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The hypothesis was tested that the standard deviation of employee output as a percentage of mean

output (SD,,) increases as a function of the complexity level of the job. The data examined were

adjusted for the inflationary effects of measurement error and the deflationary effects of range restric-

tion on observed SDy figures, refinements absent from previous studies. Results indicate that SDT

increases as the information-processing demands (complexity) of the job increase; the observed

progression was approximately 19%, 32%, and 48%, from low to medium to high complexity non-

sales jobs, respectively. SDP values for sales jobs are considerably larger. These findings have impor-

tant implications for the output increases that can be produced through improved selection. They

may also contribute to the development of a theory of work performance. In addition, there may be

implications in labor economics.

One of the factors determining the utility or economic value

of personnel selection is the variability of output of employees

selected randomly from the applicant pool. This variability has

typically been estimated as the standard deviation of the dollar

value of output, symbolized as SDy (Schmidt, Hunter, McKen-

zie, & Muldrow, 1979). However, it can also be expressed as

the ratio of the standard deviation of output to mean output,

symbolized as SDP (Schmidt & Hunter, 1983). Use of SDy leads

to utility expressed in dollars, whereas use of SDP leads to utility

expressed as the percentage increase in output (Hunter &

Schmidt, 1983; Schmidt, Hunter, Outerbridge, & Trattner,

1986; Schmidt, Mack, & Hunter, 1984). In addition to this

practical value, knowledge of the extent and magnitude of indi-

vidual differences in output (often referred to as "productivity"

but actually production) is of general theoretical interest to the

field of applied differential psychology. Job performance or out-

put is probably the most important dependent variable in in-

dustrial/organizational psychology. The question of how much

employees in the same job typically differ in output is central

to an individual-differences approach to job performance.

How much do workers differ in output? The answer often de-

sired has a form such as "Top workers are 3 times more produc-

tive than bottom workers," or "Top workers are 50% more pro-

ductive than average workers." Such statements require that

performance be measured on a ratio scale, to allow the compu-

tation of the ratio of the performance of higher output workers

to lower output workers. Extremely rare workers can always be

found farther and farther out on either end of the performance

continuum as time goes on. For a normal distribution, there is

no population maximum or minimum performance. Thus, one

must instead create an essential maximum by choosing a top

percentage—the top 1 %, for example. Similarly, one can create

an essential minimum by choosing a bottom percentage—the
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bottom 1%, for example. For a normal distribution, top and

bottom performance can be computed given the mean and stan-

dard deviation. For example, the top 1% averages about 2,67

standard deviations above the mean, whereas the bottom 1%

averages about 2.67 standard deviations below the mean. (The

score that cuts off the extreme 1% is 2.33 575s from the mean;

but the average z score for the top 1% is larger. This average is

<t>/p, where <t> = the ordinate in N(0, 1) at the point of cut, and

p is the proportion in the extreme group, here .01.)

For a given job, the mean and standard deviation can be on

any scale as long as it is a ratio scale. Scale units can vary from

"dresses sewn" on one job to "cars repaired" on another. How-

ever, a common metric is necessary to make figures comparable

across jobs. One such metric is provided by expressing the stan-

dard deviation of performance as a percentage of mean perfor-

mance, that is, by using the coefficient of variation times 100.

This scale is obtained by multiplying each output level by the

constant 100/M, where M is mean output for the job in ques-

tion. This transformation rescales the output unit so that mean

output is 100 while preserving the ratio property of the scale.

For example, suppose that mean daily output were 50 items

produced and that the top and bottom 1% of workers produced

75 and 25 items, respectively, yielding an extreme ratio of 75/

25 = 3, or 3 to 1. The percentage performance scores would be

150 and 50, maintaining the ratio of 150/50 = 3, or 3 to 1.

The standard deviation of the common scale is the ratio of the

original metric standard deviation to the original metric mean,

times 100. This output standard deviation ratio is symbolized

Schmidt and Hunter (1983) reviewed the literature for stud-

ies that reported SDV or data from which SD, could be calcu-

lated. They found 40 data sets: 29 studies of production in ordi-

nary pay conditions and 1 1 studies of piece-rate systems. For

ordinary (non-piece-rate) pay conditions, their data suggested a

"conservative" baseline of 20% for the standard deviation of

output. The findings in that study were based mostly on blue-

collar skilled and semiskilled workers and routine clerical jobs.
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Schmidt and Hunter suggested that the relative variation might

be higher for more complex jobs. The present study reports new

data for more complex jobs and tests that hypothesis. Because

over 95% of the jobs in the economy are non-piece-rate jobs

(i.e., have nonincentive-based compensation systems; Bureau

of National Affairs, Inc., 1983), the primary focus of our study

was on those jobs. However, many higher level jobs (e.g., physi-

cian, dentist, attorney) and sales jobs (e.g., life insurance sales)

contain linkages between output and earnings that are essen-

tially inherent in the occupations. Such jobs were included in

this study.

Our study differs from that of Schmidt and Hunter (1983) in

the following two additional respects: (a) Formal corrections for

range restriction in the incumbent SDf values are made, and (b)

adjustments are made to correct for the effects of measurement

error in the output measures.

Range Restriction: The Applicant Standard Deviation

In evaluating the utility of programs applied to incumbent

employees (e.g., training or performance evaluation programs),

the reference population is incumbent workers, and the relevant

output standard deviation ratio (SDP) is that for incumbent

workers (Hunter & Schmidt, 1983; Schmidt, Hunter, & Pearl-

man, 1982). However, in personnel selection, the reference pop-

ulation is the applicant population rather than the incumbent

workers. In particular, utility analysis for personnel selection

requires the applicant population output standard deviation ra-

tio (Schmidt et al., 1979). Empirical studies are of necessity

conducted on incumbent workers. Thus, observed SDP values

are those for incumbent workers rather than for applicants. The

standard deviation for incumbent workers is subject to restric-

tion in range caused by selective hiring, selective promotion of

better workers, and selective termination of poorer workers. At

present, quantitative data are available that allow correction for

the average level of range restriction caused by the selection of

workers on general cognitive ability. These corrected estimates

systematically underestimate the actual applicant output stan-

dard deviation ratio because the standard deviation is not cor-

rected for restriction caused by selective promotion and termi-

nation.

Schmidt and Hunter (1983) reported observed SDf values.

They noted that their incumbent standard deviations were re-

stricted but presented no quantitative estimate of the effect of

restriction. In our study, a method is presented for correcting

incumbent standard deviations to estimate applicant standard

deviations. As would be expected, applicant standard devia-

tions are found to be larger than incumbent standard devia-

tions.

Effects of Unreliability on SDf Values

Unreliability in measures of job performance reduces ob-

served validities from their true value, and correcting for mea-

surement error in the criterion yields an estimate of true valid-

ity that is larger than the observed (i.e., initially computed) va-

lidity. However, in the case of SDP, measurement error has the

opposite effect: It inflates rather than attenuates the estimate of

SDf. SDP is the ratio of the standard deviation of output to

mean output, that is, SD/M. Measurement error creates no bias

in the denominator, M. However, the numerator is biased up-

ward. The observed variance of the output measure is the sum

of the true variance of output plus the variance of measurement

errors, that is, ST + S?. The true variance is smaller, i.e., S£.

Thus, correcting for unreliability reduces the estimate of SDf.

For example, if an SDf estimate of .30 is based on 1 week of

measured output on the job, and if the correlation between any

2 weeks of output is .75 (reflecting intraindividual output vari-

ability), then the corrected estimate of SDP is (.75)1/2 (.30), or

.26. That is, unreliability of output measures causes the ob-

served SDV to be 15% too large, and correction eliminates this

bias. Our earlier study (Schmidt & Hunter, 1983) overlooked

this fact.

