


for each GATB test construct (95% CI). Matching JCV

estimates were simply averaged together to compute the 

predicted value to be compared to the observed 95% CI for

each GATB test construct.

Job Component Validity Battery Validity

Tabachnick and Fidell, (1997, p. 141) provide matrix

equations used to compute multiple R among several

predictor variables (employment tests), and one criterion

variable (ratings of overall job performance). Matrix

calculations were performed using a statistical program

called GANOVA. The first step in the process was to 

multiply the inverse of the test intercorrelation matrix

to a column vector of corresponding Job Component Validity

coefficients. Because multiplication by an inverse is the

same as division, the column matrix of correlations

between predictor and criterion variables is divided by

the correlation matrix of predictor variables resulting in

standardized regression coefficients. The standardized 

regression coefficients are then assembled into a column 

vector and multiplied by a row vector of corresponding Job

Component Validity coefficients. The result is multiple 

R2, when one takes the square root, this results in 

multiple R, or the JCV battery coefficient. Appendix J

provides an example of how to create a JCV battery
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validity estimate using the matrix equations provided by

Tabachnick and Fidell (1997, p. 141).
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CHAPTER THREE

RESULTS

Bare Bones Meta-Analysis 

Appendix K shows the results of the bare bones

meta-analyses conducted on observed, commercially

available aptitude tests across the six GATB test

constructs.

The first analysis -estimated the validity of general

learning ability (G). The total sample size across 32

studies reporting observed correlations was 1,898. The

proportion of variance explained .due to sampling error was

75.97%. The average correlation weighted by sample size

was .23 with a 95% CI ranging from .19 to .27. The

averaged JCV estimate on matching jobs collected by PAQ

Services (.29) fell outside the 95% CI of the observed

validity coefficient.

The second analysis estimated the validity of verbal

aptitude (V). The total sample size across 32 studies

reporting observed correlations was 5,042. The proportion

of variance explained due to sampling error was '83.01%.

The average correlation weighted by sample size was .20

with a 95% CI ranging from .17 to .22. The averaged JCV

estimate on matching jobs collected by PAQ Services (.22)
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fell within the 95% CI of the observed validity

coefficient.

The third analysis estimated the validity of

numerical aptitude (N)The total sample size across 72

studies reporting observed correlations was 6,780. The

proportion of variance explained due to sampling error was

91.82%. The average correlation weighted by sample size

was .24 with a 95% CI ranging from .22 to .26. The

averaged JCV estimate oh matching jobs collected by PAQ

Services (.26) fell within the 95% CI of the observed

validity coefficient.

The fourth analysis estimated the validity of spatial 

aptitude (S). The total sample size across 42 studies

reporting observed correlations was 4,444. The proportion

of variance - explained due to sampling error was 88.88%.

The average correlation weighted by sample size was .23

with a 95% CI ranging from .20 to .26. The averaged JCV

estimate on matching jobs collected by PAQ Services (.20)

fell within the 95% CI of the observed validity

coefficient. - ■

The fifth analysis estimated the validity of form 

perception (P). The total sample size across 7 studies 

reporting observed correlations was 703. The proportion of 

variance explained due to sampling error was 95.33%. The
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average correlation weighted by sample size was .27 with a 

95% CI ranging from .20 to .34. The averaged JCV estimate

on matching jobs collected by PAQ Services (.20) fell

within the 95% CI of the observed validity coefficient.

The sixth analysis estimated the validity of clerical 

perception (Q). The total sample size across 28 studies 

reporting observed correlations was 2,145. The proportion

of variance explained due to sampling error was 88.34%.

The average correlation weighted by sample size was .24

with a 95% CI ranging from .20 to .28. The averaged JCV

estimate on matching jobs collected by PAQ Services (.21)

fell within the 95% CI of the observed validity

coefficient.

Job Component Validity 
Battery Validity

Appendix L shows the averaged test intercorrelation 

matrix based on commercially available tests. Not enough

data was available to compute either an SQ'or a PQ test 

intercorrelation. In order to compute JCV battery validity 

estimates using these test combinations, the corresponding

test intercorrelations from the GATB (Hartigan & Wigdor,

1989) served as substitutes.
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Appendix M shows the matrix computations worked out

for a cognitive .(G, V, N) and a perceptual (S; P, Q) JCV

battery.

