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Decision theoretic equations were used to estimate the impact of a valid test
(the Programmer Aptitude Test; PAT) on productivity if it were used to select
new computer programmers for one year in (a) the federal government and
(b) the national economy. A newly developed technique was used to estimate
the standard deviation of the dollar value of employee job performance, which
in the past has been the most difficult and expensive item of required informa-
tion to estimate. For the federal government and the U.S. economy, separately,
results are presented for different selection ratios and for different assumed values
for the validity of previously used selection procedures. The impact of the PAT
on programmer productivity was substantial for all combinations of assumptions.
The results support the conclusion that hundreds of millions of dollars in in-
creased productivity could be realized by increasing the validity of selection
decisions in this occupation. Likely similarities between computer programmers
and other occupations are discussed. It is concluded that the impact of valid
selection procedures on work-force productivity is considerably greater than

most personnel psychologists have believed.

Questions concerning the economic and
productivity implications of wvalid selection
procedures increasingly have come to the fore
in industrial-organizational psychology. Dun-
nette and Borman’s chapter in the Annual
Review of Psychology (in press) includes, for
the first time, a separate section on the utility
and productivity implications of selection
methods. This development is due at least in
part to the emphasis placed on the practical
utility of selection procedures in some of the
litigation in recent years involving selection
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tests. Hunter and Schmidt (in press) have
contended, on the basis of a review of the
empirical literature on the economic utility
of selection procedures, that personnel psy-
chologists have typically failed to appreciate
the magnitude of productivity gains that
result from use of valid selection procedures.
The major purpose of this study is to illustrate
the productivity (economic utility) implica~
tions of a valid selection procedure in the
occupation of computer programmer in the
federal government and in the economy as a
whole. However, to set the stage we first
review developments related to selection
utility.

History and Development of
Selection Utility Models

The evaluation of benefit obtained from
selection devices has been a problem of con-
tinuing interest in industrial psychology. Most
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attempts to evaluate benefit have focused on
the validity coefficient, and at least five ap-
proaches to the interpretation of the validity
coefficient have been advanced over the years.
The oldest of these is the index of forecasting
efficiency, (E): E=1— (1 — 7,,*)}, where
7.y is the validity coefficient. This index com-
pares the standard error of job performance
scores predicted by means of the test (the
standard error of estimate) to the standard
error that results when there is no valid in-
formation about applicants and one predicts
the mean level of performance for everyone
(the standard deviation of job performance).
The index of forecasting efficiency was heavily
emphasized in early texts (Hull, 1928; Kelley,
1923) as the appropriate means for evaluating
the value of a selection procedure. This
index describes a test correlating .50 with job
performance as predicting with a standard
deviation of estimate errors only 139, smaller
than chance, a very unrealistic and pessimistic
interpretation of the test’s economic value.

The index of forecasting efficiency was suc-
ceeded by the coefficient of determination,
which became popular during the 1930s and
1940s. The coeflicient of determination is
simply the square of the validity coefficient,
or 7,,% This coefficient was referred to as ““the
proportion of variance in the job performance
measure accounted for” by the test. The co-
efficient of determination describes a test of
validity of .50 as “accounting for”’ 259, of the
variance of job performance. Although 7,2
is still occasionally referred to by selection
psychologists—and has surfaced in litigation
on personnel tests—the ‘“amount of variance
accounted for” has no direct relationship to
productivity gains resulting from use of a
selection device.

Both E and r,,? lead to the conclusion that
only tests with relatively high correlation with
job performance will have significant practical
value. Neither of these interpretations recog-
nizes that the value of a test varies as a func-
tion of the parameters of the situation in which
it is used. They are general interpretations of
the correlation coefficient and have been shown
to be inappropriate for interpreting the validity
coefficient in selection (Brogden, 1946; Cron-
bach & Gleser, 1965, p. 31; Curtis & Alf, 1969).

The well-known interpretation developed by
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Taylor and Russell (1939) goes beyond the
validity coefficient itself and takes into account
two properties of the selection problem—the
selection ratio (the proportion of applicants
hired) and the base rate (the percentage of
applicants who would be ‘‘successful” without
use of the test). This model yields a much more
realistic interpretation of the value of selec-
tion devices. The Taylor-Russell model indi-
cates that even a test with a modest validity
can substantially increase the percentage who
are successful among those selected when the
selection ratio is low. For example, when the
base rate is 509, and the selection ratio is .10,
a test with validity of only .25 will increase the
percentage among the selectees who are suc-
cessful from 509, to 679, a gain of 17 addi-
tional successful employees per 100 hired.

Although an improvement, the Taylor-
Russell approach to determining selection
utility does have disadvantages. Foremost
among them is the need for a dichotomous
criterion. Current employees and new hires
must be sorted into an unrealistic 2-point
distribution of job performance: ‘““successful”
and “unsuccessful” (or ‘‘satisfactory’’and
“unsatisfactory’’). As a result, information on
levels of performance within each group is lost
(Cronbach & Gleser, 1965, pp. 123-124, 138).
All those within the “successful” group, for
example, are implicitly assumed to be equal in
value, whether they perform in an outstanding
manner or barely exceed the cutoff. This fact
makes it difficult to express utility in units that
are comparable across situations.

A second disadvantage of the Taylor-
Russell model results from the fact that the
decision as to where to draw the line to
create the dichotomy in job performance is
arbitrary. Objective information on which to
base this decision is rarely available, and thus
different individuals may draw the line at very
different points. This state of affairs creates
a problem because the apparent usefulness of
the selection procedure depends on where the
line is drawn. For example, suppose both the
selection ratio and the validity are .50. If the
dichotomy is drawn so that 909, of non-test-
selected employees are assigned to the success-
ful category, the test raises this figure to 97%,—
a gain of only seven successful employees per
100 hired, or an 89, increase in the success



IMPACT OF VALID SELECTION PROCEDURES

rate. However, if the dichotomy is drawn so
that 509, are considered successful, this same
test raises the percentage successful to 67, a
gain of 17 successful employees per 100 hired,
or a 349, increase in the success rate. Finally,
if the line is drawn so that only 109 of em-
ployees are considered successful, use of the
test raises this figure to 17%,. Here the gain is
7 additional successful employees per 100
hired, as it was when 909, were considered
successful. But here the percentage increase
in the success rate is 709, rather than 87%,.
Thus the Taylor-Russell approach appears to
give different answers to the question of how
useful a test is, depending on where the
arbitrary dichotomy is drawn.,

The next major advance was left to Brogden
(1949), who used the principles of linear re-
gression to demonstrate how the selection ratio
(SR) and the standard deviation of job per-
formance in dollars (SD,) affect the economic
utility of a selection device. Despite the fact
that Brogden’s derivations are a landmark in
the development of selection utility models,
they are straightforward and simple to
understand.

Let r,, = the correlation between the test
(x) and job performance measured in dollar
value. The basic linear model is

V=0Z:+u+e

where ¥V = job performance measured in
dollar value; 8 = the linear regression weight
on test scores for predicting job performance;
Z, = test performance in standard score form
in the applicant group; uy = mean job per-
formance (in dollars) of randomly selected
employees; and e = error of prediction. This
equation applies to the job performance of an
individual. The equation that gives the average
job performance for the selected (s) group (or
for any other subgroup) is

E(Y.) = E(BZ.,)) + E(u,) + E(e).

