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A Comparison of an Actuarial and a Linear
Model for Predicting Organizational Behavior
Blake A. Frank 
The Southland Corporation

Using an actuarial and a linear model for pre-
dicting organizational behavior, employee sub-
groups were identified through a hierarchical and
convergent clustering of assessment variable profiles
in a validation sample (N = 2,899) and cross-val-
idated by assigning a holdout sample (N = 2,899)
to the original subgroups on the basis of a min-
imum distance qualifier. Subgroup membership in
both samples was significantly associated with cur-
rent employment status and job performance. A
linear discriminant function analysis of employment
status and a linear regression analysis of job per-
formance also yielded significant results. A com-
parison of the two models in terms of predictive ac-
curacy indicated that the two models were essential-

ly equivalent. However, it was concluded that the
actuarial model was superior to the linear model,
since a descriptive and behavioral taxonomy based
on stable, homogeneous employee subgroups could
be developed.

In recent years there have been two broad crit-
icisms of the traditional linear model as applied
to the prediction of behavior in organizations.
The first criticism holds that the traditional
model is inadequate to predict complex or-

ganizational behavior because it does not ac-

count for configurations of individuals and their
unique interactions with task demands and the
organizational environment (Dunnette, 1963). A

similar sentiment was expressed by Tyler (1959),
who criticized the generally low ceiling on pre-
dictability achieved by the traditional model and
suggested a new approach based on patterns of
choice behavior. The second criticism concerns
the inability of the traditional linear model to
contribute very much to the understanding of
human behavior (Owens, 1971; Tyler, 1959).
Since the efficacy of the linear model is em-

pirically determined, little or no causal attri-
bution can be made for observed relationships
between variables.
The foundation for a departure from the tra-

ditional model was developed by Toops (1948,
1959), who believed that society consisted of an
array of identifiable, homogeneous subgroups of
individuals and that, once identified, these sub-

groups could be used to predict the future be-
havior of subgroup members. In essence, Toops
described a model for the actuarial prediction of
behavior. Actuarial prediction refers to pro-
cedures that involve the derivation of probability
estimates of future behavior from contingent-
frequency tables (Wiggins, 1973). The actuarial
prediction problem takes the following form:
Given several subgroups (G,, G2, ... , Gk), what
is the probability that an individual in a particu-
lar group will be a member of a given criterion
category (C,, C2, .... , C,)? Sines (1966) referred
to this strategy as prediction from taxonomic
classes.
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Recent research on the actuarial model has
shown that homogeneous subgroups can be
identified from heterogeneous groups of individ-
uals and that these subgroups are significantly
related to external criteria (Pinder & Pinto,
1974; Pinto, 1970; Schoenfeldt, 1974; Taylor,
1968). Additionally, the utility of using such sub-
groups as moderators in least squares pro-
cedures, probability weighting methods, and a
Bayesian regression model has been researched
(Lissitz & Schoenfeldt, 1974). In this study sub-
group membership was input into several dif-
ferent prediction models, but in each case vari-
ables other than those used to define the sub-

groups were also used in the development of
each prediction model.
No research comparing the actuarial and lin-

ear models appears to have been conducted in
which the same set of variables on the one hand,
has been used to define the subgroups from
which predictions are made and, on the other
hand, has been used as the independent vari-
ables in the development of a least squares pre-
diction equation. The purpose of this study was
to compare an actuarial prediction model with
the linear model, both developed on an identical
set of variables in the same sample, for effec-
tiveness in prediction. The research consisted of
the following four phases: (1) development of
homogeneous subgroups from a heterogeneous
pool of exempt-level employees; (2) validation
and cross-validation of predictions made from
subgroup membership (i.e., the actuarial mod-
el) ; (3) validation and cross-validation of pre-
dictions made from the linear model; and (4)
comparison of the actuarial and linear models
for effectiveness in predicting relevant organiza-
tional criteria.

