
SYMBOL(XByYByolsJdJJ(2)+060,-2)
NUMBER({X2,Y2,0014ALABs000,~1)
PLOT(XB,yYB,43)

IF(NPLOTeNZo1l) GO TO 52

PLOT PRESENT ROUTE

XB=X{1}+5,1
YB=Y{1l)+3.1:

CALL
catLL

PLOT{XBsyY5,3}
DASHLN{061400059061,0405)

DO 51 J=24yNHN
XB=X{J}+551
YB=Y{J)+3,1

CALL

PLOT(XB,YBy4)

PLOT HEADINGS

SCALO=SCALE®2

SCAL=

CALL
CALL
CALL
CALL

SCALO*25. 4

PLOT(15609 500, 3) ‘
SYMBOL (1506091625901 23HTOTAL TRAVEL DISTANCE +001923)
NUMBER{170091625401yS0LT40e91)
SYMBOL(156092050901y16HNUMBER OF BOXES 400:16)

ANN=HNN

CALL
CatL
CALL
CALL
CALL
CALL
CALL
CALL

NUMBER(1700910501019ANNs00y-1)

SYMBOL (1500910010 lyL7HSCALE ¢ 1 MM = 4004917)
NUMBER(L176091609013SCALU,0642)
SYMBOL(18060y100y01y5HMILES,0645)
SYMBOL(1505400759e1y10H(1 INCH = 3064+10)
NUMBER(1706590e 75901 3ySCAL+00y2)
SYMBOL(1865+10075901y6HMILES) +10646)
PLOT(1%900400Uy~-3)

RETURN

END

SUBROUT INE SELUCT(L s Xs Y, TIME,SNAMESNUM,TITLEy WAY,IGP)
DIMENSION TITLE(20), WAY{20),LGP(100),sL{100),X(LU0)sY(100),

ASNAMZ(100,10),TIME(100),1D(10),D0(10)

READ(5,100) TITLENWAY



100
110

120

200

201

190
140
99

FORMAT(20A4,+/ ,20A4)

RZAD(5,11C) ING,IGP

FORMAT(214)

READ({54+12C) (LGP{K} K=1,IGP)
rD%MAi(lDI5)

ATIME=

J=1

DO 190 I11=1,NUM

READ(7,14C) LA ByCyi{D(K)sK=1,10)
IF(IALEQLGPLYY) GC TO 200

GO TO 19¢C

L{J)=1IA

X(J)=8

Y(J)=C

TIMS{J)=ATIME

DO 201 IC=1i,10

SKRAMEZ(J,IC)=D(IC)

J=J+1

IF{JoGTLIGP) GO TO 92

CONTINUE

FORMAT(2Xs13,2F10:2¢3X%X41044)

RETURN

END

SUBROUTINE COUNT{OyNsTITLE,WAY4SCALE)
DIMENSION XLIST(SOOO)QJ(1001100)9ILDNT(ll’yIVT(lL)’STJR(lSO)
DIMENSION TITLE (20)1AAY(ZO)

REAL INTy INT:ZR

DATA STARBLMNK/ Ykt % 1t/

AMIN=999399, 39

AMAX=0.0

NUMK=1

SUM=0.,

ASUM=0,

SCALY=SCALE%®5280

DO 14 I1=2,N

K=1-1

DO 14 J=1,K

XLISTINUMK)}=D(T,J)
IFIXLISTINUMK)oGToAMAX) AMAX=XLIST (HUMK)
IFIXLISTINUMK) o LToAMIN) AMIN=XLIST {NUMK)

T SUM=SUM+XLIST (NUMK)

14

16

NUMK=NUMK+1
NUMK=NUMK~-1

AV G=S UM/ NUMK

DO 16 11=1,NUMK

DSQ=( XLIST(I1)-AVG} **2
ASUM=ASUM+DSQ
VAR=ASUM/ ( NUMK-1)
STDO=SQRT{VAR)

TSUM=SUM

25



SUM=TSUM=SCALL1
TAVG=AVG
AVG=TAVG*SCAL1
TSTD=3TD
STD=TSTD*SCAL1
BMAX=AMAX
AMAX=BMAX*5CALL
BMIN=AMTIN
AMIN=BMIN®SCALL
RANGE=AMAX-AMIN
INTER=RANGE/10
DO 10 12=1,10

