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analyze job Incumbent profiles of task inventory data. The results were compared (1) to
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* * package used extensively by the military and many other organizations, and (2) to

determine to what extent binary measures can produce cluster solutions similar to
solutions based on continuous measures. Sixteen 230-by-250 proximity matrices wert
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* ~~comparison reveale that (1) there was high variability among binary measures, (2) the
3accard and Dice measures were the most powerful binary measures, and (3) thee was
high similarity between the 3accad and distance mneasures. The Implications of the
findings are discussed with reference to the propotion of zero, scores in taskc inventory

* data. The 3accard measure Is recommede for clustering binary data for tasks and for
progamming into CODAP System go.
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FOREWORD

The purpose of this research, which was conducted in support of NAVPERSRANDCEN
independent laboratory research project ZROOO-01-042-04.01.05 (Methods for Clustering
Tasks), was to evaluate the use of various proximity measures for the cluster analysis of
occupational data. The occupational analysis and design programs of the military services
and many other organizations routinely apply cluster analysis techniques to occupational
data to develop more effective personnel and training systems.

One decision that can impact on the cluster analysis solution is the selection of a
proximity measure. This research empirically evaluated proximity measures for the
cluster analysis of occupational task inventory data. The results will be used to select a
binary proximity measure to program into the Comprehensive Occupational Data Analysis
Programs (CODAP System 80), which are currently being developed by the Department of
Defense. The results are further intended for use by federal job analysts in military and
civilian agencies.

JAMES F. KELLY, JR. JAMES 3. REGAN
Commanding Officer Technical Director
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INTRODUCTION

Background

In occupational psychology, cluster analysis methods are used to define types of work
by grouping together (1) jobs that are similar on some profile of work-related variables
(e.g., McCormick, DeNisi, & Shaw, 1977; Pass & Cunningham, 1978; Dulewicz & Keenay,
1979), or (2) job incumbents with a similar profile of work requirements (e.g., Archer,
1966; Christal & Ward, 1967). In such studies, cluster analysis is typically applied to job
analysts' or job incumbents' Likert-type scale ratings for items in a structured work
questionnaire or task inventory. By averaging scale rating data within a derived cluster,
profiles of tasks, attributes, or other work-related requirements can be derived to define
the job cluster. Such cluster profiles are useful for aligning training with actual work
performed (DeNisi, 1976) and for streamlining occupational classification systems by
combining administratively separate jobs into one job type.

Hundreds of analyses to derive clusters from data on work have already been
performed, and the number of analyses will probably continue to increase for at least two
reasons. First, there is a growing need for such job analysis methods as part of efforts to
validate or develop personnel tests, procedures, and policies that comply with federal
employment guidelines (U.S. Equal Employment Opportunity Commission, 1978). For
example, researchers concerned with demonstrating synthetic validity have used cluster-
ing techniques to derive a family of jobs on which to validate common predictors
(McCormick et al., 1977). Second, a powerful computerized data analysis system 6 being
installed at an increasing rate by government agencies around the world. The compre-
hensive occupational data analysis programs (CODAP), a computerized data analysis and
report system originally developed by the U.S. Air Force, is capable of cluster-analyzing
from 2000 (for the current IBM version) to 7000 (for the UNIVAC version) job incumbent
profiles. Because the CODAP System is used extensively by Department of Defense
(DoD) agencies (e.g., the occupational analysis programs of the Navy, Air Force, Army,
and Marine Corps), the CODAP clustering procedure is the focus of the present research.

Cluster analysis studies conducted in DoD agencies typically derive job types from
occupational task inventory responses. In'these studies, job incumbents are clustered on
the basis of similar profiles of task requirements. In effect, each job type is a group of
positions rated or analyzed by their incumbents. The CODAP hier&rchical clustering
procedure used in DoD studies and in the present research is based on work by Ward
(1961), but it is not the well known minimum variance procedure frequently referred to in
the literature (e.g., Borgen & Weiss, 1971; Blashfield, 1976, 1980). Instead, the procedure
is an average linkage procedure; that is, the value of the proximity measure determining
the clustering is equal to the average of the proximity values for each member of one

fcluster paired with every member of the other cluster (Archer, 1966). This is an
important distinction, because differences have been demonstrated (e.g., Blashfield, 1976)
among the properties of solutions based on the average linkage and the minimum variance
methods. There are two proximity measures available for clustering in the CODAP
package--a distance measure, the time option (hereafter referred to as the overlap
between measure) and a binary measure, the task option (hereafter referred to as the taskS t; measure).