Method

The literature, both in industrial/organizational psychology and in

other areas, was extensively searched for new studies containing infor-
mation allowing computation of SDP. This literature consists of (a)

studies that report the mean and standard deviation of actual employee

production or output and (b) studies that report the ratio of actual out-
put of highest producing employees to actual output of lowest produc-

ing employees. In the latter type of study, given the assumption of nor-

mality of the full output distribution, the standard deviation as a per-
centage of mean output can be computed for all studies that give the

total sample size by using the formula given in Schmidt and Hunter
(1983, p. 408). However, for reasons described later, the normality as-

sumption is not plausible and was not made for high-complexity jobs
or for sales jobs. This constraint eliminated one study of a high-com-
plexity job: the Rimland and Larson (19S6) study of computer pro-

grammers. (In this study, the output of the highest producing program-
mers averaged 16 times that of the lowest producers.) All other studies
located beyond those included in Schmidt and Hunter (1983; i.e., "new

studies"), regardless of level of job studied, reported means and stan-
dard deviations, allowing direct computation of the ratio. Schmidt and

Hunter (1983) used formula computation o(SDp only for low- or medi-

um-complexity jobs; at these levels, the normality assumption is quite
plausible, as discussed later.

In addition to studies reporting on-the-job output, studies using work
sample measures based on ratio scales of output could be used. Job

sample measures were considered not to have ratio scale properties if
the scoring was based on ratings of quality or quantity of output. When
the score was based on a count of output (either total or acceptable

output), the scale was considered to have ratio properties and was in-

cluded. Such studies provided data on a number of medium-complexity
jobs and one high-complexity job. Finally, in some high-complexity
jobs, earnings are very closely tied to output and therefore the SDP value

can be based on means and standard deviations of earnings in the occu-
pation. Surveys reporting such data are available for various profes-

sional occupations. This approach allowed computation of income-
based SDe values for attorneys, physicians, and dentists. In the case of
other professions reporting earnings distributions (e.g., accounting),

compensation appeared to be based on salary and therefore earnings
were not directly and immediately dependent on output; therefore, such
data were excluded from the study.

Owens (1987) reported a national survey of the earnings of nonsala-
ried physicians. The figures used in the ratio SD/M for our study are
those across regions and specialties. This figure is 52.8. When medical
specialty is held constant, SDP varies from 41.3 to 56.7 across the 13
specialties, with a mean of 49.6. Regional differences in earnings are
small; median values for the 9 regions vary from $97,500 to $125,630,
with a mean of $ 111,447. Theodore and Sutler (1967) reported statistics
on number of patient visits per physician, also based on national data.
The data we used from this study were those for physicians who re-
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ported 40 or more hours of patient care per week; the resulting SDC was

63.7. For all physicians, this value was 75.0. The SDr figures ranged

from 65.3 to 77.4 across geographic regions. Across specialties, SDP

ranged from 57.6 for general practitioners to 79.1 for surgeons, with a

mean of 66.6.

The American Dental Association (1969a) reported a national survey

of the earnings of nonsalaried dentists. The observed SDr figure for full-

time dentists nationally is 51.4. These data are not presented separately

by geographic region or specialty. A separate article (American Dental

Association, 1969b) reported data on number of patient visits per year

for the same large national sample (N = 4,023). The observed SD, for

these figures is 43.1.

Altman & Weil, Inc. (1981) reported national data on the earnings of

attorneys. Nonpartners in law firms are frequently on salary, which may

not immediately and directly reflect output. We used only the data for

partners and shareholders, which produced an observed SD, of 50.3

(A' = 4,659). The figure for only those attorneys with 25-30 years of

experience (the group with the highest earnings) was very similar: 51.4

(N = 409). No data comparable with number of patient visits for physi-

cians and dentists could be found for attorneys (see Appendix A).

For all three of these professions, the surveys included a national

cross-section of the occupation that cut across employers. Thus, survey

samples are representative of the potential applicant pool for these oc-

cupations. That is, the resulting SDf values apply to the field as a whole

(i.e., the potential applicant pool) rather than being an average of with-

in-employer values (i.e., incumbent values). In view of this, corrections

for range restriction were not appropriate for these three professions

and were not applied.

In all the studies reviewed, employee output was self-paced; in none

of the studies did employee rate of production appear to be constrained

by the production technology, as it would be in the case of an assembly

line. A number of studies presented findings separately for experienced

employees and all employees; in such cases, only the results for the expe-

rienced employees were used.

Jobs were assigned to low-, medium-, and high-complexity levels on

the basis of a modification of Hunter's (1980) system. That system is

based on the Dictionary of Occupational Titles's (U.S. Department of

Labor, 1977) data-people-things job analysis procedure and consists of

five complexity levels.' The first two levels (managerial/professional and

complex technical set-up work) correspond to our high-complexity

level. His third level, which includes most skilled crafts, technician jobs,

first-line supervisors, and lower level administrative jobs, corresponds

to our medium-complexity level. Finally, Hunter's (1980) two lowest

complexity jobs (essentially semiskilled and unskilled) correspond to

our low-complexity level. For purposes of this study, sales jobs were kept

in a separate category and were not assigned to complexity levels.

It quickly became apparent that many studies with otherwise usable

data did not report reliabilities for output measures. It was also clear

that reliabilities could vary by type of output measure: (a) counts of

output on the job, (b) job sample measures, and (c) measures of sales.

Finally, as would be expected, reliabilities varied with the amount of

time over which output was measured. For example, the correlation

between two 4-week periods was larger than the correlation between two

1 -week periods. We therefore recorded reliabilities separately for the
three types of measures. Within each type of measure (e.g., sales) we

used the Spearman-Brown formula to adjust the reliabilities up or down

to correspond to a constant time period (1 week or 4 weeks). (This step
was not necessary for job sample measures.) The mean value for this

constant time period was computed and this mean was the basis for the
correction applied, adjusting for the time period of measurement. For

example, the mean reliability fora I-week measure of output on the job

was .55. (That is, the average correlation between any 2 weeks was .55.)
If a study reported output measured over a 5-week period, this figure,
adjusted by the Spearman-Brown formula to 5 weeks (.86) was used to

make the correction if the study reported no reliability. If the study

reported a reliability estimate, the estimate from that study was used.

There is some evidence that reliabilities of output measures are higher

for piece-rate than for non-piece-rate jobs (Rothe, 1978). Therefore,

reliabilities from piece-rate jobs were not tabulated.

The method used to estimate (unrestricted) applicant SDV values is

explained in Appendix B. This method takes advantage of the fact that

accurate empirical estimates of the average range restriction on general

mental ability are available. This information is used in conjunction

with the best available meta-analytic estimate of the mean correlation

between general mental ability and job performance (measured by using

content-valid job sample tests) to determine the reduction in the incum-

bent SDP due to selection on general mental ability. The resulting ad-

justment corrects only for the effects of selective hiring; it does not ad-

just for the effects of selective promotion of higher performing employ-

ees or for the selective voluntary and involuntary turnover of poorer

performing employees. Thus, the correction is an undercorrection.

Results and Discussion

Reliability of Output Measures

Tables 1, 2, and 3 show the results of the reliability analyses.

In Table 1, it can be seen that 12 studies reported reliabilities

of counts of output on non-piece-rate jobs. Reliabilities were

reported for time periods ranging from 1 week to 26 weeks. The

average reliability for 1 week was .55; this figure was used with

the Spearman-Brown formula to compute expected average re-

liabilities for each of the time periods shown. It is clear from

Table 1 that the reliability of actual counts of employee output

(often referred to as objective criteria) over periods of a week or

so is less than is often implicitly assumed. The 1-week figure of

.55 is similar to the average interrater reliability of ratings based

on two raters (King, Hunter, & Schmidt, 1980).

Table 2 shows that 10 estimates of the reliability of job sam-

ple tests were found and that the average reliability was .78. The

duration of job samples was typically under one day and often

only a few hours. Thus, on a per-unit time basis, carefully con-

structed and administered job samples appear to be more reli-

able than counts of actual output taken on the job. However, the

job sample reliabilities were typically computed at one point in

time and thus do not reflect any instability in performance over

time (i.e., transient errors) that may exist. Meaningful compari-

sons with the reliabilities of output measures must await the

availability of test-retest reliability estimates for job sample

measures.