10 ICONT(I2)=0
INT(Ll)=AMIN%*1
DO 17 1G=2,11

17 INTCIGH=INT(IG-1)+INTER
CALL SSORT{XLIST,NUMK, 3)
IKONT=0
Jl=2
DO 19 JK=1,NUMK
VALUE=XLIST(JKI*SCALL
IF{VALUEGT.INT(J1)) GO TO 22
IKONT=IKONT+1
GO T2 19

22 ICONT(J 1)=TKONT
IK3NT=1
J1=J1+1

19 CONTINUE
WRITE(69100) TITLEWN,WAY

100 FORMAT('1',//y5Xy2044%4,4//+5Xy"STATISTICS OF DISTANCE MATRIX OF?',

A% GROUP',I4,% USING ',2044,//)
WRITE(6,101) SUMsAVG,STD
WRITE(6,50) NUMK
50 FORMAT{20X,'TOTAL NUMBER OF ZLEMENT IN DISTe MATRIX = *',110)
WRITE(6,51) AMIN,AMAX :
51 FORMAT( 20X, *MINIMUM DISTANCE = " 4FLlOo2s'FEETY »/ 220X,y MAXIMUMY,
A' DISTANCE = '"4F10e2y'FELET*,//)
101 FORMAT(20X,'TOTAL DISTNCE = 1 ,F1l6e2y'"FEET Y,/ ,20X,* AVERAGE"Y,
A " DISTANCE = "9 F14c2y 'FCET'y /20X, *STANDARD ¢,
.B IDEVIATION = "4 Fl2o2+'FEET Y, ///)
WRITE(6,5102)
102 FORMAT(30X, '¥xka FRZQUENCY PLOT #¥xukt,///,20Xs VINTERVALS' +20X,
A YFREQUENCY ' ,/)
M=0
DO 150 1J=1,10
IFCICONT(IJ)oEQe0) GO TO 70
M=ICONT(IJ)/4
IF{MoSQo0)M=1
D0 9 JY=1,M
.9 STOR(JY)=STAR
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70 MN=M+1
D0 8 JUX=MN,150
8 STOR{JIX)=BLNK

258

WRITE(6,103) INT(IJ),ICONT(IJ)1(5TOR(K)0K=-’60)‘
103 FORMATI20X,F9e24/,32X91343X,60A1)

150 CONTINUE
COWRITE{6,4152) INT{
152 FORMATI(20X,F9,2)

11)

WRITE(6,151) (MUMBE,NUMBE=40,240,40)

i51 FORMAT(/,37Xy6{"1
RETURN
END

$SIG

Y19V T s/ y3TX 10", 6(TXs13))



MULTIPLFE ROUTE SCHEDULTNG BY SAVINGS ALGORITHMeww T T
L CLUSTER TRIAL RUN = NOM=HIFRARCHICAL = TDATAL
\ . _

THE FOLLOWING ROUTING PRINT=0UTS FOR EVENLY DIST, DATA AREA ARE BASED ON § =

CAPACITY CNNSTRAINT OF EACH TRUCK ROUTE = 50 BOXES,
~ I CONSTRAINT OF EACH ROUTE & Tag “MINUTES o
_AVERAGE_SPEED OF TRUCKS EN ROUTE = 15,00 M,P.H,
| TOTAL NUMHER OF ROUTES IN THE AREA = 2 ROUTES .
TOTAL NUMRER.OF‘QOXgS IN THE AREA =77 80 BOXES -
MAP SCALE ' s gmme 0.059652MILES
870PPING TIME FOR RESIDENTIAL BOXES 2 45 'SECONDS
"STOPPING TIME FOR BUSINESS BOXES = AS SPECIFTED o
e e N
[
O




-'—‘ELUQfEQMYNTEEﬁﬁtfﬁYlﬁﬁ“:‘?UITKT'CéﬁbﬁP*f_'“w

STATISTICS OF DISTANCE MATRIX OF GROUP 49 USING MENIAN(GOWERIMETHOD = cENTéoxo SORTING

TOTAL DISTNCE = 19090496, 00FEET
AVERAGE DISTANCE = 16233, 41FEET
STANDARND DEVIATION = 7973 A9FEET

TOTAU NUMBER OF ELEMENT IN DIST, MATRIX = 1176
MINIMUM DISTANCE = 1259,.85FEET :