Problem

" In light of recent findings documenting the information-providing potential of task
inventory data (Pass & Robertson, 1980), and after examination of the CODAP task

Sformula, it appears that other binary proximity measures might be able to capture more



profile information for clustering than does the current task measure. Several
researchers have defined or proposed various measures of profile proximity for a number
of general pruposes (e.g., Cranbach & Gleser, 1933; Nunnally, 1967; Cheetham & Hazel,
1969), but few studies (e.g., Hamer & Cunningham, In press) have compared duster
solutions based on different proximity measures for specific data While the capacity of a
proximity measure to reflect more information would enable the derivation of a more
valid cluster solution, there has been no research that empirically compares binary
measures to continuous measures for the clustering of occupational task data. Such a
comparison Is required to establish a recommendation of a binary proximity measure for
programming into CODAP System 80, an enhanced IBM verison of CODAP currently being
developed by DoD.

Purpose

The purpose of this effort was to evaluate proximity measures for the CODAP cluster
analysis of task inventory data. Specifically, the research was conducted to (1) determine
to what extent binary measures can produce cluster solutions of task inventory data
similar to solutions based on continuous measures, and (2) recommend a binary proximity
measure for programming into CODAP System $0, based on the capability of various
binary measures to capture information for cluster analysis.

APPROACH

Data

The Navy Occupational Development and Analysis Center (NODAC) collected data
for analysis from job incumbents in three Navy occupations: the aviation machinist's
mate (AD) rating (N = 2539), the electronics technician (ET) rating (N = 256), and the
yeoman (YN) rating (N = 2771). A subsample of 230 was drawn from each total sample by
means of a systematic random sampling procedure described by Kish (196%5).' The
subsamples contained job incumbents from eight different pay grades (skiil levels).

The data consisted of incumbent profiles of responses to job tasks. There were V.
tasks in the inventory for AD, 597 for ET, and 529 for YN. 3ob incumbents were
instructed to estimate the time spent performing each task in an inventory by selecting
the appropriate score on the following scale:

Score Time Spent

I Very little
2
3 Average

5 Very much

Instructions were to leave the response Item blank for any task that was not performed.
* Blanks were treated as zeros In subsequent calculations.

'The YN sample was reduced to 249 because one response profile contained
incomplete data.

__ 2
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Table I presents the distributions of response scores in percentages for the three
samples. The response scores were proportionalized within each incumbent's profile; that
is, each score was divided by the sum of the incumbent's scores, thereby yielding a value
for each task that summed to 100 percent (1.0 for proportions) for all tasks performed by
each incumbent. This standardization, which is automatically calculated by the current
version of CODAP, is intended to remove possible sources of rater bias, including mean
scale differences among raters.

Table I

Response Score Percentage Distributions

Response Score

Samplea 0 1 2 3 4 5

Aviation Machinist's
Mate (AD) 86.5 2.1 2.5 6.4 1.5 1.0

Electronics Technician
(ET) 86.9 2.3 2.1 5.0 1.5 2.2

Yeoman (YN) 82.8 2.7 3.4 7.5 2.0 1.6

aN = 250 for samples AD and ET and 249 for sample YN.

Proximity Measures

The three continuous proximity measures analyzed used standardized response values
or proportions within profiles, while the binary proximity measures used only zero and one
values, the latter representing all nonzero proportions. The continuous measures analyzed
were distance, overlap-between, and the Pearson correlation coefficient (see appendix for
formulas).

When applied to the proportionalized data, the distance measure has been symbolized
by Cronbach and Gleser as D'. D' does not measure profile level (or mean) information,
only profile shape and scatter information (Cronbach & Gleser, 1953). The overlap
between measure is the only continuous measure available in CODAP. (Additional
programming was required to include the values of the other proximity measures in the
CODAP clustering algorithm.) This measure is defined as the sum of the proportionalized
minimum values for corresponding tasks across the two profiles being compared. Applied
to proportions, this index uses profile shape and scatter information. Except where all
response values are zero, the overlap between measure is a linear transformation of D'
and thus has also been considered a distance measure for this study. Unlike the other two
continuous measures, the magnitude of the Pearson correlation coefficient reflects only
profile shape information and Is affected by pairs of zero scores for corresponding tasks
across profiles. These paired zero scores will not add to the magnitude of the other two
continuous measures.