Since E(e) = 0, and 8 and u are constants,
this becomes

Ys = ﬂzz, + py

This equation can be further simplified by
noting that 8 = #,,(SD,/SD.), where SD, is
the standard deviation of job performance
measured in dollar value among randomly
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selected employees. Since SD, = 1.00, 8 =
72p30,. We thus obtain

Y, = 1:ySD,Z., + .

This equation gives the absoluie dollar value
of average job performance in the selected
group. What is needed is an equation that
gives the increase in dollar value of average
performance that results from using’ the test.
That is, we need an equation for marginal
utility. Note that if the test were not used, Y,
would be u,. That is, mean performance in the
selected group is the same as mean performance
in a group selected randomly from the ap-
plicant pool. Thus the increase due to use of
a valid test is 7,,SD,Z,,. The equation we want
is produced by transposing p, to give

Y. — py = r:,SDZ,,.

The value on the right in the above equation is
the difference between mean productivity in
the group selected using the test and mean °
productivity in a group selected without using
the test, that is, a group selected randomly.
The above equation thus gives mean gain in
productivity per selectee resulting from use of
the test, that is,

AU/selectee = 7,,SD,Z,,, (1)

where U is utility and AU is marginal utility.

Equation 1 states that the average pro-
ductivity gain in dollars per person hired is
the product of the validity coefficient, the
average standard score on the test of those
hired, and the SD of job performance in dollars.
The value 74,2, is the mean standard score
on the dollar criterion of those selected, Z,.
Thus utility per selectee is the mean Z score
on the criterion of those selected times the
standard deviation of the criterion in dollars.
The only assumption that Equation 1 makes
is that the relation between the test and job
performance is linear. If we further assume that
the test scores are normally distributed, the
mean test score of those selected is ¢/p, where
p = the selection ratio, and ¢ = the ordinate
in N(0, 1) at the point of cut corresponding to
p. Thus Equation 1 can be written

AU/selectee = r,40/pSD,. 2)

The above equations illustrate the critical
role of SD, and suggest the possibility of situa-
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tions in which tests of low validity have
higher utility than tests of high validity. For
example:

AU/
Tay Z, SD, selectee
Mid-level job
(e.g., systems
analyst) 20 1.00 25000 @ $5,000
Lower-level job
(e.g., janitor) .60 1.00 2,000  $1,200

The total utility of the test depends on the
number of persons hired. The total utility
(total productivity) gain resulting from use of
the test is simply the mean gain per selectee
times the number of people selected, N,. That
is, the total productivity gain is:

AU = N,.,SD,Z.,.

In this example, the average marginal utilities
are $5,000 and $1,200. If 10 people were
hired, the actual utilities would be $50,000
and $12,000, respectively. If 1,000 people were
to be hired, then the utilities would be $500,000
and $120,000, respectively. Obviously the
total dollar value of tests is greater for large
employers than for small employers. However,
this fact can be misleading. On a percentage
basis it is average gain in utility that counts,
and that is what counts to each individual
employer.

Equations 1 and 2 clearly illustrate the basis
for Brogden’s (1946) conclusion that the
validity coefficient itself is a direct index of
selective efficiency. Brogden (1946) showed
that given only the assumption of linearity,
the validity coefficient is the proportion of
maximum utility attained, where maximum
utility is the productivity gain that would
result from a perfectly valid test. A test with
a validity of .50, for example, can be expected
to produce 3509, of the gain that would result
from a perfect selection device (validity =
1.00) used for the same job and at the same
selection ratio. A glance at Equation 1 or
Equation 2 verifies this verbal statement. Since
the validity coefficient enters the equation as a
multiplicative factor, increasing or decreasing
the validity by any factor will increase or de-
crease the utility by the same factor. For
example, if we increase validity by a factor of
two by raising it from .20 to .40, Equation 2
shows that utility doubles. If we decrease
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validity by a factor of one half by lowering it
from 1.00 to .50, utility is cut in half. Equa-
tions 1 and 2 also illustrate the fact that there
are limitations on the utility of even a per-
fectly valid selection device. If the selection
ratio is very high, the term ¢/p (or Z,,) ap-
proaches zero and even a perfect test has little
value. If the selection ratio is 1.00, the perfect
test has no value at all. Likewise, as SD,
decreases, the utility of even a perfect test
decreases. In a hypothetical world in which
SD, were zero, even a perfect test would have
no value.

Brogden (1946) further showed that the
validity coefficient could be expressed as the
following ratio:

po = Zu(z) _ Zu(r)
y = F & )
Zy(z/) - Zy(r)

where Z,(;) = the mean job performance (»
standard score for those selected using the
test (x); Zyqy = the mean job performance
standard score resulting if selection were on
the criterion itself, at the same selection ratio;
Z,» = the mean job performance standard
score resulting if selection decisions were made
randomly (from among the otherwise screened
pool of applicants); and 7., = the validity
coefficient. Since Zy¢y = 0 by definition, the
above formula reduces to Zye)/Zyq). This
formulation has implications for the develop-
ment of new methods of estimating selection
procedure validity. If reasonably accurate
estimates of both Z,, and Z,q) can be ob-
tained, validity can be estimated without con-
ducting a traditional validity study.

In Equations 1 and 2, the values for 7.,
and SD, should be those that would hold if
applicants were hired randomly with respect
to test scores. That is, they should be values
applicable to the applicant population, the
group in which the selection procedure is
actually used. Values of 7,, and SD, computed
on incumbents will typically be underestimates
because of reduced variance among incumbents
on both test and job performance measures.
Values of 7,, computed on incumbents can be
corrected for range restriction to produce
estimates of the value in the applicant pool
(Thorndike, 1949, pp. 169-176). The ap-
plicant pool is made up of all who have sur-
vived screening on any prior selection hurdles
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that might be employed, for example, mini-
mum educational requirements or physical
examinations.

The correlation between the test and a well-
developed measure of job performance (3')
provides a good estimate of 7., the correla-
tion of the test with job performance measured
in dollars (productivity). It is a safe assump-
tion that job performance and the value of
that performance are at least monotonically
related. It is inconceivable that lower per-
formance could have greater dollar value than
higher performance. Ordinarily, the relation
between ¥ and y will be not only monotonic
but also linear. If there are departures from
linearity, the departures will typically be
produced by leniency in job performance
ratings, which leads to ceiling effects in the
measuring instrument. The net effect of such
ceiling effects is to make the test’s correlation
with the measure of job performance smaller
than its correlation with actual performance,
that is, smaller than its true value, making
vz an underestimate of r,, An alternative
statement of this effect is that ceiling effects
due to leniency produce an artificial nonlinear
relation between job performance ratings and
the actual dollar value of performance. A
nonlinear relation of this form would lead to
an underestimation of selection utility be-
cause the performance measure underesti-
mates the relative value of very high
performers.

Values of 7,,’ should also be corrected for
attenuation due to errors of measurement in
the criterion. Random error in the observed
measure of job performance causes the test’s
correlation with that measure to be lower than
its correlation with ectual job performance.
Since it is the correlation with actual per-
formance that determines test utility, it is the
attenuation-corrected estimate that is needed
in the utility formulas. This estimate is simply
v’/ (ryey)}, where 7, is the reliability of the
performance measure. (See Schmidt, Hunter,
& Urry, 1976, for further discussion of these
points.)