The inverse of the JCV cognitive battery was computed

using the corresponding commercially available test 

intercorrelations (.34, .38, and .46), resulting in a 3 X

3 matrix and multiplied by a 3 X 1 column vector of

averaged JCV estimates for G, V, and N (.29, .22, .26) .

This resulted in a 3 X 1 column vector of standardized

regression coefficients which were multiplied by a 1 X 3

row vector of the corresponding averaged JCV estimates. 

This resulted in an R2 of .12; the square root of this 

value produces a multiple R of .34.

The inverse of the JCV perceptual battery was 

computed using the corresponding commercially available 

test intercorrelations (.37, .39, and .65), resulting in a

3X3 matrix and multiplied by a 3 X 1 column vector of

averaged JCV estimates for S, P, and Q (.20, .20, .21) .

This resulted in a 3 X 1 column vector of standardized

regression coefficients which were multiplied by a 1 X 3 

row vector of the corresponding averaged JCV estimates. 

This resulted in an R2 of .06; the square root of this 

value produces a multiple R of .25.
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CHAPTER FOUR

DISCUSSION

One of the concerns the present study addressed was

the degree of accuracy with which JCV could be used to

predict observed validity coefficients between

commercially available aptitude tests and supervisory

ratings of overall job performance for a wide range of

jobs. Appendix K shows that for five of the six GATB test

constructs (V, N, S, P, Q) averaged JCV estimates fell

within the 95% CI of observed validities. Since at least

75% of the variation between studies could be attributed

to sampling'error, the averaged observed validities found

in Appendix K can be regarded as accurate and stable

estimates of the true population values.

Within the past few years, leaders in the field of

personnel selection have stressed the importance of future

test validation efforts, emphasizing that researchers

should focus less on the specific content in individual

jobs, and focus more heavily on the overarching constructs

required to perform these jobs (Church, 1998). Earlier JCV

research used PAQ dimension scores to predict mean GATB

test scores and observed validity coefficients for a wide

variety of jobs (Marquardt & McCormick, 1974; McCormick,
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Mecham, & Jeanneret, 1977; McCormick, Mecham, & Jeanneret,

1989; Mecham & McCormick, 1969). Later research expanded

the JCV method to predict mean test scores for

commercially available tests (McComick, DeNisi, & Shaw,

1979). Hoffman and McPhail (1998) extended the JCV

research still further to predict observed validity 

coefficients for clerical jobs (using commercially 

available test data as the predictor variable).

The present study adds to the JCV research literature

in several ways. First, based on Schmidt and Hunter's

(1990) recommendations and the success of Hoffman and

McPhail's (1998) research on clerical jobs, analyses were

conducted using a relatively large number of individual 

studies based on a variety of jobs. Second, unlike prior 

JCV research, the present study relied on confidence

intervals to assess the degree of similarity between 

observed and predicted JCV validity coefficients. By 

conducting a large sample study, and relying on confidence

intervals that center around the observed values, this

research overcame many of the limitations experienced by

earlier small 'sample JCV (Holden, 1992; McPhail, 1995) .

The present study adds another dimension to current

JCV research. The Uniform Guidelines (1978) state that

when designing a selection system, the greater the
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magnitude of the relationship between performance on a

selection procedure and one or more criteria of

performance on the job, the more likely the predictor will

be appropriate for a given employment situation. Hoffman 

and McPhail (1998) commented that since most employment

testing practices rely on multiple tests to screen

candidates, relying on the single highest JCV predicted

value is likely to be a conservative estimate of the

overall battery validity.

Using the matrix equations provided by Tabachnick and

Fidell (1997, p. 141) and the test intercorrelation matrix

shown in Appendix J, JCV battery validity coefficients can

be easily computed for any possible combination of

commercially available tests. In the present study, a JCV 

cognitive battery (G, V, N) and perceputal battery (S, P, 

Q) resulted in multiple R's of .34 and .25, respectively. 

This resulted in an increase in validity when compared to 

the single highest JCV estimate of 15% and 16%

([.34 - .29]/.34 = .15%, and [.25 - .21]/.25 = 16%). 

Computing JCV battery estimates will result in higher 

effect sizes and add to the defensibility as well as the 

utility of the selection procedure in question.