I3
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The 13 binary measures analyzed were:

1. 3accard 8. Rogers and Tanimoto*
2. Dice 9. Hamaan*
3. Task (also known as 10. Sokal distance*

second Kulczynski) I. Number of features of difference
4. Otsuka 12. First Kulczynski
5. Correlation ratio 13. Yule*
6. Phi*
7. Simple matching*

(Asterisks indicate measures for which magnitudes will be affected by zero scores on
corresponding tasks for the profiles being compared.) The formulas' for all of these
binary measures have been included in the appendix.

Evaluation of Proximity Measures

Continuous proximity measures are, in general, capable of reflecting more informa-
tion about profile data than are nominal measures, which, in the binary case, only indicate
the presence or absence of some profile variable. For this reason, the criterion employed
to evaluate the 13 binary measures was the extent to which they could capture the same
information contained in the values of the continuous measures. If the data analyzed
contained only the zero and one category of nonzero response scores, a binary measure
could pick up as much information as a continuous measure. However, examination of the
task response distributions indicates that this is not the type of data set analyzed here.
As Table I indicates, nonzero responses are distributed throughout the entire 5-point scale
in the three samples. Because certain continuous measures, such as the distance
measures, can use more profile information than can measures such as the Pearson
correlation coefficient, they may be considered ippropriate criterion measures against
which to judge binary measures, as well as the Pearson measure itself. The amount of
information captured by the proximity measures was calculated by analyzing similarity
among proximity matrices and making cluster solution comparisons.

Proximity Matrix Comparisons

For each sample, 16 250-by-250 proximity matrices were derived, each based on the
application of one proximity measure. A Pearson correlation coefficient was calculated
between each possible pair of matrices, calculated on nondiagonal corresponding matrix
cell values. Binary proximity measures were evaluated in terms of their capability to
capture as much information as the continuous measures.

Cluster Solution Comparisons

The CODAP hierarchical clustering algorithm was applied to seven selected
proximity measure matrices for each of the three samples. The selection of the seven
measures was based on the researchers' interest in specific measures and on the decision
to compare measures that were markedly different In terms of the matrix comparison
results. An iterative procedure, the CODAP clustering method, first clusters the two

k most similar profiles and then groups the next most similar profiles or clusters at

'Cheetham and Hazel (1969) have done the tedious job of defining numerous binary
proximity measures (including these analyzed n this study) and describing the general
properties of the indices.
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subsequent stages (iterations) until all profiles are contained in one cluster (Archer, 1966).
The similarity among the seven resultant solutions for each sample was determined by
calculating the Pearson correlation coefficient on the iteration number where the same
profiles were first clustered in any two of the seven hierarchical solutions being
compared.

RESULTS

Comparison Wmong Proximity Matrices

Table 2 displays the correlations between each binary measure matrix and each of the
three continuous measure matrices. The results are highly consistent across the three
samples analyzed. As expected, the distance and the overlap between measures were
perfectly correlated, as demonstrated by the identical correlation coefficients obtained
for each sample. Six binary measures (numbers 1 through 6 in Table 2) consistently
obtained high or very high correlations with the continuous measures. For each of the
three samples, the CODAP task measure captured less of the distance information than
did five other binary measures.

High variability among binary measures may also be seen in Table 2. In fact,
correlation coefficients ranged from 1.00 to about zero (disregarding sign). Perfect
correlations were obtained among matrices derived from four out of the six measures
whose calculation is affected by zero scores on corresponding tasks (numbers 7 through 10
in Table 2). These measures tended to capture almost none of the continuous measure
variance. Of considerable importance, the 3accard and Dice binary measures each
accounted for about 95 percent of the variance for distance and overlap-between
measures. Because these two binary measures were nearly perfectly correlated and
because the Dice formula is slightly more complex, it was decided that only the Jaccard
measure would be further evaluated.

The stability of the findings in Table 2 across the three samples was determined both
by intercorrelating the coefficients in the overlap-between columns across samples and by
intercorrelating the coefficients in the Pearson r columns across samples. The results,
presented in Table 3, document the high stability of the findings.