Table 3 shows the reliability findings separately for life insur-

ance sales and other sales. In both cases, reliabilities are lower

for a 4-week period for sales than for a 1-week period for non-

sales output (Table 1). The average for life insurance sales for 4

' In Hunter's (1980) system, the two highest complexity levels consist
of (a) jobs with a code of 0 or 1 on the Data dimension (e.g., scientists,
executives) and (b) jobs with a code of 0 on the Things dimension (e.g.,

computer trouble shooters). (These two categories are considered essen-
tially equal in complexity.) The third level of complexity consists of jobs

with codes on the Data dimension of 2, 3, or 4 (e.g., welder, auto me-

chanic, general clerk). The next level of complexity is made up of jobs
with data codes of 5 or 6 (e.g., truck driver, assembler, file clerk). Finally,

the lowest level of complexity is represented by jobs with a code of 6 on
the Things dimension. On all dimensions, higher codes indicate lower
levels (U.S. Department of Labor, 1977). The People dimension is not

used because codes on that dimension were found not to moderate Gen-

eral Aptitude Test Battery validities.
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Table 1
Reliability of Output Measures: Nonincentive Systems

Study

Gaylord, Russell, Johnson, &
Severin(1951)

Rothe(1947)
Rothe&Nye(1958)
Rothe&Nye(1961)
Rothe&Nye(1961)
Rothe(1970)
Rothe(1978)c

Tiffin & McCormick ( 1 965)
Hay (1943)

Ledvinka, Simonet, Neiner, &
Kruse(1983)

Hearashaw(1937)
Validity Information Exchange

No. 11-27(1958)

Sample size weighted mean Rrr

Job

Clerks
Machine operators
Coil winders
Machine operators
Machine operators
Welders
Butter wrappers
Electrical workers
Machine

bookkeeper
Claims evaluator

Paper sorters
Grid operator

Time
period'

days
2 weeks
1 week
1 week
1 week
1 week
2 weeks
5 weeks
4 days

1 month

3 months
2 weeks

No.
re

Many
3

37
10
11
47

2
1
1

I

I
1

N

59
130
27
37
61
25
8
79
39

15

18
63

Reliability"

Time period (weeks)

1 2 3 4 5 8 1 3 2 6 5 2

.66 .98"

.49 .66d

.60"

.48"

.53"

.52"

.46 .63"

.47 $7*

.82

.85
,98d

.18 .74d

.47 .64'

.55 .71 .79 .83 .86 .91 .94 .97 .99

• This was the time period used in the study to compute the initial correlation. b Reliability was based on average correlations when more than one
correlation between time periods was given; values that were based on more than 1 week were adjusted to one week by using the Spearman-Brown
formula. c These data were said by the author to be based on the data used in Rothe (1946). d This was the value reported in the study; other
values in column 1 were calculated by using the (reversed) Spearman-Brown formula.

weeks is only .23, and for other sales it is .39. These figures are

potentially deceptive, however, in that in all studies located,

sales measures were taken over longer time periods, ranging

from 13 weeks to 52 weeks. Thus, the reliabilities of the sales

measures actually used in these studies (and in our study) were

considerably higher.

Reanalysis of Schmidt and Hunter (1983) Data

Schmidt and Hunter (1983) did not segregate jobs by com-

plexity level nor did they separate out sales jobs. They obtained

an average SDf of 20.0% for non-piece-rate jobs. Table 4 shows

a reanalysis of their 29 SDf estimates for non-piece-rate jobs

broken down in this manner and corrected for the inflationary

effects of unreliability. Notes to Table 4 explain the details of the

reliability corrections. Fifteen of their reports were for routine

blue-collar jobs. For these jobs, the average observed SDf was

18.5%, close to their overall 20% mean. But this figure shrinks

to 14.1% after correction for unreliability. (These figures have

not yet been corrected for range restriction.) A similar pattern

holds for the seven estimates from routine clerical jobs. These

two classes, taken together, make up the low-complexity cate-

Table 2

Reliability of Output Measures: Job Sample Studies

Study

Stead &Shartle( 1940)
Whipple, Baldin, Mager, &

Vineberg(1969)
Group 1
Group 2

U.S. Postal Service (1981)
U.S. Postal Service (1981)
U.S. Postal Service (1981)
U.S. Postal Service (1981)
Campbell, Crooks, Mahoney, &

Rock (1973)
Corts, Muldrow, & Outerbridge

(1977)
Trattner. Corts, van Rijn, &

Outerbridge (1977)

Sample size weighted mean RYY

Job

Typists

Radar mechanics
Radar mechanics
Mail handler (sorting)
Mail handler (moving)
Mail carrier
Mail distribution clerk

Cartographer

Customs inspector

Claims authorizer

N

222

107
51

373
373
374
417

443

186

233

Reliability

.96

.71

.71

.88

.64

.94

.96

.49

.80

.72

.78
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Table 3

Reliability of Output Measures: Sales Jobs

Study

Manson(1925)
Strong (1935)
Kahn&Hadley(1949)
Brown (1981)

Company 1
Company 2
Company 3
Company 4
Company 5
Company 6
Company 7
Company 8
Company 9
Company 10
Company 1 1
Company 12

Sample size weighted
mean RVY

Rush (1953)

Weekley&Gier(l987)

Sample size weighted
mean Rrr

Job

Life insurance agent
Life insurance agent
Life insurance agent

Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent

Office machinery
sales

Department store
sales clerks

Time No.
period" re

Life insurance s.

1 year 1
1 year 4
13 weeks 1

6 months
6 months 1
6 months 1
6 months 1
6 months
6 months
6 months
6 months
6 months
6 months
6 months
6 months

Other sales

1 month 1

6 months 1

N

ales

1,528
102
65

3,590
768
949

1,606
752
893
606
793
771
658
661
406

100

573

4

.15

.21

.27

.26

.26

.24

.25

.25

.25

.25

.16

.16

.18

.21

.26

.23

.08

.44

.39

Reliability11

Time period (weeks)

8 13 26 41 52

.69'

.78'
.55' .83'

.82'

.82'

.80°

.81'

.81'

.81'

.8IC

.72'

.72'

.74'

.78'

.82'

.37 .49 .66 .75 .80

.47'

.91'

.56 .68 .81 .87 .89

a The time period used to compute the initial correlations. b Based on average correlations when more than one correlation between time periods
is given; reported values based on more than 4 weeks are adjusted to four weeks using the Spearman-Brown formula. ' Value reported in study;
other values were calculated using the (reversed) Spearman-Brown formula.

gory. As expected, medium-complexity jobs show both higher

observed and adjusted SDf values. The two sales categories

have even larger SDf values. Thus, there is evidence in the origi-

nal Schmidt and Hunter (1983) data that SDf values vary with

job complexity and with the sales-nonsales distinction. There is

also evidence that measurement error in output counts inflates

observed SDf values.

SDp Values From New Studies

In this section we present findings from studies located subse-

quent to Schmidt and Hunter (1983). Table 5 shows the findings

for newly located nonsales studies, presented in the same way

as in Table 4. The same pattern noted in Table 4 is observed in

this independent set of studies. SDf mean values, both observed

and corrected for measurement error, are larger for medium-

complexity jobs than for lower-complexity jobs. The corrected

mean values are almost identical in the two tables for the two

classes of low-complexity jobs: routine blue-collar and routine

clerical. The mean values for the two classes of medium-com-

plexity jobs, crafts and clerical with decision making, are

slightly larger in Table 5 than in Table 4. Unlike Table 4, Table

5 presents findings for high-complexity (professional) jobs. As

predicted, the mean SDV value is largest of all for this complex-

ity level: The average corrected value is 46.2%. Table 6 shows

the findings for new studies of sales jobs; results are presented

separately for insurance sales and other sales. Even after cor-

recting for unreliability, the mean SDf value for life insurance

sales is still very large: 96.6%. The average variability of output

across incumbents is unusually large in this occupation. How-

ever, even for noninsurance sales, the average value (42.3%) is

fairly large, being only a little less than that for high-complexity

(professional) jobs in Table 5 (46.2%). The average for nonin-

surance sales is based on five different kinds of sales jobs. One

of these jobs (sales account manager) has a SDf (76.3) much

closer to the life insurance sales mean (96.6) than the others.