Using the commercial test intercorrelations has other

advantages as well. Computing JCV-battery estimates using
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G, V, and N from commercially available tests (see

Appendix L) compared to the GATB intercorrelations for the

same constructs (see Appendix B) results in an increase in

validity of 12% ([.34 - .30]/.34).

In practice, a researcher could' compute his/her own

intercorrelation matrix based on the actual tests used in

the study, or rely on test publisher norms if appropriate. 

Then, the researcher could compute the matrix equations 

using the single JCV estimates from the PAQ job analysis 

to obtain the JCV-battery estimates on a job-by-job basis.

Limitations and Recommendations 
for Future Research

As with any meta-analysis, it is always a challenge

to gather enough primary research to conduct a feasible 

study. The majority of data used in the present study came

from technical manuals provided by test publishers. 

Although only 4 of the 39 companies that were contacted

and asked to participate sent viable data, it is believed

many more would have sent data if it were available.

Two of.the six GATB test constructs in the present

study (G and P) had far fewer studies and markedly smaller

sample sizes compared to the other four (V, N, S, P). This 

was unfortunate, but may reflect what is actually being 

practiced in the field. Very few commercially available
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tests are available that are designed to solely measure

"G". In most instances, such tests are usually a

combination of verbal, numerical, and spatial components.

Commercially available tests designed to measure form

perception (P) are even rarer. In fact, in one of the

several job analysis reports provided by the PAQ, it

provides commercially available equivalent tests for all

but the "P" GATB test constructs.

Nevertheless, the bare bones meta-analysis conducted

on the G and P test constructs accounted for most of the

variance between observed validities across studies

(75.97% and 95.33%, respectively). The larger range of

values shown by the 95% confidence intervals accurately

reflect the effects of the smaller samples.

At first, the small number of available studies for

"G" was thought to be responsible for the predicted JCV

estimate of .29 to fall outside of the 95% confidence

interval of the observed mean validity (.19 to .27).

However, a closer look at the factor structure of the

GATB, previously describe in detail, leads one to believe

that the JCV estimate for "G" is not a single, univariate

estimate, but a JCV battery estimate comprised of V, N,

and S .

53



There is some evidence that this might be the case.

In all of their studies (Hoffman & McPhail, 1998; Holden,

1992; McPhail, 1995) the JCV estimates for "G" were always

higher than observed validities, while in most other

cases, JCV estimates for the other GATB test constructs

resulted in lower than observed validities.

Some concern to the degree of generalizability of the

test intercorrelation matrix described in Appendix L

should also be addressed. It was computed based largely on

a convenience sample of available test publication manuals

and employment testing data from the author's workplace.

However, a test intercorrelation matrix based on

commercially available tests will most likely result in

lower bivariate correlations between test constructs

because of the factor structure problems associated with

"G" in the GATB.

Another possible limitation in the current study was

the absence of multiple raters used to classify studies 

during the bare-bones meta-analysis. Best practice would

suggest using a consensus process to ensure accurate

classification. However, because only one rater was used,

any study where there was confusion regarding the proper

classification was thrown out.
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With regard to future research conducted on JCV, it

would benefit most from exploring ways to compute fully

multivariate JCV batteries. Murphy and Shiarella (1997)

suggest future research on personnel selection not only 

continue to use multiple test-predictors, but that the

construct of job performance itself is a complex domain

that can be defined by many levels. They provide a simple

and straightforward set of calculations to compute

validity coefficients using multiple predictor and

criterion measures.

Cascio (1995) recommended that present efforts in

constructing valid selection procedures move beyond the

use of job-based predictors in order to keep up with the 

changing nature of.work. In instances where time, money, 

resources, and small sample sizes limit the feasibility of

a local validation study, JCV may be the best available

alternative. The present study demonstrated the usefulness

of the JCV method and its generalizability across a wide

range of jobs and predictor constructs. To quote Hoffman

and McPhail (1998, p. 999), "There will likely always be

situations where some type of validation effort is needed.