Method

Subjects

The subjects were 5,798 exempt-level em-
ployees of a large petrochemical company. The
sample consisted of all individuals who had been

tested in the company’s ongoing managerial as-
sessment program and who were employed, or
had been employed, in one of five broad work
force categories: upper level management
(8.2%), supervisory professional-technical
(10.5%), supervisory professional (8.4%), profes-
sional-technical (36.4%), and professional
(36.6%).
The sample was randomly divided into val-

idation and cross-validation samples of 2,899
employees each. Chi-square and t tests indicated
no significant differences between the samples
on any of the demographic variables (e.g., age,
tenure) or analysis variables available for study.

Criteria

Two criteria relevant to organizational success
were developed. First, in light of a rather sub-
stantial attrition rate (33%), employment status
was selected as one criterion. On the basis of

data in their personnel files, employees in both
the validation and cross-validation samples were
assigned to either a &dquo;With Company/Retired&dquo; cate-
gory or a &dquo;Not With Company&dquo; category. The
former category contained individuals who were
currently employed by the company or who had
worked at the company until retirement; the
latter category contained individuals who had
either left the company or had been terminated

by the company between the time they com-
pleted the managerial assessment test battery
and the date of data collection for this research.

Second, prior to splitting the sample, a job
performance measure was developed from a

principal components analysis of age, company
service, job grade, performance appraisal, and
an estimate of career potential (Frank, 1976;
Vicino & Bass, 1978). Factor scores were com-

puted on a factor defined by high positive
loadings on job grade (.76), performance ap-
praisal (.84), and potential estimate (.94), and
low loadings on tenure (.11) and age (-.10).
High- and low-criterion groups were obtained by
dichotomizing the factor scores at the mean of
each sample.
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Analysis Variables

All scores or subscores available from the
firm’s managerial assessment test battery were
used as analysis variables. Complete data on the
following 13 scores were available for all employ-
ees :

1. Developmental Influences: The nature of
early experiences in the home;

2. Achievement-Academic Years: The level
of formal education and achievements
while in school;

3. Present Self-Concept: Self-image and level
of confidence;

4. Staff Communication/Participation: Phi-

losophy regarding communication with
one’s staff and participation in decision

making;
5. Employee Selection/Development: Philos-

ophy regarding the methods and criteria
for selecting and developing employees;

6. Employee Motivation/Labor Relations: Be-
liefs regarding the methods for rewarding
employees and the responsibility of the or-
ganization to its employees;

7. Management StylelDecision Making: Ori-
entation of managers to superiors and sub-
ordinates and ability to make decisions;

8. Behavioral Consistency: Consistency of

temperament and amount of self-control;
9. Energy Level/Time Use: Pace of work and

time utilization;
10. Confidence/Conviction: The confidence

placed in one’s own ideas and plans;
11. Behavior Understanding/Tolerance: Con-

flict proneness and tolerance of others’ be-
liefs and ideas;

12. Verbal Reasoning: As measured by the
Miller Analogies Test (Psychological Cor-
poration, 1970);

13. Nonverbal Reasoning: As measured by the
Test of Nonverbal Reasoning (Richardson,
Bellows, Henry, & Co., 1963).

The first three variables were developed from
a biographical information blank. Scores 4

through 7 were derived from a test of man-

agerial judgment, and Scores 8 through 11 were
developed from a temperament survey. These
measures are subscores from the Manager Pro-
file Record, an empirically keyed instrument de-
signed to predict management potential (Rich-
ardson, Bellows, Henry, & Co., 1973).

Actuarial Model

Subgroup development. Employees in one of
the 2,899 case samples were grouped according
to similarity of intersubject assessment score

profiles by way of the hierarchical clustering
procedure originally described by Ward (1963)
and Ward and Hook (1963). This procedure be-
gins by considering each individual as a unique
cluster or subgroup, and then in successive steps
combines subgroups until only one subgroup
containing all individuals remains. At each step
of the clustering process, two subgroups are

merged in order to minimize intracluster varia-
tion while maximizing intercluster variation.
That is, the objective is to find at each stage
those two subgroups whose merger gives the
minimum increase in the total within-group
error sum of squares. The within-group error
sum of squares is the sum of Euclidean distances
from each data point in the two combined clus-
ters to the mean vector of the combined clusters.