The other four are more homogeneous and are similar to the

two SDf values for sales jobs in Table 4. This suggests that other

non-life insurance sales jobs might exist that have SDf values

closer to the average for the life insurance sales job. Future stud-

ies should test this hypothesis.

Combined Findings

Table 7 combines the figures in Tables 4, 5, and 6 and corrects

for range restriction to estimate applicant pool SDf values. The
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Table 4

Incumbent Output Standard Deviations as Percentage of Mean Output (SDP): By Job Complexity

and Groups (Adaptedfrom Schmidt & Hunter, 1983)

Observed
incumbent

Study

Routine blue collar

Rothe(1946)'
Rothe(1947)lw

Rothe&Nye(1958)h

Rothe&Nye(1961)
1958b

1960b

Tiffin (1947)d

Barnes (195 8)"
Stead &Shartle( 1940)"

Lawshe(l948)d

Wechsler(1952)

Group le

Group 2d

Group 3"
McCormick & Tiffin

(1974)

Group ld

Group 2d

Group 3d

No. studies and average

Routine clerical

Klemmer & Lockhead

(1962)"
Klemmer & Lockhead

(1962)'
Stead &Shartle(1940)f

Group 2

Group 4"

Lawshe(1948)g

No. studies and average

Occupation

Dairy workers
Machine operators

Industrial workers

Machine operators
Machine operators

Electrical workers
Assembly workers

Lamp shade
manufacture

Wool pullers

Machine sewing

Electrical workers
Electrical workers

Cable workers
Electrical workers
Assemblers

Card punch operators

Proof machine
operators

Typists
Card punch operators

Day shift"

Night shift"
Card punch operators

Cashiers

JV

Low complexity

8
130
27

37
61
33

294
19

13

101
100
65

40
138
35

15

NR

NR

616

113
121
62
29

7

SDP

23.2
25.2
19.4

16.9

10.3
17.8
14.0
11.6

20.3

19.7
12.9
17.1

23.8
9.0
26.4

18.5

11.6

13.5

18.7

14.4
17.4

29.1
19.6

17.8

Time
period
(weeks)

2
2
1

1
1

NR
4

NR

NR

1
NR
NR

NR
NR
NR

52

52

JS

NR
NR
NR
JS

Reliability

.63

.66

.60

.48

.53

.55

.83

.55

.55

.55

.55

.55

.55

.55

.55

.99

.99

.99

.55

.55

.55

.78

Reliability
corrected

SDf

18.4

20.5
15.0

11.7

7.5
13.2
12.8

8.6

15.1

14.6

9.6
12.7

17.7
14.1

19.6

14.1

11.5

13.4

18.6

10.7
12.9

21.6
17.3

15.1

Medium complexity

Crafts
Rothe(1970)6

Evans (1940)d

Lawshe(l948)1'

No. studies and average

Stead &Shartle(1940y
Law/she (1948)'

No. studies and average

Welders
Handcrafters

Drilling

Sales clerks
Sales clerks

25
NR

11

3

Sales

153
18

2

19.0
23.0
33.0

25.3

33.5
54.2

43.9

1
NR

6

NR
4

.52

.55

.88

.44

.44

13.7
17.1

31.0

20.6

22.2
36.0

29.1

Note. NR = not reported; JS = job sample.

*AryforthesedataisgiveninRoth(1978);see Table 1. "Xy,-was given in the study for the correct time period. c This was the average of values
for the same subjects for three time periods, reported separately in Schmidt and Hunter (1983). " Rrr was not given; the 1-week average from Table
Iwasused. e^yr was not given; the mean from Table I for that time period was used. ' RYY was from Stead and Shartle (1940). 'Kyywasnot
given; the mean from Table 2 was used. h RYr was not given; it was computed from the Table 1 mean for 1 week, using the Spearman-Brown
formula. ' Rrr was not given; R^, for 4 weeks from Weekley and Gier (1987) was used.

mean applicant SDf values are similar for the two occupational

areas within the low-complexity category: 18.1% for routine

blue-collar jobs and 20.4% for routine clerical jobs. The average

of 19.3% for low-complexity jobs is close to thfe Schmidt and

Hunter (1983) mean figure of 20.0% for all the jobs they stud-

(Text continues on page 36)
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Table 5

Incumbent Output Standard Deviations as Percentage of Mean Output (SI),,): New Studies (Except Sales)

Study

Routine blue collar
Vineberg & Tavlor (1972)"
U.S. Job Service (1966)°
Wyalt&Langdon(1932)b

Baumberger, Perry, & Martin (1921)'
Heamshaw(]937)<1

Blum &Candee( 1941)"
Blum&Candee(194l)b

No. studies and average

Routine clerical
U.S.JobService(1972)"
U.S. Job Service (1976)"
U.S. Postal Service (1981 )e

U.S. Postal Service (1981 )f

Gael. Grant, & Ritchie ( 1975a)a

Corls, Muldrow, & Outcrbridge ( 1 977)c

Baumberger & Martin ( 1 920)1

Hay(1943)d

Gaylord, Russell. Johnson. & Severin ( 1 95 1 )b

Maier&Verser(1982)c

Gaeletal.(1975b)"

No. studies and average

Crafts
Whipple, Baldin, Mager, & Vineberg ( 1 969)

Group !e

Group 2 e

Vineberg & Tavlor ( 1972)"
Vineberg & Taylor (1972)"

No. studies and average

Clerical with decision making
U.S. Postal Service(198l)c

Vineberg & Taylor (1972)"
Trattner, Corts, van Rijn, & Outerbridge

(1977)"
DeSimonc, Alexander, & Cronshaw ( 1986)b

Ledvinka, Simonet, Neiner, & Kruse(1983)d

No. studies and average

Professional judgment
Campbell, Crooks, Mahoney, & Rock

(1973)'
Altman&Weil, Inc. (1981)" s

Owens (1987)b-B

Theodore & Sutler ( 1 967)" h

American Dental Association ( 1969a)b E

American Dental Association (l%9b)b 'b

No. studies and average

Occupation N

Low complexity

Armor crewman 374
Arc welder 49
Tile sizing & sorting 18
Machine operator 76
Paper sorters 1 8
Package wrappers 27
Package packers 1 0

7

Proofreader 57
Grocery checker 92
Mail carriers 374
Mail handlers 373
Telephone operator 1 ,09 1
Customs inspector 1 88
Telegraph operator 1 4
Machine bookkeepers 39
File clerks 6 1
Toll-ticket sorters 13
Clerks 402

I I

Medium complexity

Radar mechanics 1 07
Radar mechanics 5 1
Cook 364
Repairman 385

4

Mail distribution 4 1 7
Supply specialist 394

Claims authorizer 233
Claims evaluators 1 76
Claims evaluators 1 5

5

High complexity

Cartographic technician 443
Attorneys (partners) 4,659
Physicians 7,567
Phvsicians 1,754
Dentists 4,023
Dentists 4,023

7

Observed
incumbent

SD,

18.3
18.1
21.0
14.7

10.1

26.5
18.0

18.1

20.9
21.9
23.2
26.7
20.0
17.6
20.3

9.5
18.2
33.3
22.4

21.3

47.8
23.8
22.3
24.2

29.5

40.0
30.0

24.1
24.6
30.9

29.9

47.9
50.3
52.8
63.7
51.4

43.1

51.5

lime
period
(weeks)