The Job Component Validity procedure simply adds another

tool to the practitioner's toolbox."
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APPENDIX A

APTITUDES MEASURED BY THE

GENERAL APTITUDE TEST BATTERY
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Comparison of Job Component Validity Estimates with

Observed Validation Results (from McPhail, 1995)

Job Construct JCV
prediction

Observed
validity

Health physics G .38 .25
technicians3 ■ N . 30 .37

S . 10 . 45d
Q .15 .30

Customer service G .25 .16
representative13 V . 13 .19

V . 13 . 42e
■ N .27 .25

Line repair N . 25 . 64f
workers'3

Note: All observed validity coefficients based on 
supervisor ratings criteria.
anuclear power facility of an electric utility 
bwater products company 
Celectric utility
dBennett Test of Mechanical Comprehension
eFollowing Oral Direction Test
fContent-specific proprietary test

61



APPENDIX D

COMPARISON OF JOB COMPONENT

VALIDITY ESTIMATES WITH

EMPIRICAL VALIDATION RESULTS

FOR DISTRIBUTION PLANNING JOBS
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Comparison of Job Component Validity Estimates with

Empirical Validation Results for Distribution Planning

Jobs (from Holden, 1992)

Observed validity
Predicted JCV by job3 coefficients10

GATB - Job . Job
construct0 Assistant Aide Technician Ratings Know. sample

G .29 .28 . 30 .20 . 49 .49
V .20 . 19 .19 . 19 .52 .29
N .25 .23 .23 .28 . 64 . 47 '
S .18 .16 . 19 . 32 .59 .46

aJCVs based on results of PAQ analysis for each job. 
bObserved correlation between test score and supervisory 
ratings criterion, job knowledge criterion, or work sample 
criterion; combined N =66 across three jobs.
CGATB constructs operationalized as follows: G
(Adaptability); V (Industrial Reading Test); N
(proprietary, custom-developed mathematics test); S (FIT 
patterns).
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APPENDIX E

COMPARISON OF DESCRIPTIVE

STATISTICS FOR JOB COMPONENT

VALIDITY ESTIMATES AND

OBSERVED VALIDITY COEFFICIENTS

BY DOT CODE FOR CLERICAL

OCCUPATIONS

<3
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Comparison of Descriptive Statistics for Job Component Validity Estimates and

Observed Validity Coefficients by DOT Code for Clerical Occupations

(from Hoffman and McPhail, 1998)

Oi

Mean job component 
validity estimatea

Mean observed 
validity coefficient13

DOT Code G V N S Q G V N S Q
201-209 (A) .24 .18 .24 . 12 . 20 .24 . 19 .23 . 09 .22

(.05) (.03) (.04) (.03) (.03) (.18) (.16) (-14) (.11) (.17)
210-219 (B) .26 . 19 .25 . 14 .20 .23 .20 .25 .20 .24

(.02) (-02) (-03) (-02) (.02) (.17) (.17) (.15) (.15) ( .15)
221-229 (C) .25 .18 .24 . 14 . 20 - . 18 .30 .23 .22

(.01) (.01) (-02) (-02) (.01) (.13) (.17) (.16) (.13)
230-239 (D) .24 .18 .25 . 11 .20 - - - - .19

(.03) (-03) (.03) (.02) (.02) (.16)
240-249 (E) .27 .20 .25 . 14 .21 .21 - .21 - .18

(.02) (.02) (.02) (.02) (.01) (.12) (.08) (.14)
All clerical jobs .25 .19 .25 .13 .20 .24 .19 .24 . 14 .22

(A-E) (.03) .(-02) (.03) (.02) (.02) (.17) (.16) (.14) (.15) (.16)

Note: Standard deviations listed in parentheses. DOT groupings and letters 
(A,B, etc.) identical to Pearlman et al. (1980).
aBased on 51 jobs in utility company PAQ-job evaluation database; DOT
Occupational Groups 201-209—16 jobs; 210-219—15 .jobs; 221-229—5 jobs; 230-239— 
5 jobs; 240-249—10 jobs.
bBased on mean observed validity coefficients compiled and reported by
Pearlman, Schmidt, & Hunter (1980).