The Ward and Hook (1963) clustering proced-
ure typically involves computing a matrix of in-
tersubject similarity functions (e.g., d2) and

searching the matrix for the minimum similarity
value for subgroup combinations. However,
where there are many subjects, the matrix-scan-
ning approach becomes unworkable, because
most computers do not have sufficient memory
to store the large similarity function matrix.

Thus, in this study, where the objective was to
cluster a very large sample, a hierarchical clus-
tering procedure presented by Anderberg (1973,
pp. 145-148) was used to circumvent the com-

puter data storage problem. This procedure,
which is computationally equivalent to the ma-
trix-scanning approach typically used, imple-
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ments the Ward and Hook (1963) method by
operating on raw profile scores and summary
statistics stored in the computer’s memory
rather than on the actual matrix of similarity
measures.

There are two problems inherent in the hierar-
chical clustering procedure. First, there is no un-
ambiguous solution to the problem of when to
stop clustering. Logically, the solution is related
to the amount of increase in the within-sub-

group variation relative to the between-sub-

group variation. Clustering should be termi-
nated when an unacceptable increase in within-
subgroup variation has occurred. However, the
determination of what constitutes an unaccept-
able increase remains subjective. In this study,
as in others (Pinto, 1970; Taylor, 1968), the rate
of change in within-subgroup variation was plot-
ted, and the number of subgroups retained for
further analysis was established at the stage in
clustering that preceded the first substantially
large inflection in within-subgroup variation.
The second problem with hierarchical clus-

tering is that once an individual is assigned to a
subgroup, that person becomes locked into that
subgroup; thus, the assignment of individuals to
subgroups is usually less than optimal at the

conclusion of the grouping (Ward, 1963). As an
adjunct to the hierarchical clustering procedure,
the subgroups identified in the hierarchical

analysis were subjected to a convergent means
cluster analysis (Anderberg, 1973, p. 163). In
this procedure an individual’s distance to

his/her original subgroup centroid is compared
to his/her distance to all other subgroup cen-
troids. If the distance to the original subgroup is
the minimum, no change is made. If the dis-
tance to another subgroup is the minimum, the
individual is moved to that subgroup, and the
original and new subgroup centroids are

changed to reflect the move. The process is re-
peated until no additional moves are made.
In some clustering research, subjects not fit-

ting any subgroup well (in a minimum distance
sense) or fitting two or more subgroups equally
well were dropped from the analysis (e.g.,

Schoenfeldt, 1974; Taylor, 1968). This typically
resulted in the elimination of 20% to 25% of the

sample. A similar treatment of subjects was not
considered in this study, since an important goal
of the research was to compare two prediction
models developed in the same sample. Were
misfits to be eliminated in the development of
one model, the same subjects should be elim-
inated in the development of the other model in
order to allow a fair comparison of the models.
Even though there may be a theoretical justifi-
cation for eliminating misfits from the cluster-
based model, no theoretical justification for

eliminating these subjects from the linear model
was apparent. Therefore, no subjects were elim-
inated in the development of either model. All
employees were assigned to a subgroup.

Validation. After final subgroup member-
ship was determined, the subgroups were cross-
tabulated against the two criteria. The relation-
ship between the subgroups and the criteria was
analyzed in three ways:

1. Chi-square was computed to measure the
statistical significance of association;

2. The index lambda was computed as an esti-
mate of the practical utility of the associa-
tion between the variables (Hays, 1963).
Lambda is a measure of the percentage re-
duction in the probability of error in predic-
ting the criteria from the subgroups. The
statistic varies from zero, when knowing
subgroup membership results in no reduc-
tion in error of prediction, to 1.0, when
knowing subgroup membership results in
100% reduction in error of prediction;

3. A percent of correct classification (hit rate)
for predicting the criteria was calculated.
This was the sum over subgroups of the
number of people in the most frequently ap-
pearing criterion categories divided by the
total available sample size.