JS
JS
4
0.5

13
4
4

JS
JS
JS
JS
JS
JS
0.6
0.8

26
0.2
JS

JS
JS
JS
JS

JS
JS

JS
52

4

JS
52
52

1
52
52

Reliability

.78

.78

.83

.38

.74

.83

.83

.78

.78

.94

.72

.78

.80

.42

.78

.97

.20

.78

.71

.71

.78

.78

.96

.78

.72

.99

.85

.49

.99

.99

.55

.99

.99

Reliability
corrected

57>n

16.2
16.0
19.1
9.1
8.7

24.1
16.4

15.7

18.5
19.3
22.5
22.7
17.7
15.7
13.2
8.4

17.9
14.9
19.8

17.3

40.3
20.1
19.7
21.4

25.4

39.2
26.5

20.5
24.5
28.5

27.8

33.5
50.0
52.5
47.2
51.1
42.9

46.2

" R > , was not given; the mean from Table 2 was used. b R ry was not given; the mean from Table 1 for that time period was used. ' Rr, was nol
given; the Spearman-Brown formula was used to compute partial week reliability from the mean reliability for 1 week (.55) in Table I . " R > , was
given in the study for the correct time period. c Job sample Rr, was given in the study (see Table 2). 'Average of the two job sample /?>•>« was
given in the study (see Table 2). * SDf was computed from a national survey of yearly earnings. h SDP was computed from a national survey of
the number of patients seen and treated.
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Table 6

Incumbent Output Standard Deviations as Percentages of Mean Output (SDP): New Sales Studies

Study Occupation N

Observed
incumbent

SD,

Time
period
(weeks) Reliability

Reliability
corrected

SD,

Life insurance sales

Wallace & Twichell (1953)"
Group 1
Group 2

Brown ( 198 l)b

Company 1
Company 2
Company 3
Company 4
Company 5
Company 6
Company 7
Company 8
Company 9
Company 10
Company 1 1
Company 12

Bobko. Karren, & Parkingtun ( I983)c

No. studies and average

Life insurance agent
Life insurance agent

Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Life insurance agent
Insurance counselor

140
112

3,390
768
949

1,606
752
893
606
793
771
658
561
406
92

15

53.1
64.4

136.0
116.1
105.1
132.1
96.8

115.1
122.2
130.1
140.0
129.3
114.0
130.7
41.9

108.5

100
100

52
52
52
52
52
52
52
52
52
52
52
52
52

.88

.88

.82

.82

.80

.81

.81

.81

.81

.72

.72

.74

.78

.82

.80

49.8
60.4

123.2
105.1
94.0

118.9
87.1

103.6
110.0
110.4
118.8
111.2
100.7
118.4
37.5

96.6

Noninsurance sales

Rush (1953)"
Bagozzi(1980)'1

Burke & Frederick (1984)"
Pearlman(l985)d

Greer&CascioUSBT)11

No. studies and average

Office machine sales
Industrial sales
Sales manager
Sales account manager
Soft drink route sales

100
122
69
42
62

5

48.2
29.0
43.8
80.9
35.3

47.4

41
52
52
52
52

.47

.89

.89

.89

.89

33.0
27.4
41.3
76.3
33.3

42.3

a Rrts were not given; the Spearman-Brown formula was used to compute Rrr for 100 weeks on the basis of the mean figure for life insurance agents
for 52 weeks, from Table 3. h Rrrs were given in the study for the correct time period; subjects were agents in their first year on the job. c Rry was
not given; the estimate used was the mean figure for life insurance agents for 52 weeks, from Table 3. " RYr was not given; the estimate used was
the figure from Table 3 for "other sales" for 52 weeks.

Table 7

Axcragc Incumbent and Applicant Output Standard Deviations as Percentages

of Mean Output (SDp)jbr Occupational Groups

Occupation

Low complexity
Routine blue collar
Routine clerical

Average
Medium complexity

Crafts
Decision-making clerical

Average
High complexity

Professional judgment
Sales

Life insurance
Noninsurance sales

No.
studies

22
18

7
5

7

15
7

Observed
incumbent

SD,

18.4
20.0

27.7

29.9

51.53

108.5
46.4

Reliability
corrected

SDf

14.6
16.4
15.5

23.3
27.8
25.6

46.2"

96.6
38.5

Applicant
SD,

18.1
20.4
19.3

28.9
34.5
31.8

47. 5b

120.0
47.7

• Figure reflects the average of the reliability-corrected figures from Table 5 for professional jobs. b SD,
figures for attorneys, physicians, and dentists were not corrected for range restriction because the samples
used spanned the range of each profession and were close to representative of the potential applicant pool.
SDf figures for cartographic technicians were corrected for range restriction because the sample came from
a single employer and therefore represented the incumbent group within an organization.
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Table 8

Output Ratios Between Extremes of Applicant Groups: Top

Versus Bottom 1% on Output and General Mental Ability

Category Output Mental ability'

Job complexity
Low
Medium
High

Sales
Life insurance
Other sales

19.3
31.8
47.5

120.0
52.5

3.17
12.33

Not normal b

Not normal"
Not normal b

2.26
4.50

Not normal b

Not normal"
Not normalb

• Figures are based on estimated validity for general mental ability of
.75; this is the average true score correlation between measures of gen-
eral mental ability and performance on content-valid job-sample mea-
sures (from Hunter, 1986). Figures for measures of ability (as opposed
to true scores) are given in the text. " Evidence presented in the text
indicates that these distributions are not normal; thus, ratios are not
computed.

led. For the medium-complexity jobs, the two subdivisions are

again fairly close: 28.9% for crafts and 34.5% for clerical jobs

with decision-making components. The average value of 31.8%

for medium-complexity jobs is considerably larger than the av-

erage for low-complexity jobs (19.3%), as expected. The average

for high-complexity jobs (47.5%) is considerably higher than for

medium-complexity jobs, again as expected. Mean applicant

SDV values for low-, medium-, and high-complexity jobs are

approximately 19%, 32%, and 48%, respectively. Job complex-

ity, measured in terms of the information-processing demands

made by the job, is strongly related to the variability of output

as a percentage of mean output. Furthermore, this relationship

can be very large: The average coefficient of variation is almost

2.5 times larger for high-complexity jobs than for low-complex-

ity jobs. This means that, other things being equal, selection

utility per selectee (expressed as the percentage increase in out-

put) will be nearly 2.5 times greater in high-complexity than in

low-complexity jobs.

Life insurance sales jobs again yield extreme values. The

mean applicant SDf is 120.0%, by far the largest of all the

means. Noninsurance sales show a mean value of 47.7% for ap-

plicants, which is similar to that for high-complexity jobs, even

though these jobs are of only medium complexity. With respect

to the impact of complexity on SDP values for jobs in general,

all sales jobs show "off-line" SDf values, and the effect is most

extreme for life insurance sales jobs. A possible explanation for

this finding is discussed later.

Practical Implications of Variation in Output

The implications of the obtained SDf values for personnel

selection can be illustrated most straightforwardly by compar-

ing extreme individuals. For a normal distribution, there is no

upper or lower bound; more extreme values merely become less

and less probable. However, essential ranges can be obtained by

defining top and bottom categories, such as the top and bottom

1%. Table 8 was constructed assuming a normal distribution

where possible (see later). Only applicant distributions were

considered because these are the critical distributions for per-

sonnel selection. In low-complexity jobs, those in the top 1% on

performance would average 2.67 standard deviations above the

mean and would have a mean performance of 100 +

2.67(19.3) = 152, whereas those in the bottom 1% would have

a mean of 100 - 2.67(19.3) = 48. The ratio of performance

between the top and bottom 1% of workers would be 152/48 =

3.17. Thus, in low-complexity jobs, if people are hired ran-

domly from the applicant pool, the top 1% of workers can be

expected to produce 3 times as much as the bottom 1 % of work-

ers. If the output distribution is actually somewhat skewed

rather than normal, this ratio would likely be larger.