APPENDIX F

SOURCE OF STUDIES USED TO

COMPUTE COMMERCIALLY AVAILABLE

TEST INTERCORRELATION MATRIX
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Source of Studies to Used to Compute Commercially

Available Test Intercorrelation Matrix

GATB Test Combination
Source GV GN GS GP GQ VS VN VP VQ NS NP NQ SP SQ PQ
Company Data 0.31 0.60 0.42 0.22 0.43 0.42
Company Data 0.52 0.51 0.60 0.50 0.46 0.48
Company Data 0.57 0.43 0.39
EAS Tech Manual 0.26 0.35 0.19 0.22 0.26 0.10 0.34
EASTech Manual 0.40 0.30 0.16
EAS Tech Manual 0.27 0.29 0.22
WTMA Tech Manual 0.46 0.56 0.37
WTMATech Manual 0.72 0.20
WTMA Tech Manual 1 0.26
IPI Tech Manual 0.62 0.52 0.29 0.54
IRTTech Manual 0.67 0.73
IRTTech Manual 0.37 0.16
IRTTech Manual 0.38 0.03
IRTTech Manual 0.16 0.28
Adaptability Tech Manual 0.49
Adaptability Tech Manual 0.18
Adaptability Tech Manual 0.44
Adaptability Tech Manual 0.46
Adaptability Tech Manual 0.42
Adaptability Tech Manual 0.36
Adaptability Tech Manual 0.31
Reading Index 0.20 0.50 0.52
Reading Index 0.39
Reading Index 0.37
Reading Index 0.37
Arithmetic Index 0.26 0.61 0.56
Arithmetic Index 0.52 0.41
Arithmetic Index 0.41
FACT Tech Manual 0.30 0.08
FACT Tech Manual 0.27
FACT Tech Manual 0.27
FACT Tech Manual 0.26 0.50
FACT Tech Manual 0.27 0.19
FACT Tech Manual 0.14
FACT Tech Manual 0.13 0.21 0.14
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APPENDIX G

RESEARCH PARTICIPATION LETTER
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To Whom It May Concern:

I am a graduate student enrolled in the MS I/O Psychology program at California State 
University, San Bernardino. I am conducting a thesis research study titled, “Comparing Job 
Component Validity to Observed.Validity Across Jobs.” Dr. Kenneth Shultz, CSUSB, is.my 
thesis chair, and Dr. Cal Hoffman, Alliant University, and Dr. Matt Riggs, Loma Linda 
University, are on my committee. I am requesting your participation in the data collection 
phase of my study.

I am collecting observed validity coefficients from commercially developed tests used to 
predict job and/or training performance in a wide-range of jobs varying in complexity. Once 
collected,' I plan to compare these observed validity coefficients to predicted validity, 
coefficients using the Job Component Validity feature provided by. the Position Analysis 
Questionnaire (PAQ). The goal of my study is to provide further evidence to support test-use 
without conducting local validation.

Below, lists the type of data that I need:
Must Haves: Nice To Haves:
■ Uncorrected correlation coefficient
■ Type of correlation coefficient
■ Sample Size
■ Criterion measure used
■ Type of validation study strategy employed
■ Name of type of specific tests used
■ DOT code or enough information about the job 

to appropriately classify the job myself.

■ Sample composition in terms of 
employment status, gender, and 
race

■ Mean and standard deviations of 
the test scores used in the study

■ Criterion reliability coefficients

If you decide, to participate, all research findings will be made available to you when the 
study is completed. All information and data you provide will be kept strictly confidential and 
be returned to you immediately if requested. There are several options to send me your data. 
You can email it as an attachment, fax it, or mail it. If necessary, you may charge me for the 
mailing costs, however I urge you to send it the most inexpensive way as possible.

I have enclosed a short summary which explains the study in more detail if you are interested. 
I have also included a form that provides an example of the data I am requesting. If you 
would like to participate but have a question or concern, please contact me at the phone 
number or email address below. Thank you in advance for your thoughtful consideration.

Sincerely, -

David Morris

Enclosure
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Comparing Job Component Validity to Observed Validity Across Jobs

By the early 1980's, the need to conduct local validation research to support using cognitive 
ability tests to make personnel decisions seemed to be eliminated. Schmidt and Hunter's 
meta-analytic research (1981) found that statistical artifacts accounted for most, if not all the 
variance between validation studies performed on similar types of jobs. This led to the claim 
that, “Professionally developed cognitive ability tests are valid predictors of performance on 
the job and in training for all jobs”. Pearlman, Schmidt, and Hunter (1980) recommended, 
“All that is needed to generalize validity is enough information to be able to compare the 
targeted job to similar jobs used in the initial validation study.