The next major advance in this area came
in the form of the monumental work by
Cronbach and Gleser (1965), Psychological
Tests and Personnel Decisions. First published
in 1957, this work was republished in 1965 in

’

613

augmented form. The book consists of de-
tailed and sophisticated application of decision
theory principles not only to the single-stage
fixed-job selection decisions that we have thus
far discussed but also the placement and
classification decisions and sequential selec-
tion strategies. In these latter areas, many of
their derivations were indeed new to the field
of personnel testing. Their formulas for utility
in the traditional selection setting, however,
are, as they note (Cronbach and Gleser, 1965,
chap. 4), identical to those of Brogden (1949)
except that they formally incorporate cost of
testing (information gathering) into the equa-
tions. This fact is not obvious.

Brogden, it will be recalled, approached the
problem from the point of view of mean gain
in utility per selectee. Cronbach and Gleser
(1965, chap. 4) derived their initial equation in
terms of mean gain per applicant. Their
initial formula was (ignoring cost of testing
for the moment):

AU/applicant = r,,SDyg.

All terms are as defined earlier. Multiplying
by the number of applicants, N, yields total
or overall gain in utility. The Brogden formula
for overall utility is

AU = N,AU/selectee = N,7.,SDyo/p. (3)

N,, it will be recalled, is the number selected.
If we note that p = N,/N, that is, the ratio
of selectees to applicants, we find that Brog-
den’s equation immediately reduces to the
Cronbach-Gleser (1965) equation for total
utility:

AU = Nty ,SDy.

Role of the Cost of Testing

The previous section ignored the cost of
testing, which is small in most testing situa-
tions. For example, in a typical job situation,
the applicant pool consists of people who walk
through the door and ask for a job (i.e., there
are no recruiting costs). Hiring is then done on
the basis of an application blank and a test
that are administered by a trained clerical
worker at a cost of $10 or so. If the selection
ratio is 109, then the cost of testing per person
hired is $10 for each person hired and $90 for
the nine persons rejected in finding the person
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hired, or $100 altogether. This is negligible in
relation to the usual magnitude of utility gains.
Furthermore, this $100 is a one-time cost,
whereas utility gains continue to accumulate
over as many years as the person hired stays
with the organization. When cost of testing
is included, Equation 2 becomes

AU/selectee = 1, SDy/p — C/p, (4)

where C is the cost of testing one applicant.

Although cost of testing typically has only
a trivial impact on selection utility, it is
possible to conjure up hypothetical situations
in which cost plays a critical role. For example,
suppose an employer were recruiting one in-
dividual for a sales position that would last
only 1 year. Suppose further that the employer
decided to base the selection on the results of
an assessment center that costs $1,000 per
assessee and has a true validity of .40. If the
yearly value of SD, for this job is $10,000 and
10 candidates are assessed, the expected gain
in productivity is .4 X $10,000 X 1.758 or
$7,032. However, the cost of the assessment
centeris 10 X 1,000 = $10,000, which is $2,966
greater than the expected productivity gain.
That is, under these conditions it would cost
more to test 10 persons than would be gained
in improved performance. If the employer
tested only 5 candidates, then the expected
gain in performance would be $5,607, whereas
the cost of testing would be $5,000 for an
expected gain of $607. In this situation,
the optimal number to test is 3 persons. The
best person of 3 would have an expected gain
in performance of $4,469 with a cost of testing
of $3,000, for an expected utility of $1,469.

Relation Between SR and Ultility

In most situations, the number to be hired
is fixed by organizational needs. If the appli-
cant pool is also fixed, the question of which
SR would yield maximum utility becomes
academic. The SR is determined by circum-
stances and is not under the control of the
employer. However, employers can often exert
some control over the size of the applicant
pool by increasing or decreasing recruiting
efforts. If this is the case, the question is then
how many applicants the employer should test
to obtain the needed number of new employees
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in order to maximize productivity gains from
selection.

This question can be answered using a
formula given by Cronbach and Gleser (1965,
p. 309).

¢ — pZ, = C/(r,SD,), (%)

where Z, is the cutting score on the test in
Z-score form. This equation must be solved
by iteration. Only one value of the SR (i.e.,
p) will satisfy this equation, and p will always
be less than or equal to .50. The value com-
puted for the optimal SR indicates the number
that should be tested in relation to the number
to be selected. For example, if the number to
be selected is 100 and Equation 5 indicates
that the optimal SR is .05, the employer will
maximize selection utility by recruiting and
testing 2,000 candidates (100/.05 = 2,000).
The cost of recruiting additional applicants
beyond those available without recruitment
efforts must be incorporated into the cost of
testing term, C. C then becomes the average
cost of recruiting and testing one applicant.
The lower the cost of testing and recruiting,
the larger the number of applicants it is
profitable to test in selecting a given number
of new employees. Since the cost of testing is
typically low relative to productivity gains
from selection, the number tested should
typically be large relative to the number
selected.

In situations in which the applicant pool is
constant, statements about optimal SRs
typicaily do not have practical value, since
the SR is not under the control of the em-
ployer. Given a fixed applicant pool, AU/
selectee increases as SR ratio decreases if cost
of testing is not considered. Brogden (1949)
showed that when cost of testing is taken into
account and when this cost is unusually high,
AU/selectee will be less at very low SRs
than at somewhat higher SRs. If the cost of
testing per applicant is unusually high, the
cost of testing per seleciee can become greater
at extremely low SRs than AU/selectee, pro-
ducing a loss rather than a gain in utility. In
practice, however, the combination of ex-
tremely high testing costs and extremely low
SRs that could lead to negative utilities occurs
rarely, if ever. When the applicant pool is
fixed, the SR that is optimal for AU/selectee
is not necessarily the optimal SR for total gain
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in utility. Cronbach and Gleser showed that
total utility is always greatest when the SR
falls at .50. As SR decreases from .50, AU/
selectee increases until it reaches its maximum,
the location of which dependson thecost of test-
ing. But as AU/selectee increases, the number
of selectees N, is decreasing and the product
N, AU/selectee, or total utility, is also de-
creasing. In a fixed applicant pool, total gain
is always greatest when 509, are selected and
509, are rejected (Cronbach & Gleser, 1965,
pp. 38-40).

Reasons for Failure to Employ Selection
Utility Models

Despite the availability since 1949 of the
utility equations discussed above, applied
differential psychologists have been notably
slow in carrying out decision-theoretic utility
analyses of selection procedures. In our
judgment, the scarcity of work in this area is
primarily traceable to three facts. First, many
psychologists believe that the utility equations
presented above are of no value unless the data
exactly fit the linear homoscedastic model and
all marginal distributions are normal. Many
reject the model in the belief that their data
do not perfectly meet the assumptions,

Second, psychologists once believed that
validity was situationally specific, that there
were subtle differences in the performance
requirements of jobs from situation to situa-
tion that produced (nontrivial) differences in
test validities. If this were true, then the
results of a utility analysis conducted in a given
setting could not be generalized to apparently
identical test-job combinations in new settings.
Combined with the belief that utility analyses
must include costly cost-accounting applica-
tions, it is easy to see why belief in the situa-
tional specificity of test validities would lead
to reluctance to carry out utility analyses.

Third, it has been extremely difficult in
most cases to obtain all the information called
for by the equations. The SR and cost of
testing can be determined reasonably ac-
curately and at relatively little expense. The
item of information that has been most
difficult to obtain is the needed estimate of
SD, (Cronbach & Gleser, 1965, p. 121). It has
generally been assumed that SD, can be esti-
mated only by the use of costly and compli-
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cated cost-accounting methods. These pro-
cedures involve first costing out the dollar
value of the job behaviors of each employee
(Brogden & Taylor, 1950a) and then com-
puting the standard deviation of these values.
In an earlier review (Hunter & Schmidt, in
press), we were able to locate only two studies
in which cost-accounting procedures were used
to estimate SD,. In this study, we will present
an alternative to cost-accounting estimates of
SD,.