Proximity matrix comparisons revealed two additional interesting findings, which are
displayed in Table 4. First, in each sample, the relationship between the Jaccard binary
measure and the distance measure is higher than the relationship between the distance
measure and the Pearson correlation coefficient (a continuous measure). Second, the
Pearson correlation coefficient appears to be more variable with respect to the sample
analyzed than does the Jaccard measure; that is, when applied to one sample, the Pearson
correlation captures more distance measure information than when it is applied to another
sample. The reason for both of these findings appears to be the large but different mean
number of zeros in the profile for each of the three samples; that is, as the mean number
of zeros increases, the information-capturing capability of the Pearson correlation
coefficient decreases.

Comparison Among Cluster Solutions

The correlation of the iteration numbers between solutions for the same sample
revealed that the relative magnitude of relationships between measures matched the
results obtained for matrix comparisons. However, the absolute magnitude of the
correlations obtained from cluster solutions differed from those obtained by matrix
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Table 3

Stability of Relationships Between Binary Proximity
Measures and Continuous Proximity Measures

Intercorrelations of Continuous Measures

Binary Measures Pearson Correlation
Compared by Sample Overlap-between Coefficient

AD vs. ET .974 .977
AD vs. YN .988 .987

ET vs. YN .975 .950

Table 4

Proximity Matrix Comparisons of the Pearson Correlation Coefficient
and 3accard Measures with the Distance Measure

Measures Correlated Correlations by Sample
with Distance ET AD YN

Pearson correlation
coefficient -. 830 -. 903 -. 871

Jaccard -. 968 -. 979 -. 975

X number of zeros 502 352 460

comparison, especially for the simple matching measure. For example, the Jaccard binary
measure correlated at about .90 with the distance measure, but the simple matching
measure that obtained near-zero correlations for the matrix comparisons obtained
substantial negative correlations for the cluster solution comparisons (see Table 5). Also
notable are the expected identical (or, due to rounding error, nearly identical) solutions
obtained for the distance and overlap-between measures. The apparently high stability of
these findings across the three samples was confirmed by correlating, between samples,
the matrices of coefficients presented In Table 5. The obtained rs were: AD versus ET,
.983; AD versus YN, .978; and ET versus YN, .992.

7



Table 5

Correlation of Profile Stage (Iteration) Numbers Between Cluster
Solutions for Selected Proximity Measures

Continuous Measures Binary Measures
Measure Distea lapSimple

Pearson between 3accard Task Yule Matching

ET Sample

Distance .789 .930 .893 .331 .332 -. 322

Pearson - .76 .679 .670 .427 .043

Overlap-between - .370 .315 .322 -. 296

Jaccard - .909 .336 -. 368

Task - .400 -.344

Yule - .382

Simple matching -

AD Sample

Distance - .735 1.00 .906 .762 .411 -.110

Pearson .733 .661 .54 .391 .130

Overlap-between .906 .762 .411 -. 110

3accard - .303 .364 -. 213

Task - .524 .056

Yule - .434
Simple matching

YN Sample

Distance .320 .999 .914 .843 .124 -. 343

Pearson - .334 .748 .703 .315 -. 226

Overlap-between - .909 .S33 .129 -. 3X

Jaccard - .01 .172 -. 3
Task - .270 -. 317
Yule -- .4"4

Simple matching -

aDistance values were inverted before clustering.
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DISCUSSON

It is important to comment on the appropriateness of using various binary proximity
measures for the cluster analysis of occupational task inventory data. The results clearly
demonstrated that the 3accard and Dice binary measures were capable of capturing more
information than were other binary measures, including the CODAP task measure.
However, since many other binary measures were not capable of capturing much profile
information, they are inappropriate for use as proximity measures in clustering such
occupational data.

The high similarity between solutions based on certain continuous measures and
solutions based on certain binary measures has possible application as well as theoretical
interest. This similarity is apparently accounted for by the large proportions of zeros in
the data sets analyzed. The data sets consisted of about 85 percent zeros and 15 percent
nonzeros (see Table t). Thus, the unique variance capturable by the continuous measures
resided in the 15 percent of nonzero scores. Given this type of data set to be analyzed,
there will be little loss of continuous information if a binary measure such as the 3accard
measure is used. If there is reason to believe that data collected on a binary scale have
higher validity than those collected on a continuous scale (as demonstrated by Hartley,
Brecht, Pagerey, Weeks, Chapanis, & Hoecker, 1977), then a decision to cluster binary
data will not risk any substantial loss of information and might increase the validity of the
obtained solution. Further analysis could produce a utility curve displaying the binary
versus continuous information differential as the proportion of zero data points varies.