Ten years later, Guion (1991) concluded, “The sole use of VG is probably premature. At a 
minimum, a job analysis should be carried out and contain site visits, multiple interviews . 
with incumbents and supervisors, as well as the breakdown of jobs into major tasks and 
behaviors and findings documented in a technical report.” Around the same time VG was 
introduced into the research literature, another type of “synthetic validity” surfaced. This one 
derived directly from job analysis ratings. The “Job Component Validity” model, part of the 
normal output from the Position Analysis Questionnaire (PAQ), produces estimated validity 
coeffecients used to predict mean test scores and validity coefficients for cognitive ability 
constructs such as verbal, numerical, spatial, and general mental ability (Jeanneret, 1992).

Unfortunately, early studies showed disappointingly low correlations between predicted and 
observed validity coefficients using the.JCV procedure (Marquardt & McCormick, 1974; 
McCormick, Mecham, & Jeanneret, 1977; and Mecham & McCormick, 1969). In 1991, 
Sackett remarked, “Its inability to predict observed validity coefficients calls for further 
research before one could feel confident relying on JCV.” However, in a recent study by 
Hoffman and McPhail (1998) JCV estimates from 51 clerical jobs were compared to 
Pearlman, Schmidt, and Hunter's (1980).meta-analysis reporting mean observed validity 
coefficients for five DOT clerical categories. Their results showed substantial similarity to the 
mean observed, uncorrected criterion related validity coefficients produced in Pearlman et 
al’s. (1980) study. Hoffman and McPhail discovered that averaging across a large sample of 
jobs provided more stable estimates, thus minimizing the effects of statistical artifacts 
normally encountered among single studies. Thus, it seems evident that early JCV studies 
suffered from the same weaknesses local validation studies suffer from: Small sample sizes.

The current study is designed to extend Hoffman and McPhail's (1998) research to a wider 
array of jobs ranging in degree of complexity. In addition, it seeks to construct “multivariate” 
JCV estimates, thus replacing the need to rely on the single, highest univariate JCV 
coefficient as the best estimate of a battery-validity. The final result will be another selection 
tool researchers can add to their toolbox enabling them to support test use without having to 
conduct local validation.
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APPENDIX H

OBSERVED VALIDITY STUDIES

MATCHED TO JOB COMPONENT

VALIDITY ESTIMATES
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Observed Validity Studies Matched to JCV Estimates

DOT JOB TITLE n G V N S P Q
003.167-018 Designers 16 0,07
003.167-026 Customer Extension Planners 32 0.30
003.281-010 Drafter 99 0.18
007.161-018 Engineering Assistants 11 0.08
029.261-022 Chemical Technicians 25 0.20 0.64 0.18
030.162-010 Computer Programmers 1229 0.28 0.28 0.29 0.08 0.10 0.34
160.167-054 Claims Auditor 379 0.36 0.33
166.167-034 Labor Relations Professionals 76 0.27
183.117-014 Managers 122 0.32 0.35 0.18
209.367-054 Yard Clerk 390 0.14 0.28
209.567-010 Meter Readers 224 0.20 0.27 0.39 0.37
213.362-010 Computer Operator 257 0.25 0.33 0.32
222.387-034 Materials Clerks 54 0.38 0.37
235.462-010 Telephone Operators (Information and Toll) 236 0.27 0.23 0.23
235.662-026 Telephone Service Representative 93 0.22
253.357-010 Sales Representatives 107 0.42 0.48 0.37
292.353-010 Salesperson-Driver/Routeperson 88 0.27 0.18
373.364-010 Probationary Firefighters 119 0.19
375.263-014. Police Officers 209 0.03
558.685-062 Chemical Operator 55 0.06 0.26
600.280-022 Machinist 264 0.20 0.22 0.22 0.20
616.380-018 Machine Operator 65 0.22
619.686-022 Production Workers 422 0.17 0.21 0.25 0.15
620.261-010 Mechanics 190 0.15 0.17 0.24 0.13 0.20
620.281-046 Maintenance Specialists & Field Technicians 160 0.19 0.20
638.281-014 Maintenance Mechanics 551 0.12 0.22 0.27 0.17 0.11
726.261-018 Technicians 327 0.22 0.16 0.27 0.23
729.281-014 Test Personnel 36 0.33 0.13
821.261-014 Journeyman Line Maintainers 344 0.07 0.23
822.281-018 Eguipment Mechanics 119 0.23 0.29
822.381-010 Equipment Installers 122 0.19 0.32
822.381-014 Installer-Repairers 91 0.22
824.261-010 Electrician 216 0.26 0.28 0.22
829.361-010 Cable Splicers 88 0.26 0.27
859.683-010 Heavy Equipment Operator 11 0.26 0.19
860.381-022 Carpenter 144 0.25
862.381-030 Plumber 90 0.05 0.22 0.06
899.261-014 Plant Technicians 371 0.30 0.35
913.463.010 ’ »Bus Drivers 179 0.05
920.687-134 Packer 89 0.18 0.14 0.14
921.683-050 Power Truck Operators 44 0.02 0.18 0.11
922.687-058 Laborers 432 0.11 0.18 0.12 0.31
959.574-010 Service Representatives 83 0.26 0.25 0.31 0.21
973.381-018 Press Workers 17 0.32 0.12 0.40 0.44
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APPENDIX I