We now examine each of these reasons in
detail.

Are the Statistical Assumptions Mel?

The linear homoscedastic model includes
the following three assumptions: (a) linearity,
(b) equality of wvariances of conditional
distributions, and (c) normality of conditional
distributions. As we have shown above, the
basic selection utility equation (Equation 1)
depends only on linearity. Equation 2 does
assume normality of the test score distribution.
However, Brogden (1949) and Cronbach and
Gleser (1965) introduced this assumption
essentially for derivational convenience; it
provides an exact relation between the SR
Z,,. One need not use the normality-based
relation ¢/p = Z,, to compute Z,,. The value
of Z., can be computed directly. Thus in the
final analysis, linearity is the only required
assumption.

To what extent do data in differential psy-
chology fit the linear homoscedastic model?
To answer this question, we must of necessity
examine sample rather than population data.
However, it is only conditions in populations
that are of interest ; simple data are of interest
only as a means of inferring the state of nature
in populations. Obviously, the larger the sample
used, the more clearly the situation in the
sample will reflect that in the population,
given that the sample is random. A number of
researchers have addressed themselves to the
question of the fit of the linear homoscedastic
model to data in differential psychology.

Sevier (1957), using Ns from 105 to 250,
tested the assumptions of linearity, normality
of conditional criterion distributions, and
equality of conditional variances. The data
were from an education study, with cumula-
tive grade point average being the criterion
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and high school class rank and various test
scores being the predictors. Out of 24 tests of
the linearity assumption, only 1 showed a
departure significant at the .05 level. Out of
eight samples tested for equality of conditional
variances, only one showed a departure signif-
icant at the .05 level. However, 25 of the 60
tests for normality of the conditional criterion
distributions were significant at the .05 level.
Violation of this assumption throws inter-
pretations of conditional standard deviations
based on normal curve tables into some doubt.
However, this statistic typically is not used
in practical prediction situations, such as
selection or placement. Sevier’s study indi-
cates that the assumptions of linearity and
equality of conditional variances may be
generally tenable.

Ghiselli and Kahneman (1962) examined 60
aptitude variables on one sample of 200
cases and reported that fully 409, of the
variables departed significantly from the
linear homoscedastic model. Ninety percent of
these departures were reported to have held
up on cross-validation. Tupes (1964) re-
analyzed the Ghiselli and Kahneman data
and found that only 209, of the relationships
departed from the linear homoscedastic model
at the .05 level. He also found that three of
the ‘“significant” departures from linearity
were probably due to typographical or clerical
errors in the data. Later, Ghiselli (1964) ac-
cepted and agreed with Tupes’s reanalysis of
his data. Tupes’s findings must be interpreted
in light of the fact that the frequency of
departure from the linear homoscedastic model
expected at the .05 level is in fact much
greater than 39%. Tupes carried out two
statistical tests on each test-criterion relation:
one for linearity and one for equality of condi-
tional variances. Thus the expected proportion
of data samples in which at least one test is
significant is not .05 but rather a little over .09.
If three statistical tests are run at the .05 level
—one for linearity, one for normality of condi-
tional distributions, and one for homogeneity
of conditional distributions—the expected
proportion of data samples in which at least
one of these tests is significant is approximately
.14 when relations in the parent populations
are perfectly linear and homoscedastic.

Tiffin and Vincent (1960) found no signif-
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icant departures from the bivariate normal
model in 15 independent samples (ranging in
size from 14 to 157 subjects) of test-criterion
data. In each set of data, a chi-square test
was used to compare the percentage of em-
ployees in the “successful”’ job performance
category in each fifth of the test score distribu-
tion to the percentages predicted from the
normal bivariate surface (which incorporates
the linear homoscedastic model) corresponding
to the computed validity coefficient. Surgent
(1947) performed a similar analysis on similar
data and reported the same findings.

Hawk (1970) reported a major study search-
ing for departures from linearity. The data
were drawn from 367 studies conducted be-
tween 1950 and 1966 on the General Aptitude
Test Battery (GATB) used by the U.S.
Department of Labor. A total of 3,303 rela-
tions, based on 23,428 individuals, between
the nine subtests of the GATB and measures of
job performance (typically supervisory ratings)
were examined. The frequency of departures
from linearity significant at the .05 level was
.054. Using the .01 level, the frequency was
012, Frequencies closer to the chance level
can hardly be imagined. If any substantial
proportion of the relations in the Hawk study
had in fact been nonlinear, statistical power
to detect this fact would have been high—
even if statistical power were low for each of
the individual 3,303 relations. For example,
suppose statistical power to detect nonlinearity
had been as low as .30 in each of the individual
tests. Then if 409, of the relations were in fact
nonlinear, the expected proportion of signif-
icant tests for nonlinearity would have been
.30 X 40 4 .05, or 179,. If only 209, of the
relations were truly nonlinear, the expected
proportion significant would have been .30 X
.20 4 .05, or 11%,. If only 109, of the rela-
tions were truly nonlinear, the expected pro-
portion significant would have been 9%,. The
obtained proportion was 5.4%. Thus the
Hawk study provides extremely strong evi-
dence against the nonlinearity hypothesis. (For
further discussion of statistical power in studies
of studies, see Hunter & Schmidt, 1978.)

During his years as technical director of what
is now the Army Research Institute for the
Behavior and Social Sciences, Brogden and his
research associate Lubin spent a considerable
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amount of time and effort attempting to
identify nonlinear test-criterion relationships
in large samples of military selection data.
Although quadratic and other higher-order
nonlinear equations sometimes provided im-
pressive fits to the data in the initial sample,
not one of the equations cross-validated suc-
cessfully in a new sample from the same
population. In cross-validation samples, the
nonlinear functions were never superior to
simple linear functions (Brogden, Note 1).

These findings, taken in toto, indicate that
the linear homoscedastic model generally fits
the data in this area well. The linearity as-
sumption, the only truly critical assumption,
is particularly well supported.

We turn now to the question of normality
of marginal distributions. In certain forms (see
Equation 2), the Brogden-Cronbach-Gleser
utility formulas assume, in addition to line-
arity, a normal distribution for predictor (test)
scores. The Taylor-Russell tables, based on
the assumption of a normal bivariate surface,
assume normality of total test score distribu-
tion also. One obviously relevant question is
whether violations of this assumption seriously
distort utility estimates. Van Naerssen (1963;
cf. also Cronbach & Gleser, 1965) found that
they do not. He derived a set of utility equa-
tions parallel to the Brogden-Cronbach-
Gleser equations, except that they were based
on the assumption of a rectangular distribu-
tion of test scores. He found that when applied
to the same set of empirical data, the two kinds
of equation produced highly similar utility
estimates (p. 288). Cronbach and Gleser
(1965) point out that this finding ‘““makes it
possible to generalize over the considerable
variety of distributions intermediate between
normal and rectangular” (p. 160). Results from
the Schmidt and Hoffman (1973) study sug-
gests the same conclusion. In their data
neither the predictor nor the criterion scores
appeared to be normally distributed. Yet the
utility estimates produced by the Taylor-
Russell tables were only off marginally: 4.09%
at SR = .30 and 11,299, at SR = .50.