Cross-validation. Two steps were involved in
cross-validating the actuarial model. First, the
2,899 cross-validation sample subjects were as-

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



175

signed to one of the subgroups identified in the
validation sample by means of the minimum dis-
tance qualifier, d2. The distance of each subject
in the cross-validation sample to each validation
sample subgroup centroid was calculated, and
individuals were assigned to the subgroup to
which their distance was the minimum. Second,
the cross-validation subgroups were cross-tab-
ulated against the two criteria. Chi-square and
lambda were calculated as in the validation

sample. The hit rate was the sum over subgroups
of the number of people in the most frequently
appearing criterion categories identified in the
validation sample divided by the total available
cross-validation sample size.

Linear Model

Discriminant analysis. In the validation sam-

ple a discriminant analysis was performed on
employment status, using the 13 analysis vari-
ables as predictor variables. Discriminant var-
iable weights and a constant computed for each
criterion category were used in conjunction with
the a priori probability of criterion category
membership to develop a predicted employment
status for each individual. The significance of
the discriminant analysis was tested by Mahal-
anobis D2. In addition, a hit rate was computed
as the number of classifications, where predicted
employment status was identical to actual em-
ployment status divided by the total number of
classifications.

In the cross-validation sample the discrim-
inant weights computed in the validation sample
were used to develop a predicted employment
status and hit rate in the same manner as in the
validation sample.
Regression analysis. In the validation sample

the performance score was regressed on the 13
analysis variables. The resulting multiple corre-
lation was tested for statistical significance, and
the regression weights were used to calculate a
predicted performance score for each sample
member. Both the predicted and actual scores
were dichotomized at their respective means and
cross-tabulated against one another. Lambda

was computed, and the hit rate was calculated as
the number of comparisons where the predicted
and actual criterion categories were the same,
divided by the total number of comparisons.
In the cross-validation sample, predicted per-

formance scores were computed by applying the
validation sample regression weights to the 13
analysis variable scores. A cross-validated mul-
tiple correlation was calculated, and the perfor-
mance scores were dichotomized and cross-tab-

ulated. As for the validation sample, lambda
and the hit rate were then computed.

Results

Subgroup Development

In the hierarchical reduction of the subgroups,
a dramatic increase in within-subgroup vari-

ation occurred when 12 subgroups were merged
into 11 subgroups, indicating that two very dis-
similar subgroups had been merged. Therefore,
12 subgroups were retained for processing by the
convergent means clustering technique. Appli-
cation of this program resulted in a 10.7% re-
duction in the within-subgroup variation calcu-
lated for the 12 subgroups in the hierarchical
analysis. The 12 revised subgroups were desig-
nated the validation sample subgroups in subse-
quent analyses.

Finally, based on the minimum distance qual-
ifier (d~), the 2,899 cross-validation subjects
were assigned to the subgroup they most closely
resembled. Figure 1 presents the analysis var-
iable profiles for three of the subgroups devel-
oped in the validation and cross-validation

samples.’ The 13 analysis variables used in the
subgroup development are arrayed on the hori-
zontal axis in the order presented in the Method
section. The vertical axis represents the score
range for each analysis variable, and the plotted
points are the analysis variable means for the
cluster.

’To conserve space, only three subgroup profiles are presen-
ted. However, these profiles are representative of the corre-
spondence between all validation and cross-validation pro-
files.
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Figure 1
Selected Analysis Variable Profiles for the Employee Subgroups:

Validation and Cross-Validation Samples
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A visual comparison shows that the cross-val-
idation profiles almost perfectly replicated the
validation sample profiles. Moreover, for all

subgroups the differences in mean values of the
13 analysis variables between the validation and
cross-validation samples were extremely small,
deviating by no more than one-tenth standard
deviation between samples. The number of sub-
jects in each subgroup differed from sample to
sample, but by less than 2% of the total sample.