JOB COMPONENT VALIDITY

ESTIMATES MATCHED TO OBSERVED

VALIDITY STUDIES
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JCV Estimates Matched to Observed Validity Studies

DOT PAQ TITLE G V N S P Q
003.167-0.18 Eng Ele Pwrsys 0.41 0.30 0.32 0.27 0.19 0.25
003.167-026 Eng Sys Develo 0.39 0.29 0.30 0.24 0.18 0.23
003.281-010 Drafter Ele 0.36 0.23 0.28 0.22 0.19 0.21
007.161-018 Eng Meeh Asst 0.36 0.24 0.28 0.24 0.20 0.21
029.261-022 Test Petroleum 0.31 0.21 0.25 0.21 0.21 0.20
030.162-010 Progr Computer 0.33 0.24 0.29 0.18 0.19 0.21
160.167-054 Auditor 0.33 0.27 0.30 0.18 0.15 0.21
166.167-034 Mgr Labor Relata 0.32 0.29 0.28 0.17 0.15 0.22
183.117-014 Spt Production 0.34 0.27 0.29 0.22 0.17 0.22
209.367-054 Clk Yard RR 0.22 0.16 0.25 0.10 0.18 0.17
209.567-010 Meter Reader 0.26 0.19 0.25 0.12 0.19 0.20
213.362-010 Computer Op 0.25 0.20 0.26 0.13 0.19 0.20
221.367-070 Clk Svc Repair 0.28 0.23 0.31 0.14 0.21 0.23
222.387-0.34 Clk Material 0.26 0.19 0.27 0.14 0.21 0.21
235.462-010 Teleph Op Cent 0.25 0.22 0.30 0.11 0.19 0.21
235.662-026 Teleph Answer I 0.22 0.20 0.29 0.08 0.18 0.21
253.357-010 Sales Pub Util 0.34 0.29 0.28 0.19 0.11 0.19
292.353-010 Driver Sales R 0.19 0.15 0.18 0.11 0.20 0.19
373.364-010 Fighter Fighter 0.31 0.24 0.28 0.19 0.23 0.25
375.263-014 Police Ofcr 1 0.27 0.24 0.25 0.16 0.16 0.21
558.685-062 Chem Op 2 0.32 0.21 0.29 0.22 0.24 0.24
600.280-022 Machinist Gen 0.32 0.21 0.25 0.29 0.23 0.21
616.380-018 Mach Op 1 0.24 0.17 0.23 0.19 0.20 0.19
619.686-022 Metal Fab Hip 0.25 0.17 0.22 0.17 0.22 0.21
620.261-010 Auto Meeh 0.31 0.22 0.25 0.25 0.22 0.21
620.281-046 Maint Meeh 0.32 0.23 0.24 0.26 0.19 0.18
638.281-014 Maint Meeh Gen 0.33 0.22 0.28 0.28 0.23 0.22
726.261-018 Ele Tester Gen 0.32 0.22 0.26 0.22 0.20 0.21
729.281-014 Repair Ele Met 0.34 0.22 0.26 0.27 0.21 0.20
821.261-014 Line Maintaine 0.30 0.22 0.25 0.20 0.17 0.19
822.281-018 Maint Meeh Tel 0.29 0.21 0.25 0.17 0.21 0.21
822.381-010 Equip Installe 0.26 0.21 0.24 0.12 0.17 0.18
822.381.-014 Line Installer 0.29 0.20 0.22 0.20 0.21 0.21
824.261-010 Electrcn 0.34 0.23 0.29 0.25 0.21 0.21
829.361-010 Cable Splicer 0.30 0.22 0.27 0.21 0.19 0.19
859.683-010 Operating Eng 0.27 0.19 0.23 0.19 0.23 0.22
860.381-022 Carpenter 0.31 0.22 0.26 0.26 0.22 0.23
862.381-030 Plumber 0.31 0.22 0.25 0.23 0.21 0.21
899.261-014 Maint Repair I 0.33 0.23 0.28 0.28 0.23 0.21
913.463-010 Bus Driver 0.25 0.20 0.25 0.12 0.21 0.22
920.687-134 Packer Agri Pr 0.11 0.09 0.15 0.08 0.16 0.13
921.683-050 Indust Truck O 0.22 0.15 0.23 0.15 0.22 0.20
922.687-058 Laborer 0.21 0.15 0.22 0.12 0.21 0.19
959.574-010 SVS Rep Util 0.26 0.18 0.34 0.05 0.17 0.22
973.381-018 Job Printer 0.23 0.19 0.21 0.18 0.20 0.22
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JCV'Battery Matrix Equations (Tabachnick & Fidell, 1997)