MAXIMUM DISTANCE = 41260, 07FEET

sxxn FREQUENCY PLOT #xnw , : ' . -

INTERVALS FREQUENCY
1259,85
0 -
5259,87
95 KRR MAARRAKRANAR R AARAAAK
9259,89 o
: 157 AKKARKRXRARARKAAAR LA ARAA KRR AR RARK R KA R T
13259,91 : ' : .
) ' 210 AAKKRARARAR KRR RARRA KA AAKRRARAARANRRAN RN RAARRNARRAARARAR
1725993 i i ,
165 KRKKRRKEHRKANRKKRARAKRR AR AR KARARRNARRFARREAARRARRN
21259.95 ‘ ' :
215 AEKARAKRNRRRRAAKRARARANRRARRAAAKRARKAAARRARNRARKRRA R RARRRN
25259.,97 “ . .
139 KAAARARNARARARRRARAARKARRRARRAAR RN K
29259,99 : ) o
BE  ARRARAAARRARAAKAARAARA
33260,01
_ 50 AKAARRARKARN
37260,03 ,
21 ARA ALK
41260,05 :

I--—------T--,---uo--I----.----I-»--o-.‘---I------ns-ln--------I

0 46 - 80 120 160 200 - 240

0oz




MULTIPLE ROUTE SCHEDULING

g USING TIME=SAVING METHOD

EVENLY DIST, GATA AREA
F.S.A, UNDEFINE

S1.8 ROUTES

wa PRELIMINARY ROUTE #=

ROUTE NO. 1

NO, OF BOXES EN ROUTE a2 49 BOXES
TOTAL STOPPING TIME _ .= 44,10 MINUTES
DISTANCE rnAveLLEn(xsr TO LAsf BoX) = 38,65 HMILES
TRAVEL TIME REQUIRED(1ST TO LAST BOX)= 154,62 MINUTES
TOTAL TIME REQUIRED(1ST TO LAST BOX) = 198,72 HINUTES.
TOTAL DUSTANCE TRAVELLED(STQ TO STNY = 319,61 MILES
TOTAL TRAVEL TIME(STN TO STN) = 158,44 MINUTES
TOTAL TIME REQUIRED.FOR THIS ROUTE =  202.54 MINUTES

ORDER OF CALL POINTS: - :
STATION = 20= 26~ 192 27~  29= 33« 38~ . 34m 28 23= 24= 30w
' 35- _A43= 51~ 49 48m  H2= 39 Hl= S0= US=  MA=  40=-

4= 37~ . 3227 3[= 25« 20=  16= 1ii= 10- 7= 1= g~

f4=  18= 21= 17= {3~ b= 2= 5= 3= . &4 12e . 9=

STATION

15=- 0=

| 197




MULTIPLE ROUTE “SCHEDULING

USING TIME=SAVING METHOD

EVENLY DIST, NATA AREA T - T T T T T T
FeSeAs UMDFFINE
SLB ROUYES
A% IMPROVED ROUTE #e :
ROU’E NU. ‘ — N L2 e et me m b sams et e s et b n e — o i e b
NO, OF BOXES EN ROUTE = b9 BOXES
TOTAL STOPPING TIME s 44,10 MINYTES
DISTAMCE TRAVELUED(1ST TO LAST BOX) = és.ii““HfLss
TRAYEL TYME BFOUIRFD(YST TO LASY BOX)= {45,311 MINUTES
“TOTAL TIME RFOUIRFD(1ST TO LAST BOX) =  §89.41 MINUTES
TOVAL DISTANCE THAVELLEDCSTA 16 8TNY & 30,908 Mil¥s - -
TOTAL TRAVEL TIME(STN TO STN) = 155,81 MINUTES
TOTAL TIME REQUIKFD FOR THIS ROUTE = 199,91 MINUTES
ORCER OF CALtL PPIHNTS: _ ' —
STATION =  P4= - 19= 27= 29~ - 33&  3lhe PB=  22e 23= 24e  30m=  3Ga
30w o B3~ S1e H9= U4As 4P2= " 39=  Hle 60= 45~  44e 40~ —
. 37=7 36= 32= 7 S1= T 25 20« i« it {0 T 7e e e T T T
‘ lie- {f= 2= 17= ’3- b= 2~ Sm = = {2~ Qo
STATTION - : _ '
15= 0=