Next, consider applicants for medium-complexity jobs, for

which the output ratio is 31.8%. The mean output of those in

the top 1% is 100+ 2.67(31.8)= 185% of average, whereas the

mean for those in the bottom 1% is only 15% of average. Thus,

extremely good workers can be expected to outperform ex-

tremely poor workers in medium-complexity jobs by a factor of

185/15 = 12.33. That is, in medium-complexity work, ex-

tremely good workers can be expected to outperform extremely

poor workers by over 12 to 1. Again, if the output distribution is

actually somewhat skewed rather than normal, this ratio would

likely be even larger.

In high-complexity jobs, the estimate of the output standard

deviation is 47.5%. If the distribution of performance were

normal, the performance in the top 1% would be 100 +

2.67(47.5) = 227, whereas the performance in the bottom 1%

would be 100 - 2.67(47.5) = -27. Whereas it is not unreason-

able that top workers might be more than twice as productive

as average workers, it is not likely that bottom workers would

have negative output. It is more likely that the negative value

arises from a nonnormal performance distribution in high-

complexity jobs. If the distribution is positively skewed, then

there may be no workers at 2 or more standard deviations below

the mean. The data thus suggest that the low output point for

high-complexity work is probably at or near zero, implying that

in applicant populations, low performers cannot learn the job

at all. For high-complexity work, the ratio of performance for

high performers to low performers would be 227/0, which is

meaningless (or "infinite" to the mathematician). An alterna-

tive approach to illustrating the extent of difference in high-

complexity work is to compare high-performance workers with

average workers. For typical positively skewed distributions, the

top 1 % averages even farther above the mean than 2.67 standard

deviations. Thus, if we use the normal model used for lower

complexity jobs, the ratio will be underestimated. This ratio is

227/100 for high-complexity jobs, 185/100 for medium-com-

plexity jobs, and 152/100 for low-complexity jobs. Thus, in

low-complexity jobs, the top 1% averages 52% more than the

average employee. For medium-complexity jobs this figure is

85%, and for high-complexity jobs it is 127%.

Finally, consider sales jobs. As shown in Table 8, the mean

applicant standard deviation for life insurance sales is 120.0%,

over twice as large as the value for any other category examined

here. For noninsurance sales, the mean 5Z>P is 47.7%, which is

similar to the value for high-complexity jobs. Thus, both types

of sales productivity are positively skewed. However, it may be

that the high SDp values for sales are not caused by levels of

general mental ability that are insufficient for full mastery of

the job. Instead, the skew may arise from a multiplicative effect

of various traits and abilities on performance. A skewed distri-

bution can be produced by multiplicative or combinatorial trait
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requirements. For example, high sales performance may re-

quire high cognitive ability and a pleasant exterior personality

and enough drive to close sales. If the distribution on each sepa-

rate trait were normal, and if the traits multiply to predict sales,

then the performance distribution would be highly skewed. For

example, suppose that high and low on each trait is scored as 1

and 2, respectively. The product scores across the three traits

would be 1, 2, 4, or 8, with probabilities 1/8, 3/8, 3/8, or 1/8,

respectively. Mean performance would be 3.375 and the stan-

dard deviation would be 2.058. The lowest performance (level

1) is only 1.15 standard deviations below average, whereas high-

est performance (level 8) is 2.24 standard deviations above the

mean. Thus, the distribution is quite skewed. In addition to

sales jobs, a multiplicative process of this sort might also oper-

ate in high-complexity jobs, wherein output distributions also

appear to be skewed.

Cognitive Ability Group Differences in Output

The data presented in this study show that individual differ-

ences in output are very large. It is clear that if people could be

selected for jobs on the basis of a reliable measure of output,

the diiferences in output between those selected and the average

for the applicant pool would be very large. However, selection

can rarely be based on output measures because output is not

known prior to hiring. Instead, the employer must select on the

basis of measures that have been shown to correlate with (and

thus predict) future output. Because the validity of such mea-

sures is never perfect (i.e., validity is always less than rw = 1.00),

the differences in output between the selected group and the

average for the applicant pool will not be as large as for selection

on a measure of output itself. However, these differences can

still be substantial. One measure that has been shown to be cor-

related with performance on virtually all jobs is general mental

ability (Hunter, 1980, 1986; Hunter & Hunter, 1984). This sec-

tion examines output differences between the highest and lowest

applicant groups on general mental ability. Actual calculations

are carried out only for medium-complexity, white-collar work,

although similar results apply to other job classifications as well.

The cumulative research literature is used to compute the per-

centage difference in work output between extreme cognitive

ability groups. Cumulative research has shown that perfor-

mance is linearly related to general cognitive ability (Schmidt et

al., 1979). Thus, differences in output between cognitive ability

groups can be computed by using linear regression.

Because general cognitive ability is measured on interval

rather than ratio scales, the applicant mean and standard devia-

tion are arbitrary; we use a mean of 100 and a standard devia-

tion of 15. If ratio scale measurement of performance is scaled

so that mean applicant output is 100, the output standard devia-

tion is then the applicant output standard deviation ratio (SDC),

which varies from one complexity level to another. For medi-

um-complexity, white-collar work, the empirical value in Table

7 is 34.5%. The ability output correlation is the average validity

of cognitive ability for predicting work sample performance at-

tenuated to the reliability of whatever test is used. If a test of

perfect reliability were used, the applicant correlation would be

.75 (Hunter, 1986; see also Hunter, 1983). We use this figure

initially here because our concern at this point is with actual

ability rather than imperfect measures of ability.

The slope and intercept of the regression line are given by

b = slope = rXYSY/Sx = .75(34.5)/15 = 1.725

a = intercept = mr- bm, = 100 - 1.725(100) = -72.5.

The negative intercept is not meaningful because the cognitive

test is scored to have a mean of 100 and a standard deviation of

15. Thus, 99.9% of applicants have scores higher than 55. The

regression equation is Y = 1.725X - 72.5.

The bottom 1% of the ability distribution has an average

score of 60; the top 1% averages 140 on the test. Based on our

regression equation, the mean output values for these groups

are 31.0 and 169.0. Thus, the ratio of output for the extreme

ability groups is 169/31 = 5.45. That is, the highest cognitive

ability applicants would outperform the lowest cognitive ability

applicants by over 5 to 1, a very large difference in performance.

However, this difference assumes a perfectly reliable measure of

cognitive ability. Ordinarily, the reliability of the measure of

cognitive ability would be approximately .80. At this level of

reliability, the output ratio of the top 1% of scores to the bottom

1 % would be 3.46 to 1. This ratio is lower, but it is clear that it

is still substantial and that there is considerable room for im-

provement in performance due to good personnel selection if

the organization can be selective in its hiring.

Finally, all the ratios of highest to lowest output employees

presented in this section as examples would be larger if more

extreme groups (e.g., top and bottom 0.5%) were used. Con-

versely, all ratios would have been somewhat smaller if less ex-

treme groups had been used (e.g., top and bottom 5% or 10%).

We used the top and bottom 1% because we judged that these

groups came closest to most people's conception of extreme

groups. This article presents the information needed by the

reader to compute output ratios for any definition of extreme

output groups. For example, a reader might be interested in the

ratio of output of the top 50% to the bottom 50%. By using the

data in Table 7, one can compute this ratio for either applicants

or incumbents and for any of the job categories presented.

Space considerations prevent a more detailed presentation of

such ratios in this article.

Implications for Theory Development

The findings of this research contribute to the foundation for

a theory of work performance that has job complexity as one of

its central constructs. For example, other factors (such as valid-

ity and selection ratio) being equal, the findings of this research

indicate that the percentage increases in output produced by

improved selection are about 2.5 times greater in high-com-

plexity jobs than in low-complexity jobs(47.5/19.3 = 2.46).