Actuarial Model Prediction

Employment status. The chi-square test of
the association between the 12 employee sub-
groups and employment status, shown in Table
1, yielded values of 71.14 (p<.001) and 84.44

(p<.001) in the validation and cross-validation

samples, respectively. Lambda values of .00 and
.01 indicated that knowing subgroup member-
ship would reduce the probability of error in
prediction by no more than 1%. Despite statis-

tical significance, knowledge of subgroup mem-
bership was not practically useful for predicting
employment status. Reference to Table 1 shows
that the reason for this was the high base rates
(67%, 68%) of the &dquo;With Company/Retired&dquo;
employment status category in the two samples.
Therefore, prediction of employment status was
the same for all subgroups and yielded hit rates
equal to the base rate of the With Company/Re-
tired group in each sample.
Job performance. Table 2 presents the cross-

tabulation of subgroup membership and job
performance for both samples. Chi-squares of
216.95 (p<.001) and 252.25 (p<.001) showed the
association to be highly significant. Lambda in-
dicated that knowing subgroup membership
would result in a 26% and 25% reduction in the

probability of error in predicting job perfor-
mance. Hit rates of 64% and 63% showed that

differential prediction based on subgroup mem-
bership would result in 12% to 13% more correct
predictions than predicting by base rate alone

Table 1

Homogeneous Employer Subgroup by Employment Status

*Validation Sample: The most frequently occuring criterion category
for this subgroup; Cross-validation Sample: The criterion category
the subgroup members were predicted to occupy.
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Table 2

Homogeneous Employee Subgroup by Job Performance

*Validation Sample: The most frequently occuring criterion
category for the subgroup; Cross-validation Sample: The
criterion category the subgroup members were predicted to
occupy.

-an improvement of approximately 25% over
the 51% base rate.

Linear Model Prediction
Employment status. The discriminant analy-

sis for employment status yielded a Mahalanobis
D2 of 115.00 (p<.001), indicating that the 13 pre-
dictor variable means differed significantly be-
tween the With Company/Retired and Not With

Company categories. The classification tables
computed on the samples are presented in Table
3. Hit rates of 67% and 68% were equal to the
base rate of the With Company/Retired cat-
egory. As with the actuarial model, despite a
strong statistical association between the var-

iables, no prediction of employment status could
be made that was superior to the base rate pre-
diction.

Table 3

Classification Rates for Predicted Employment Status Categories
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Table 4

Comparison of Predicted and Actual Job Performance

Job performance. A multiple correlation of
.45 ~n<.001) resulted from the regression of job
performance on the 13 analysis variables. The
correlation of predicted scores, based on the val-
idation sample regression weights, and actual
scores in the holdout sample yielded a cross-val-
idated multiple correlation of .45 (p<.001).
Table 4 presents the cross-tabulations of the
dichotomized predicted and actual scores for
both samples. Lambda indicated that knowing
predicted score group would result in a 25% and
33% reduction in the probability of error in pre-
dicting actual performance. Hit rates of 64%
and 68% were calculated.
The improvement in efficiency of prediction I

on cross-validation, as indicated by the higher
lambda and hit rate, was not expected, since the
multiple correlation did not increase on cross-
validation. It was hypothesized that this im-

provement was an artifact resulting from the
coarse grouping of job performance. Subsequent
analyses supported this hypothesis. In each sam-
ple actual and predicted job performance were
divided into five categories with equal frequen-
cies and were cross-tabulated. The improvement in
hit rate on cross-validation was .7%. Thus, al-
though the increase did not vanish, it was sub-

stantially reduced. In addition, the 12 cross-val-
idation subgroups were cross-tabulated with the
five-category breakdown of the performance
measure. The difference in hit rates between the
actuarial and linear model predictions was .5%,
indicating the two models were essentially equiv-
alent in accuracy of prediction.