An alternative approach to analyzing such data sets would be to delete from the
calculation of proximity values any pairs of zero scores on corresponding variables for any
two profiles being compared (as in pair-wise deletion). This procedure would change the
proportion of zeros in the data, with subsequent effect on the performance of different
proximity measures. This alternative approach needs to be examined for its effect on
cluster solution validity.

Further evidence for the interaction between the type of data set and proximity
measure performance was found in the relatively poor performance of the measures whose
magnitude was affected by pairs of zero scores on common profile tasks (see results for
such binary measures in Table 2 and for the Pearson correlation coefficient in Table 4).
Measures such as 3accard, Dice, and distance were not so affected, and the relationships
were predictably stronger. The fact that the distance measures in the study use more
profile information than does the Pearson correlation coefficient has justified their use as
criteria against which to judge the binary measures.

The present findings and the additional research suggested above would not be
valuable if the data sets analyzed were dissimilar from most other data sets of task
inventory information. To the contrary, the proportion of zeros is usually very high when
task inventory data are collected, simply because an incumbent only does (or only
responds to) a small proportion of a large number of inventory tasks (e.g., usually more
than 400 In Navy task inventories). Thus, it is reasonable to apply the findings to analysis
of task inventory data in general.

It is also useful to comment on the selection of comparative analyses for evaluating
proximity measures. The relationships among measures, as demonstrated in absolute
values of correlation coefficients, differ substantially from cluster solution comparisons
to proximity matrix comparisons. Final evaluation should be based on the cluster
solutions.

9



• USMIONS

I- The 3uccard and Dice proximity measures are consistently powerful measures,
capable of capturing more profile Information than are many other binary measures.

2. The performance of a proximity measure in cluster analysis can be strongly
affected by the proportion of zeros In the data analyzed.

3. The use of selected binary proximity measures will yield cluster solutions highly
similar to cluster solutions based on continuous proximity measures.

4. Because the high proportion of zeros in the incumbent profiles analyzed Is
typical for this type of data set, it appears that the findings are generalizable to data
collected from other occupational task inventories.

RECOMMENDATIONS
1. The 3accard measure should be used to cluster binary data collected from

occupational task inventories and should be programmed into CODAP System 80 as the
binary proximity measure.

2. Research should be conducted to develop a conceptual model for the interaction
between data set response distributions and proximity measure performance.

* I:ji
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APPENDD(

PROXIMITY MEASURE FORMULAS
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Table A-I

Continuous Proximity Measure Formulas

n n
Distance: E Overlap-between: E min(Pk: Pk)

k=l[ik k=l \P
n /n \ /n

Pearson Correlation n Z P'k P' - Pik) /£ Pjk)
Coefficient: k= I K \jcl \k= /

n n  2n n k/ n (k,, . 2 rP ik 2 n - jk
k=l (Pk =!k !I(k2 k

Where:

i: Any one profile
j: Any other profile
k: Any one of n tasks in profile
n: N of tasks in profile
P: Any one of k task scores in profile

A



Table A-2

Binary Proximity Measure Formulas

Correlation Ratio: C.2
Otsuka:

T.T.
Ti j

2CC...NN.
Dice: 2C Phi: On C i i i j

2Cij+N i N j  /TiT. Ni +A ij Nj+Aij
V.

First Kulczynski: C.ij Rogers and Tanimoto: Cii + Ai

Hamaan: Cij + A i - Ni + N Simple Matching: Cij + Aij
G G

3accard: Cii Sokal Distance:1r ~ ~~Cij + N i 
+ Nj 5oa itne:" CJ

Number of Features Ni + N. Task: C*+I
of Difference: j

Yule: Cii Ai -NiN

Cij Aij + NiN j

Where:

i: Any one profile
j: Any other profile
Aij: N of common zero-scored tasks in profile i and profilej
C.j: N of common nonzero-scored tasks in profile, and profile.

G: Grand total of nonzero-scored tasks in all irofiles anlayzed
N1: N of nonzero-scored tasks present in profileI and absent in profile.

N.: N of nonzero-scored tasks present in profilej and absent in profle,
T I: Total N of nonzero-scored tasks in profile1

T.: Total N of nonzero-scored tasks in profile

Note. All formulas are presented in Cheetham and Hazel (1969). The formula for First
uRuczynski has been modified by application of the absolute function.

A-2
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