Thus it appears that an obsessive concern
with statistical assumptions is not justified.
This is especially true in light of the fact that
for most purposes, there is no need for utility
estimates to be accurate down to the last
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dollar. Approximations are usually adequate
for the kinds of decisions that these estimates
are used to make (van Naerssen, 1963, p. 282;
cf. also Cronbach & Gleser, 1965, p. 139).
Alternatives to use of the utility equations will
typically be procedures that produce larger
errors, or even worse, no utility analyses at
all, Faced with these alternatives, errors in the
5%-109, range appear negligible. Further, if
overestimation of utility is considered more
serious than underestimation, one can always
employ conservative estimates of equation
parameters (e.g., 7ay, SDy) to virtually guaran-
tee against overestimation of utilities.

Are Test Validities Situationally Specific?

The second reason we postulated for the
failure of personnel psychologists to exploit
the Brogden—Cronbach-Gleser utility models
was belief in the doctrine of situational
specificity of validity coefficients. This belief
precludes generalization of validities from one
setting to another, making criterion-related
validity studies, and utility analyses, necessary
in each situation. The empirical basis for the
principle of situational specificity has been the
fact that considerable variability in observed
validity coefficients is typically apparent from
study to study, even when jobs and tests ap-
pear to be similar or essentially identical
(Ghiselli, 1966). However, there are a priori
grounds for postulating that this variance is
due to statistical, measurement, and other

.artifacts unrelated to the underlying relation

between test and job performance. There are
at least seven such sources of artifactual
variance: (a) differences between studies in
criterion reliability, (b) differences between
studies in test reliability, (c) differences be-
tween studies in range restriction, (d) sampling
error (i.e., variance due to N <), (e) dif-
ferences between studies in amount and kind
of criterion contamination and deficiency
(Brogden & Taylor, 1930b), (f) computa-
tional and typographical errors (Wolins,
1962), and (g) slight differences in factor
structure between tests of a given type (e.g.,
arithmetic reasoning tests).

In a purely analytical substudy, Schmidt,
Hunter, Pearlman, and Shane (1979) showed
that the first four sources alone are capable,
under specified and realistic circumstances, of
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producing as much variation in validities as is
typically observed from study to study. They
then turned to analyses of empirical data.
Using 14 distributions of validity coefficients
from the published and unpublished literature
for various tests in the occupations of clerical
worker and first-line supervisor, they found
that artifactual variance sources a through
d accounted for an average of 62%, of the
variance in validity coefficients, with a range
from 439, to 879%,. Thus there was little re-
maining variance in which situational moder-
ators could operate. In an earlier study
(Schmidt & Hunter, 1977), it was found that
sources a, ¢, and d alone accounted for an
average of about 509 of the observed variance
in distributions of validity coefficients pre-
sented by Ghiselli (1966, p. 29). If one could
correct for all seven sources of error variance,
one would, in all likelihood, consistently find
that the remaining variance was zero or near
zero. That is, it is likely that the small amounts
of remaining variance in the studies cited here
are due to the sources of artifactual variance
not corrected for. Thus there is now strong
evidence that the observed wvariation in
validities from study to study for similar test—
job combinations is artifactual in nature. These
findings cast considerable doubt on the situa-
tional specificity hypothesis.

Rejection of the situational specificity
doctrine obviously opens the way to validity
generalization. However, validity generaliza-
tion is possible in many cases even if the situa-
tional specificity hypothesis cannot be defini-
tively rejected. After correcting the mean and
variance of the validity distribution for sam-
pling error, for attenuation due to criterion
unreliability, and for range restriction (based
on average values of both), one may find that
a large percentage, say 909, of all values in
the distribution lie above the minimum useful
level of validity. In such a case, one can con-
clude with 909, confidence that true validity
is at or above this minimum level in a new
situation involving the same test type and job
without carrying out a validation study of any
kind. Only a job analysis is necessary—to en-
sure that the job at hand is a member of the
class of jobs on which the validity distribution
was derived. In Schmidt and Hunter (1977),
two of the four validity distributions fell into
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this category, even though only three sources
of artifactual variance could be corrected for.
In the later study (Schmidt et al., 1979) in
which it was possible to correct for four sources
of error variance, 12 of the 14 corrected dis-
tributions had 909, or more of validities above
levels that would typically be indicative of
significant practical utility (cf. Hunter &
Schmidt, in press).

These methods and findings indicate that in
the future, validity generalization will be
possible for a wide variety of test—job com-
binations. Such a development will do much
to encourage the application of decision-
theoretic utility estimation tools.

Difficulties in Estimating SDy

The third major reason for neglect of the
powerful Brogden-Cronbach~Gleser utility
model was the difficulty of estimating SD,. As
noted above, the generally recommended pro-
cedure for estimating SD, uses cost-accounting
procedures. Such procedures are supposed to
be used to estimate the dollar value of per-
formance of a number of individuals (cf.
Brogden & Taylor, 1950a), and the SD of these
values is then computed. Roche’s (1961) dis-
sertation illustrates well the tremendous time
and effort such an endeavor entails. This study
(summarized in Cronbach and Gleser, 1965,
pp. 256-266) was carried out on radial drill
operators in a large midwestern plant of a
heavy equipment manufacturer. A cost-ac-
counting procedure called standard costing was
used to determine the contribution of each
employee to the profits of the company. The
procedure was extremely detailed and complex,
involving such considerations as cost estimates
for each piece of material machined, direct and
indirect labor costs, overhead, and perishable
tool usage. There was also a “burden adjust-
ment” for below-standard performance. But
despite the complexity and apparent objec-
tivity, Roche was compelled to admit that
“many estimates and arbitrary allocations
entered into the cost accounting” (Cronbach
& Gleser, 1965, p. 263). Cronbach, in com-
menting on the study after having discussed
it with Roche, stated that some of the cost-
accounting procedures used were unclear
or questionable (Cronbach & Gleser, 1965, pp.
266-267) and that the accountants perhaps
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did not fully understand the utility estimation
problem. Thus even given great effort and
expense, cost-accounting procedures may
nevertheless lead to a questionable final
product.

Recently, we have developed a procedure
for obtaining rational estimates of SD,. This
method was used in a pilot study by 62 ex-
perienced supervisors of budget analysts to
estimate SD, for that occupation. Supervisors
were used as judges because they have the best
opportunities to observe actual performance
and output differences between employees on
a day-to-day basis. The method is based on the
following reasoning: If job performance in
dollar terms is normally distributed, then the
difference between the value to the organiza-
tion of the products and services produced by
the average employee and those produced by
an employee at the 85th percentile in per-
formance is equal to SD, Budget analyst
supervisors were asked to estimate both these
values; the final estimate was the average
difference across the 62 supervisors. The esti-
mation task presented to the supervisors may
appear difficult at first glance, but only 1 out
of 62 supervisors objected and stated that he
did not think he could make meaningful
estimates. Use of a carefully developed ques-
tionnaire to obtain the estimates apparently
aided significantly; a similar questionnaire
was used in the present study and is de-
scribed in the Method section. The final
estimate of SD, for the budget analyst occupa-
tion was $11,327 per year (SEx = $1,120).
This estimate is based on incumbents rather
than applicants and must therefore be con-
sidered to be an underestimate.