The explanation for the strong relation between complexity

of information-processing requirements and SDP is an interest-

ing question but one that cannot be definitively answered at

present. The obvious hypothesis is that increasing complexity

causes increasing values of SDf. In our judgment, this hypothe-

sis is far more plausible than its opposite, which is the hypothe-

sis that SOP levels cause complexity. However, the hypothesis

that information-processing complexity, as measured in this

study, causes SD, does not appear to fit the data for sales jobs

(see preceding discussion) in the same manner as it fits the data

from other jobs. Other constructs may be required for sales jobs.
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In addition, it is logically possible that other variables associ-
ated with complexity (such as increased employee discretion or
autonomy) may have a causal impact on SDP. Other key con-
structs in a theory of job performance would be general mental
ability, job experience, job knowledge (Hunter, 1980, 1986;
Schmidt, Hunter, Outerbridge, & Goff, 1988), and psychomo-
tor ability (Hunter, 1980). We are currently working to develop
such a theory. One question that must be addressed in the devel-
opment of this theory is the relative construct validity of job
sample measures and supervisory ratings as measures of job
performance (see Appendix B).

Implications for Labor Economics

In addition to the above implications, it now appears that
research findings on SDf may have implications in the related
field of labor economics. The theory of efficient labor markets
(ELM), central to labor economics, postulates that to the extent
that valid information on individual output is freely available,
employers will compensate individual employees in proportion
to their performance or output (Frank, 1984). Recent research
in industrial/organizational psychology in connection with se-
lection utility has resulted in a collection of evidence indicating
that there are wide variations in output among employees who
are paid identical or very similar wages (e.g., Schmidt & Hunter,
1983). Although other interpretations are possible (Frank,
1984) within the context of ELM theory, this finding suggests
that employer information on the output of individual employ-
ees may be limited in accuracy (Bishop, 1987a). The theory of
ELM also predicts that employers making hiring decisions will
use all available valid information to predict later performance
on the job. Yet, many employers fail to use valid performance
predictors, such as measures of general mental ability. Accord-
ing to ELM theory, this fact would suggest either that employers
are unaware of such valid performance predictors or that the
perceived costs (e.g., in terms of potential litigation) of using
such information is greater than the perceived benefits in in-
creased output. (Of course, these perceptions may be errone-
ous.) The labor economist who seems to have taken the lead to
date in exploring these implications is Bishop (1987a, 1987b),
but others have also contributed (e.g., Mueser & Mahoney,
1987). Although this work is very recent and is still controversial
in labor economics, in our judgment it is a positive development
that research findings in our field have potential implications
for theoretical and empirical work in another social science. By
providing more accurate and differentiated values for SDf, our
study may contribute further to this development.

Other Implications

In addition to the finding that SDP increases with increases
in job complexity, this study makes several other contributions.
First, it summarizes the information in the literature on the
reliability of output measures, job sample measures, and sales
measures; to our knowledge, this information is not available
elsewhere. A noteworthy finding is that the reliability of counts
of actual output appears to be lower than may generally be be-
lieved. Second, it explains and illustrates the effect of unreliabil-
ity of (ratio scale) criterion measures on SDf estimates and
demonstrates the appropriate corrections. Third, it provides ev-

idence that SDf values for sales jobs are quite different from
those for nonsales jobs at the same levels of complexity; such
evidence is not systematically presented elsewhere in the litera-
ture. Fourth, it presents evidence for the economic importance
of individual differences in job performance without using esti-
mates ofSDy; estimates of SD, (the dollar value of the standard
deviation of job performance) must, unlike SDf, be estimated
judgmentally. Finally, the findings of this study help to lay the
foundation for a theory of work performance, as noted earlier.

Summary and Conclusions

Good personnel selection can produce increased productiv-
ity (output) only to the extent that there are large individual
differences in performance. This study analyzed data on the ex-
tent of individual differences in productivity (output), based on
68 studies measuring work output on the job and 17 work sam-
ple studies with ratio scale measurement. In each study, the ra-
tio of the standard deviation in output to mean output was cal-
culated. This ratio times 100 is the standard deviation of output
measured as a percentage of average output (SDP).

Schmidt and Hunter (1983) concluded that SDr is at least
20% of mean output for incumbents. This study refines and
elaborates on that estimate. For incumbents in routine clerical
or blue-collar work, the output standard deviation ratio was
found to be closer to 15% than 20%. However, in higher com-
plexity jobs, the output standard deviation ratios are larger. For
incumbents in medium-complexity jobs, the standard devia-
tion ratio was found to be about 25% rather than 20%. For in-
cumbent workers in high-complexity jobs, the output standard
was 46% rather than 20%. For sales, the incumbent output stan-
dard deviation ratio is very large (97%) for life insurance sales,
and about 39% for other sales jobs.

But job incumbents are not representative of applicants.
Analysis of the data from 515 U.S. Employment Service studies
showed that on a measure of general cognitive ability, the ob-
served score standard deviation of incumbents averages only
71% of the standard deviation of applicants (i.e., u = .71). Ap-
pendix B demonstrates that the u value for ability true scores
(actual ability) is even smaller (.61) and that performance stan-
dard deviations are attenuated on average by at least 20%. Thus,
the applicant performance standard deviations needed for per-
sonnel selection utility equations are at least 24% higher on av-
erage than the performance standard deviations for incum-
bents. Moving from routine- to medium-complexity to profes-
sional work, the output mean standard deviation for applicants
was found to vary from 19.3% to 31.8% to 47.5%, respectively.
For life insurance sales applicants, the average standard devia-
tion was 120.0%, and for other sales the average was 47.7%.

Individual differences in work output are very large. For me-
dium-complexity work, for example, extreme 1 % performance
groups differ by a factor of 12 to 1, and extreme 1% cognitive
ability groups differ by a factor of over 5 to 1. Using cognitive
ability measures with a reliability of .80, this ratio is still ap-
proximately 3.5 to 1. Thus, there are large gains in productivity
to be made by selecting better workers. In addition to these im-
portant practical implications, the finding that output variabil-
ity relative to mean output increases with job complexity may
prove to have broader and more theoretical implications in in-
dustrial/organizational psychology, because individual differ-
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ences in job performance are the key dependent variable in this

area of applied differential psychology. Finally, it now appears

that research findings on individual differences in work output

may have implications for theoretical and empirical work in the

sister social science of labor economics.

There is a need for more research on the variability of em-

ployee output by complexity level of job. The need for addi-

tional data is greatest for high-complexity jobs, but additional

data are also needed for medium-complexity jobs. As more

data become available, the estimates ofSDr can be made more

precise. In addition, researchers should give more attention to

the question of the reliability of output and sales data. As illus-

trated in this study, many researchers do not report the reliabil-

ity of output data, necessitating extrapolation of reliabilities

from other studies. Finally, the data reported in this study indi-

cate that the reliability of counts of actual employee output is

lower than might generally have been believed. This finding

points to a need for more research on the conditions that might

affect the reliability and stability of employee output over time.
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Appendix A

Effect of Location on SD0

One reviewer was concerned that there may be differences in mean
earnings between areas within regions and that these differences could

inflate SDP values for dentists and medical doctors. There are two con-
siderations that suggest that this could not occur. First, this argument

would not appear to apply to SD, values based on number of patients
treated. Consider the following figures from Table 5:

SDP based on earnings = 52.1

Physicians

Dentists

SDP based on earnings = 52.8

SDf based on patients treated = 63.7

SD, based on patients treated is 21 % larger.

SDP based on earnings = 51.4

SDP based on patients treated = 43.1

SDe based on patients treated is 16% smaller.