Discussion

The results have shown (1) that it is possible to
identify homogeneous subgroups of people,
given a heterogeneous sample of individuals pro-
filed on various individual difference measures;
(2) that these subgroups are significantly related
to various external criteria; and (3) that the actu-
arial and linear models were equally effective in
predicting these criteria. The finding that the
models were equal in predictive accuracy sug-
gests that the linear model can develop predic-
tions as accurate as a model which accounts for

unique configurations of individuals and their
relationship to complex criteria. Thus, any deci-
sion to select one model over the other for oper-
ational use must be made on grounds other than
predictive accuracy.
There are at least two reasons that argue for

adoption of the actuarial model for operational
use. First, it is very efficient (Owens, 1971, 1976).
Assuming that the subgroups are significantly
related to many external criteria, once a person’s
subgroup membership is determined, predic-
tions can be made for all of these criteria. Com-

pare this to the linear model that requires the
generation of a regression or discriminant equa-
tion for each criterion and the subsequent devel-
opment of an expectancy chart or classification
table for each variable for ease of interpretation.

Second, and perhaps most important, use of
the actuarial model promotes a better under-

standing of human behavior (Owens, 1971,
1976). Being a member of one subgroup rather
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than another has a unique meaning, represented
by the subgroup’s profile of test scores and the
criteria that are significantly associated with
subgroup membership.
For the sake of example, compare Subgroups

6 and 7. First, each subgroup has a distinct pro-
file of analysis variable means. The profiles de-
fine the essential character of the subgroups,
since the subgroups were developed on the basis
of profile similarity. The constructs measured by
the analysis variables provide a qualitative in-
sight into what it means to be a subgroup mem-
ber. Subgroup 6 is below average in intelligence
and academic achievement. Its members had

many negative family experiences. They have
poor self-concepts and lack confidence in them-
selves. These individuals tend to be rigid and au-
thoritarian in dealing with their employees. On
the other hand, Subgroup 7 is above average in
intelligence and academic achievement. Sub-

group members had many positive family exper-
iences and have a positive self-concept, with con-
fidence in themselves and conviction in their
ideas. They tend to be participative and flexible
with their subordinates and believe in advance-
ment due to ability. Second, the subgroups dif-
fer in terms of the external criteria associated
with subgroup membership. Subgroup 6 is be-
low average in job performance and Subgroup 7
is above average in job performance. Additional-
ly, although the base rate problem proscribes an
attrition prediction for either subgroup, some
evidence of differential organizational longevity
exists. Approximately 67% of Subgroup 6 is in
the With Company/Retired category-a per-
centage equal to the total sample base rate. Ap-
proximately 78% of Subgroup 7 is in this cat-
egory-a percentage significantly higher (t =

5.42, p<.001) than the 67% base rate.2

Thus, a better understanding of subgroup
membership may be initially derived from infor-
mation provided by the subgroups’ unique

analysis variable profiles. Following this, an un-
derstanding of what it means to be a member of
a particular subgroup may be developed by
analyzing the subgroup-criterion relationships
over many criteria; and since a basic assumption
of the actuarial model is that the characteristics
of the subgroup can be attributed to each mem-
ber, the model provides for the description of in-
dividual behavior in terms of all criteria asso-
ciated with subgroup membership.
Compare this to the linear model. If one were

interested in predicting several criteria, a sep-
arate regression equation or discriminant analy-
sis would have to be developed for each cri-

terion. For each regression or discriminant

analysis, the differential weighting of the predic-
tor variables might provide some insight into the
nature of the predictor-criterion relationship;
however, the same predictor variables might
have weights differing in sign and/or magni-
tude, depending on the criterion. Therefore, any
understanding of the predictor-criterion re-

lationship is in terms of the regression or dis-
criminant weights for a specific criterion-not
several criteria and not the individuals whose
scores are being analyzed. On the other hand,
the actuarial model provides for a greater under-
standing of human behavior by allowing the de-
velopment of a descriptive and behavioral tax-
onomy based on stable, homogeneous subgroups
of individuals.
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