As noted earlier, it is generally not critical
that estimates of utility be accurate down to
the last dollar. Utility estimates are typically
used to make decisions about selection pro-
cedures, and for this purpose only errors large
enough to lead to incorrect decisions are of any
consequence, Such errors may be very in-
frequent. Further, they may be as frequent or
more frequent when cost-accounting pro-
cedures are used. As we noted above, Roche
(1961) found that even in the case of the simple
and structured job he studied, the cost ac-
countants were frequently forced to rely on
subjective estimates and arbitrary allocations.
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This is generally true in cost accounting and
may become a more severe problem as one
moves up in the occupational hierarchy. What
objective cost-accounting techniques, for ex-
ample, can be used to assess the dollar value of
an executive's impact on the morale of his or
her subordinates? It is the jobs with the
largest SD, values, that is, the jobs for which
AU/selectee is potentially greatest, that are
handled least well by cost-accounting methods.
Rational estimates—to one degree or another—
are virtually unavoidable at the higher job
levels.

Our procedure has at least two advantages
in this respect. First, the mental standard to
be used by the supervisor-judges is the esti-
mated cost to the organization of having an
outside consulting firm provide the same pro-
ducts and/or services. In many occupations,
this is a relatively concrete standard. Second,
the idiosyncratic tendencies, biases, and
random errors of individual experts can be
controlled by averaging across a large number
of judges. In our initial study, the final esti-
mate of SD, was the average across 62 super-
visors. Unless this is an upward or downward
bias in the group as a whole, such an average
should be fairly accurate. In our example, the
standard error of the mean was $1,120. This
means that the interval $9,480-$13,175 should
contain 909 of such estimates. (One truly
bent on being conservative could employ the
lower bound of this interval in his or her
calculations.)

Methods similar to the one described here
have been used successfully by the Decision
Analysis Group of the Stanford Research
Institute (Howard, Note 2) to scale otherwise
unmeasurable but critical variables. Resulting
measures have been used in the application of
decision-theoretic principles to high-level policy
decision making in such areas as nuclear power
plant construction, corporate risk policies,
investment and expansion programs, and hurri-
cane seeding (Howard, 1966; Howard, Math-
eson, & North, 1972; Matheson, 1969; Raiffa,
1968). All indications are that the response to
the work of this group has been positive;
these methods have been judged by high-level
decision makers to contribute valuably to
improvement of socially and economically
important decisions.
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In most cases, the alternatives to using a
procedure like ours to estimate SD, are un-
palatable. The first alternative is to abandon
the idea of a utility analysis. This course of
action will typically lead to a gross (implicit)
underestimate of the economic value of valid
selection procedures. This follows if one
accepts our contention (Hunter & Schmidt,
in press) that the empirical studies that are
available indicate much higher dollar values
than psychologists have expected. The second
alternative in most situations is use of a less
systematized, and probably less accurate,
procedure for estimating .SD,. Both of these
alternatives can be expected to lead to more
erroneous decisions about selection procedures.

The Present Study

The procedure for estimating SD, described
here assumes that dollar outcomes are nor-
mally distributed. One purpose of the present
study is the evaluation of that assumption.

The present study has three purposes: (a)
to illustrate the magnitude of the productivity
implications of a valid selection procedure, (b)
to demonstrate the application of decision-
theoretic utility equations, and (c) to test the
assumption that the dollar value of employee
productivity is normally distributed.

The major reason for our choice of the job
of computer programmer was the remarkably
accurate validity estimates for this job that a
previous study (Schmidt, Rosenberg, &
Hunter, Note 3) had provided. Applying the
Schmidt-Hunter (Schmidt et al, 1979)
validity generalization model to all available
validity data for the Programmer Aptitude
Test (PAT; Hughes & McNamara, 1959;
McNamara & Hughes, 1961), this study found
that the percentage of variance in validity
coefficients accounted for in the case of job
proficiency criteria for the PAT total score was
94%,. This finding effectively refutes the
situational specificity hypothesis. The esti-
mated true validity was .76. Thus the evidence
Is strong that the (multivariate) total PAT
score validity is high for predicting perfor-
mance of computer programmers and that this
validity is essentially constant across situa-
tions (e.g., different organizations; Schmidt
et al., Note 3). Since it is total score that is
typically used in selecting programmers, this
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study concerns itself only with total score
validity. Because the PAT is no longer avail-
able commercially, testing costs had to be
estimated. In this study, we assumed a testing
cost of $10 per examinee.

Method
Definition of Relevant Job Group

This study focused on selection of computer program-
mers at the GS-5 through GS-9 levels, GS-5 is the lowest
level in this occupational series. Beyond GS-9, it is
unlikely that an aptitude test like the PAT would be
used in selection. Applicants for higher level program-
mer positions are expected (and required) to have
considerable developed expertise in programming and
are selected on the basis of achievement and experience,
rather than directly on aptitude. The vast majority
of programmers hired at the GS-9 level are promoted to
GS-11 after 1 year. Similarly, all but a minority hired
at the GS-5 level advance to GS-7in 1 year and to GS-9
the following year. Therefore, the SD, estimates were
obtained for the GS-9 through GS-11 levels. Statistical
information obtained from the Bureau of Personnel
Management Information Systems of the U.S. Office
of Personnel Management indicated that the number
of programmer incumbents in the federal government
at the relevant levels (GS-5 through GS-9) was 4,404
(as of October 31, 1976, the latest date for which
figures were available). The total number of computer
programmers at all grade levels was 18,498, For 1975-
1976, 61.3%, of all new hires were at the GS-5 through
GS-9 levels. The number of new hires governmentwide
in this occupation at these levels was 655 and 565 for
calendar years 1975 and 1976, respectively, for an
average yearly selection rate of 618. The average tenure
of computer programmers hired at GS-5 through GS-9
levels was determined to be 9.69 years.

Data from the 1970 U.S. Census (U.S. Bureau of
the Census, 1970) showed that there were 166,556
computer programmers in the U.S. in that year. Be-
cause the growth rate has been rapid in this occupation
recently, this figure undoubtedly underestimates the
current number of programmers. However, it is the
most recent estimate available. In any event, the
effect of underestimation on the utility results is a
conservative one. It was not possible to determine the
number of computer programmers that are hired
yearly in the U.S. economy. For purposes of this
study, it was assumed that the turnover rate was 10%,
in this occupation and that therefore .10 X 166,556, or
16,655, were hired to replace those who had quit,
retired, or died. Extrapolating from the federal to the
private sector work force, it was assumed that 61.3%
of these new hires were at occupational levels for which
the PAT would be appropriate, Thus it was assumed
that .613 X 16,655, or 10,210 computer programmers
could be hired each year in the U.S, economy using the
PAT. In view of the current rapid expansion of this
occupation, it is likely that this number is a sub-
stantial underestimate,
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It was not possible to determine prevailing SRs for
computer programmers in the general economy. Be-
cause the total yearly number of applicants for this
job in the government could not be determined, it was
also impossible to estimate the government SR. This
information lack is of no real consequence, however,
since it is more instructive to examine utilities for a
variety of SRs, Utilities were calculated for SRs of .05,
.10, .20 . . . .80. The gains in utility or productivity
as computed from Equation 4 are those that result
when a valid procedure is introduced where previously
no procedure or a totally invalid procedure has been
used. The assumption that the true validity of the
previous procedure is essentially zero may be valid in
some cases, but in other situations the PAT would, if
introduced, replace a procedure with lower but non-
zero true validity. Hence, utilities were calculated
assuming previous procedure true validities of .20, .30,
.40, and .50, as well as .00.