SDP based on patients treated = 53.4

These figures indicate that there is no systematic tendency for SDP val-

ues based on earnings to be larger than SDf values based on number
of patients treated. On the average these two methods yield virtually
identical figures: 52.1 versus 53.4. Thus, it does not appear that SDV

values based on earnings are inflated. Second, we located additional
data that indicate that SDP is not smaller in more circumscribed loca-

tions (Ciocco & Altman, 1943). For example, for physicians in the
prime earning years of 45-64, SD, by location was

District of Columbia .76

Baltimore .80

Combined

Maryland (excluding Baltimore) .61

Georgia (urban) .63

Georgia (rural) .62

Even in rural Georgia, the figure is larger than the average in our Table
5 (52.8 and 63.7; average = 58.25). Thus, controlling for location does

not appear to lead to smaller SDP values.

Appendix B

Applicant Standard Deviations

This appendix derives an estimate of the ratio of performance stan-

dard deviations for applicants and incumbents. This derivation indi-

cates that applicant output standard deviations are at least 24% larger
than incumbent output standard deviations. However, this value repre-

sents an underestimate of the extent of restriction in performance, be-

cause it considers only the effect of restriction on performance caused
by restriction on general cognitive ability due to hiring practices. It ig-
nores direct restriction on the performance distribution caused by

differential attrition. That is, this calculation ignores the facts that low-
performing workers (a) are more likely to be fired and (b) quit earlier on
their own (Hunter & Hirsh, 1987, reanalyzing the data from McEvoy

& Cascio, 1986). It also ignores the fact that high-performing workers
are often promoted out of the job in question into other, higher level
jobs, such as supervision, further increasing range restriction.

Restriction in Range on Cognitive Ability

In the process of validating the General Aptitude Test Battery
(GATB), the U.S. Employment Service conducted 415 validation stud-
ies on a sample of jobs spanning the job spectrum. Hunter (1980) calcu-

lated the extent of restriction in range for the GATB measure of general
cognitive ability (u) and found it to be about .67 in all job families. Later,
when more information on range restriction in this data set became
available, Alexander, Carson, Alliger, and Cronshaw (1989) recalculated
this average as .71. This latter figure is the one used here. However, this
figure expresses the extent of restriction on test scores; the degree of
restriction on actual ability is higher. The first step in this Appendix
calculates the range restriction ratio for general cognitive ability itself.

Applicant population. Hunter (1980) performed an analysis of reli-
ability (generalizability) on GATB aptitude and ability measures for an
applicant population and found the coefficient of generalizability for the

general cognitive ability measure to be .80. Let us denote the variance
of actual ability, test score (the measure of ability), and error by VA,
VX, and VE, respectively. From the theory of reliability, we know that

From the fact that

we have

Reliability = .80 = VA/VX.

VX = VA + VE,

VE = VX - VA.

If we scale the test so that the applicant standard deviation is 1 .00, then
VX = 1.00 and hence

VA = VA/VX = .80

VE = VX - VA = 1.00 - .80 = .20.

Incumbent population. Let us add a prime to denote the variances
in the incumbent population: VX', VA', and VE'. Because the process
of measurement is the same in both populations, the error variance will

not change. Thus, we have

VE' = VE = .20.

By definition, the range restriction coefficient is the ratio of test vari-

ances. Thus,

Because the test is scaled so that VX = 1 .00, we have

VX' = .50
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VA' =VX'-VE'= .50 - .20 = .30.

Thus, the square of the range restriction ratio for ability is

u2 = VA'/VA = .30/.80 = .375.

That is, the extent of range restriction on general cognitive ability is

u = (.375)w = .61.

Implied Output Range Restriction

Hunter (1986; see also Hunter, 1983), using meta-analysis, found the

average applicant pool, true-score correlation between general cognitive
ability and job performance measured by content-valid, work-sample

performance measures in civilian work to be .75. Because we are pri-
marily interested in the civilian economy, we use this figure. Approxi-

mately 97% of the U.S. work force is in the civilian economy. The corre-

sponding true-score correlation for military jobs is considerably smaller
(.53) and would yield somewhat smaller estimates of applicant pool SDP

values. The appropriately weighted average of the two correlations is

.7434, essentially identical to the .75 value for civilian jobs. Schmidt et
al. (1979) reviewed research showing the relationship between ability

and performance to be linear. From these facts, we can derive the extent
of performance restriction implied by restriction in range on ability.
This analysis assumes that restriction on performance is solely indirect,

that is, is due entirely to restriction on ability. Direct restriction on job
performance (e.g., through promotion or termination) is ignored. If the
only output restriction is that due to ability restriction, then the ratio

of the applicant standard deviation to the incumbent standard deviation
will be shown to be 1.24.

Applicant population. If ability true scores in the applicant popula-
tion are in standard score form, then the regression of performance onto

ability is given by

P = .75A t c,

where P is performance, A is general cognitive ability, and e is error of
prediction. We have

VP = (,75)2VA + Ve

1.00 = .5625(1.00) +Ve

Ve= 1.00-.5625 = .4375.

Incumbent population. In this section, applicant population ability
is expressed in standard score form. Thus, incumbent ability variance
is the range restriction ratio .30/.80 = .375. For the incumbent popula-
tion, we have

VP' = (.75)2VA' +Ve

= .5625(.30/.8U) + .4375 - .6484

The ratio of the standard deviations is (.6484/1 .OO)"2 = .805. That is,
the incumbent standard deviation is only 80.5% as large as the applicant

standard deviation. That is, if applicants were hired at random, the per-
formance standard deviation would be 1.00/.805 = 1.242, or 24% larger
than the incumbent standard deviation observed in studies.

This figure is based on the average true-score correlation of .75 be-
tween general mental ability and content-valid job sample measures

(Hunter, 1983, 1986). In our judgment, content-valid job-sample mea-
sures have greater construct validity as measures of job performance
than supervisory ratings (Hunter, 1983), particularly when the job per-

formance construct of interest is production or output, as is the case
here. For this reason we did not use validities based on supervisory rat-
ings. On the basis of Hunter's (1980) findings, the true-score corre-

lations for general mental ability and supervisory ratings are .65 for

high-complexity jobs, .57 for medium-complexity jobs, and .44 for low-
complexity jobs (when complexity is as defined in the text and in Foot-

note I ) . These values would lead to somewhat smaller corrections of

incumbent SDf values for range restriction. For example, the correla-
tion of .57 for medium-complexity jobs yields a range correction factor

of 1.12 (vs. our value of 1.24). For medium-complexity, white-collar

jobs, estimated applicant pool SDf would be 31.1 (vs. our value of 34.5).
However, we believe these estimates of applicant SDf values would be
less accurate than those presented in Table 7 in the text.

Finally, we address a concern raised by a reviewer. The calculations
in this appendix are based on the assumption that the average level of

range restriction on general mental ability in the studies in Tables 4. 5,
and 6 is approximately equal to the average level of range restriction

found by Alexander et al. (1989) for the 415 widely varying GATB valid-
ity studies. In light of the fact that the number of studies is fairly large

in both cases, and the fact that the studies were unselected with respect
to range restriction, this assumption appears to be plausible. This as-
sumption allows estimation of applicant pool SDP values. In the case of
any organization using the applicant pool SDP estimates from this study,
there is no necessity to assume that range restriction values in that orga-

nization are the same as the u = .71 GATB value (or are the same as
those in studies in Tables 4,5, and 6). It is not psychometrically relevant
what the level of range restriction is in any organization that might use

our applicant pool SD^ values (e.g., in a selection utility study). This is
because the incumbent SDf values in such an organization (which will
be aifected by level of range restriction) have no necessary relation to
the applicant pool SDV values for that organization (which are not

affected by the level of range restriction within the organization). How-
ever, our estimates of applicant pool SDP values are estimates of aver-
ages. Therefore, for reasons unrelated to range restriction within the

organization, applicant pool SDf values might be somewhat larger or
smaller for particular organizations. However, short of estimating the
incumbent SDf value for that organization and then correcting this

value based on the degree of range restriction in that organization, there
would be no way to determine this. Such estimation will rarely be possi-
ble and therefore the estimates of applicant pool SD0 presented in Table
7 will usually be the most accurate available for any organization.
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