Estimating SDy

Estimates of SD, were provided by experienced
supervisors of computer programmers in 10 federal
agencies. These supervisors were selected by their own
supervisors after consultation with the first author.
Participation was voluntary. Of 147 questionnaires
distributed, 105 were returned (all in usable form),
for a return rate of 71,4%. To test the hypothesis that
dollar outcomes are normally distributed, the super-
visors were asked to estimate values for the 15th per-
centile (“low-performing programmers”), the 50th
percentile (“‘average programmers”), and the 85th
percentile (“superior programmers”). The resulting
data thus provide two estimates of SDj. If the distribu-
tion is approximately normal, these two estimates
will not differ substantially in value.

The instructions to the supervisors were as follows:

The dollar utility estimates we are asking you to
make are critical in estimating the relative dollar
value to the government of different selection
methods. In answering these questions, you will
have to make some very difficult judgments. We realize
they are difficult and that they are judgments or
estimates. You will have to ponder for some time
before giving each estimate, and there is probably
no way you can be absolutely certain your estimate
is accurate when you do reach a decision. But keep
in mind three things:

(1) The alternative to estimates of this kind is
application of cost accounting procedures to the
evaluation of job performance. Such applications
are usually prohibitively expensive. And in the end,
they produce only imperfect estimates, like this
estimation procedure.

(2) Your estimates will be averaged in with those
of other supervisors of computer programmers.
Thus errors produced by too high and too low
estimates will tend to be averaged out, providing
more accurate final estimates.

(3) The decisions that must be made about selec-

tion methods do not require that all estimates be
accurate down to the last dollar. Substantially
accurate estimates will lead to the same decisions
as perfectly accurate estimates,

Based on your experience with agency programmers,
we would like for you to estimate the yearly value to
your agency of the products and services produced by
the average GS 9-11 computer programmer. Con-
sider the quality and quantity of output typical of
the average programmer and the value of this output,
In placing an overall dollar value on this output, it
may help to consider what the cost would be of hav-
ing an outside firm provide these products and
services.

Based on my experience, I estimate the value to
my agency of the average GS 9-11 computer
programmer at dollars per year.

We would now like for you to consider the “superior”
programmer. Let us define a superior performer as a
programmer who is at the 85th percentile. That is,
his or her performance is better than that of 859,
of his or her fellow GS 9-11 programmers, and only
15% turn in better performances, Consider the quality
and quantity of the output typical of the superior
programmer. Then estimate the value of these
products and services. In placing an overall dollar
value on this output, it may again help to consider
what the cost would be of having an outside firm
provide these products and services.

Based on my experience, I estimate the value to
my agency of a superior GS 9-11 computer
programmer to be dollars per year.

Finally, we would like you to consider the “low
performing” computer programmer. Let us define a
low performing programmer as one who is at the
15th percentile. That is, 85% of all GS 9-11 com-
puter programmers turn in performances better than
the low performing programmer, and only 15% turn
in worse performances. Consider the quality and
quantity of the output typical of the low performing
programmer, Then estimate the value of these pro-
ducts and services. In placing an overall dollar value
on this output, it may again help to consider what
the cost would be of having an outside firm provide
these products and services,

Based on my experience, I estimate the value to
my agency of the low performing GS 9-11 com-
puter programmer at dollars per year.

The wording of this questionnaire was carefully
developed and pretested on a small sample of program-
mer supervisors and personnel psychologists. None of
the programmer supervisors who returned question-
naires in the study reported any difficulty in under-
standing the questionnaire or in making the estimates.

Computation of Impact on Productivity
Using a modification of Equation 4, utilities that

would result from 1 year’s use of the PAT for selection
of new hires in the federal government and the economy
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Table 1

Estimated Productivity Increase From 1 Year's
Use of the Programmer Aptitude Test to

Select Computer Programmers in the Federal
Government (in Millions of Dollars)

True validity of previous procedure

Selection
ratio .00 .20 30 40 .50
.05 97.2 71.7 589 461 333
.10 82.8 601 501 39.2 283
.20 66.0 48.6 400 31.3 226
.30 54.7 403 331 259 187
40 456 34.6 276 216 15.6
.50 376 277 228 178 129
.60 304 224 184 144 104
.70 234 172 141 1141 8.0
.80 16.5 122 10.0 7.8 5.6

as a whole were computed for each of the combinations
of SR and previous procedure validity given above.
When the previous procedure was assumed to have
zero validity, its associated testing cost was also as-
sumed to be zero; that is, it was assumed that no
procedure was used and that otherwise prescreened
applicants were hired randomly. When the previous
procedure was assumed to have a nonzero validity, its
associated cost was assumed to be the same as that of
the PAT, that is, $10 per applicant. As mentioned
above, average tenure for government programmers
was found to be 9.69 years; in the absence of other
information, this tenure figure was also assumed for
the private sector. AU/selectee per year was multiplied
by 9.69 to give final ATU/selectee. Cost of testing was
charged only to the first year.

Building all of these factors into Equation 4, we
obtain the equation actually used in computing the
utilities:

AU = INs(t1 —~ r))SDyp/p — No(C1 — Ci)/p, (6)

where AU = the gain in productivity in dollars from
using the new selection procedure for 1 year; ¢ = tenure
in years of the average selectee, here 9.69; N, = number
selected in a given year (this figure was 618 for the
federal government and 10,210 for the U.S. economy);
r1 = validity of the new procedure, here the PAT
(r1 = .76); rs = validity of the previous procedure
(r2 ranges from 0 to .50); Ci = per-applicant cost of
the new procedure, here $10; and C, = per-applicant
cost of previous procedure, here 0 or $10. The terms
SDy, ¢, and p are as defined previously. The figure for
SD, was the average of the two estimates obtained in
this study. Note that although this equation gives the
productivity gain that results from substituting for 1
year the new (more valid) selection procedure for the
previous procedure, these gains are not all realized the
first year. They are spread out over the tenure of the

new employees.

SCHMIDT, HUNTER, McKENZIE, AND MULDROW

Results and Discussion
Estimation of Vearly SD,

The two estimates of SD, were similar. The
mean estimated difference in dollar value of
yearly job performance between programmers
at the 85th and 50th percentiles in job per-
formance was $10,871 (SE = $1,673). The
figure for the difference between the 50th and
15th percentiles was $9,955 (SE = $1,035).
The difference of $916 is roughly 8% of each
of the estimates and is not statistically signif-
icant. Thus the hypothesis that computer
programmer productivity in dollars is normally
distributed cannot be rejected. The distribu-
tion appears to be at least approximately
normal. The average of these two estimates,
$10,413, was the SD, figure used in the utility
calculations below. This figure must be con-
sidered an underestimate, since it applies to
incumbents rather than to the applicant pool.
As can be seen from the two standard errors,
supervisors showed better agreement on the
productivity difference between “‘low-pet-
forming” and “average programmers’ than on
the difference between “average” and “supe-
rior” programmers.

Impact on Productivity

Table 1 shows the gains in productivity in
millions of dollars that would result from 1
year's use of the PAT to select computer
programmers in the federal government for
different combinations of SR and previous
procedure validity. As expected, these gains
increase as SR decreases and as the validity
of the previous procedure decreases. When
SR is .05 and the previous procedure has no
validity, use of the PAT for 1 year produces a
productivity gain of $97.2 million. At the other
extreme, if SR is .80 and the procedure the
PAT replaces has a validity of .50, the gain
is only $5.6 million. The figures in all cells
of Table 1 are large—larger than most in-
dustrial-organizational psychologists would,
in our judgment, have expected. These figures,
of course, are for total utility. Gain per selectee
for any cell in Table 1 can be computed by
dividing the cell entry by 618, the assumed
yearly number of selectees. For example, when
SR = .20 and the previous procedure has a
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validity of .30, the gain per selectee is $64,725.
As indicated earlier, the gains shown in Table
1 are produced by 1 year’s use of the PAT but
are not all realized during the first year; they
are spread out over the tenure of the new
employees. Per-year gains for any cell in Table
1 can be obtained by dividing the cell entry
by 9.69, the average tenure of computer
programmers.

Table 2 shows productivity gains for the

economy as a whole resulting from use of the
PAT or substitution of the PAT for less valid
procedures. Table 2 figures are based on the
assumed yearly selection of 10,210 computer
programmers nationwide. Again, the figures
are for the total productivity gain, but gain
per selectee can be computed by dividing the
cell entry by the number selected. Once mean
gain per selectee is obtained, the reader can
easily compute total gain for any desired
number of selectees. As expected, these
figures are considerably larger, exceeding $1
billion in several cells. Although we have no
direct evidence on this point, we again judge
that the productivity gains are much higher
than most industrial-organizational psycholo-
gists would have suspected.

In addition to the assumptions of linearity
and normality discussed earlier, the pro-
ductivity gain figures in Tables 1 and 2 are
based on two additional assumptions. The first
is the assumption that selection proceeds from
top-scoring applicants downward until the SR
has been reached. That is, these analyses
assume that selection procedures are used
optimally. Because of the linearity of the rela-
tion between test score and job performance,
any other usage of a valid test would result in
lower mean productivity levels among selec-
tees. For example, if a cutting score were set
at a point lower than that corresponding to
the SR and if applicants scoring above this
minimum score were then selected randomly
(or selected using other nonvalid procedures
or considerations), productivity gains would
be considerably lower than those shown in
Tables 1 and 2. (They would, however,
typically still be substantial.)

The second additional assumption is that all
applicants who are offered jobs accept and are
hired. This is often not the case, and the effect
of rejection of job offers by applicants is to
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Table 2

Estimated Productivity Increase From 1 Year's
Use of Programmer Aptitude Test to Select
Computer Programmers in U.S. Economy (in
Millions of Dollars)

True validity of previous procedure

Selection
ratio .00 .20 30 .40 .50
.05 1,605 1,184 973 761 550
.10 1,367 1,008 828 648 468
.20 1,091 804 661 517 373
.30 903 666 547 428 309
.40 753 555 455 356 257
.50 622 459 376 295 213
.60 501 370 304 238 172
70 387 285 234 183 132
.80 273 201 165 129 93

increase the SR and thus lower the productivity
gains from selection. For example, if a SR of
.10 would yield the needed number of new
employees given no rejections by applicants,
then if half of all job offers are rejected, the
SR must be increased to .20 to yield the desired
number of selectees. If the validity of the
previous procedure were zero, Table 1 shows
that rejection by applicants would reduce
productivity gains from $82.8 to $66.0 million,
a reduction of $16.8 million. If the validity
of the previous procedure were nonzero, job
rejection by applicants would reduce both its
utility and the utility of the new test. How-
ever, the function is multiplicative and hence
the utility of the more valid procedure would
be reduced by a greater amount. Therefore,
the utility advantage of the more valid pro-
cedure over the less valid procedure would be
reduced. For example, Table 1 shows that if the
validity of the previous procedure were .30,
the productivity advantage of the more valid
test would be $30.1 million if the needed
workers could be hired using a selection ratio
of .10. But if half of the applicants rejected
job offers, we would have to use a SR of .20,
and the advantage of the more valid test would
drop by one fifth to $40 million.

Hogarth and Einhorn (1976) have pointed
out that utility losses caused by job offer
rejection can often be offset in part by addi-
tional recruiting efforts that increase the size
of the applicant pool and, therefore, restore
use of smaller SRs. They present equations
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that allow one to compute the optimal number
of additional applicants to recruit and test and
the optimal SR under various combinations of
circumstances.

The PAT is no longer available com-
mercially. Originally marketed by Psycho-
logical Corporation, it was later distributed by

IBM as part of package deals to computer -

systems purchasers. However, this practice
was dropped around 1974, and since then the
PAT has not been available to most users
(Dyer, Note 4). This fact, however, need
create no problems in terms of validity
generalization. The validity estimates from
Schmidt et al. (Note 3) generalize directly to
other tests and subtests with the same factor
structure. The three subscales of the PAT
are composed of conventional number series,
figure analogies, and arithmetic reasoning
items. New tests can easily be constructed that
correlate 1.00, corrected for attenuation, with
the PAT subtests.

The productivity gains shown in Tables 1
and 2 are based on an estimated true validity
of .76 for the PAT total score (Schmidt et al.,
Note 3). For many jobs, alternative selection
procedures with known wvalidities of this
magnitude may not be available. However,
the methods used here would be equally
applicable. For example, if the alternate selec-
tion procedure has an estimated true validity
of .50, Equation 6 can be used in the same way
to estimate values comparable to those in
Tables 1 and 2. Obviously, in this case, all
productivity gain would be smaller and there
would be no productivity gain at all from sub-
stituting the new procedure for an existing
procedure with validity of .50. But work-force
productivity will often be optimized by combin-
ing the existing procedure and the new pro-
cedure to obtain validity higher than either
procedure can provide individually. This fact
is well known in personnel psychology, and
we therefore do not develop it further here.

It should be noted that productivity gains
comparable to those shown in Tables 1 and 2
can probably be realized in other occupations,
such as clerical work, in which lower SD,
values will be offset by the larger numbers of
selectees. Pearlman, Schmidt, and Hunter (in
press) present extensive data on the general-
izability of validity for a number of different
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kinds of cognitive measures (constructs) for
several job families of clerical work.

There is another way to approach the ques-
tion of productivity gains resulting from use of
valid selection procedures. One can ask what
the productivity gain would have been had the
entire incumbent population been selected
using the more valid procedure. As indicated
earlier, the incumbent population of interest
in the federal government numbers 18,498. As
an example, suppose this population had been
selected using a procedure with true validity
of .30 using a SR of .20. Then had the PAT
been used instead, the productivity gain would
have been approximately $1.2 billion [9.69 X
18,498 X (.76 — .30) X 10,413 X .28/.20]. Ex-
panding this example to the economy as a
whole, the productivity gain that would have
resulted is $10.78 billion.

Obviously, there are many other such ex-
amples that can be worked out, and we en-
courage readers to ask their own questions
and derive their own answers. However,
virtually regardless of the question, the
answer always seems to include the conclusion
that it does make a difference—an important,
practical difference—how people are selected.
We conclude that the implications of valid
selection procedures for work-force produc-
tivity are much greater than most of us have
realized in the past.

Finally, we note by way of a necessary cau-
tion that productivity gains in individual jobs
from improved selection cannot be extrapolated
in a simple way to productivity gains in the
composite of all jobs making up the national
economy. To illustrate, if the potential gain
economywide in the computer programmer
occupation is $10.78 billion and if there are
N jobs in the economy, the gain to be expected
from use of improved selection procedures in
all N jobs will not in general be as great as N
times $10.78 billion. Since the total talent
pool is not unlimited, gains due to selection in
one job are partially offset by losses in other
jobs. The size of the net gain for the economy
depends on such factors as the number of
jobs, the correlation between jobs of predicted
success composites - (fs), and differences be-
tween jobs in SD,. Nevertheless, potential net
gains for the economy as a whole are large.
The impact of selection procedures on the
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economy as a whole is explored in detail in
Hunter and Schmidt (in press).
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