Another way of looking at R2 is in terms of the
correlations between each of the predictor and criterion 
variables. The squared multiple correlation is the sum 
across all predictor variables of the product of the 
correlation between the criterion and predictor and the 
(standardized) regression coefficient for the predictor.

In matrix form:
R2 = RyiBj

Where Ryi is the row matrix of correlation between the 
criterion and the k predictor variables, and Bx is a 
column matrix of standardized regression coefficients for 
the same k predictor variables.
The standardized regression coefficients can be found by 
inverting the matrix of correlations among predictor 
variables and multiplying that inverse by the matrix of 
correlations between the criterion and predictor 
variables.

Bj — R iiRiy
Bi is the column matrix of standardized regression 
coefficients, R_1iiRiy is the inverse of the matrix of 
correlations among the predictors, and Riy is the column 
matrix of correlations between the criterion and 
predictor.
Because multiplication by an inverse is the same as 
division, the column matrix of correlations between the 
predictors and the criterion is divided by the correlation 
matrix of predictor variables.
See example below:

’1.203 - .317 - .204 ’ ’.57' ’.319'
- .317 2.671 - 1.973 .73 = .291
- .204 - 1.973 2.622 .75 .402

[.59 .73 .15

.319

.291

.402
R2

R = .84

.702
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Results of Bare Bones Meta-analysis

Predi
ctor K N r s2r s2e S2P %Expl

ained
95%
CI JCV

G 32 1898 .23 .2022 .0154 .0049 75.97 .19-
.27

.29

V 52 5042 .20 .0116 .0096 .0020 83.01 . 17- 
.22

.22

N 72 6780 .24 .0104 .0095 .0009 91.82 .22-
.26

.26

S 42 4444 .23 .0097 .0086 .0011 88.88 .20-
.26

.20

P 7 703 .27 .0091 .0087 . 0004 95.33 .20- 
. 34

.20

Q 28 2145 .24 . 0132 . 0117 . 0015 88.34 .20-
.28

.21
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Test Inter.correlation Matrix for Commercially Available

Tests

G V N S P Q
G 1.00 0.34 0.38 0.35 0.27 0.31
V 1.00 0.46 0.41 0.10 0.46
N 1.00 0.33 0.49 0.48
S 1.00 0.37 NA
P 1.00 NA
Q 1.00
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JCV Battery Computations for Cognitive and Perceptual Test 
Combinations

Commercial Test Intercorrelation Matrices

G V N ,
G 1.00 .34 .38
V 1.00 .46
N 1.00

S P Q
S 1.00 .37 .39
P 1.00 . 65
Q 1.00

Cognitive Example:

’1.218 - .255 - .345' ’.2 9' ’.2 07 4 2'
Bx = - .255 1.322 - .511 .22 — .08403

- .345 - .511 1.366 .26 .14269

R2 = [.29 .22 .26
.20742 
.08403 
.14269

= .11574

R = .34

Perceptual Example:
'1.213 - .245 - .314 ' ".2 O' ’. 12766’

Bx = - .245 1.781 - 1.062 .20 = .08418
- .314 - 1.062 1.813 .21 .10553

[.20 .20 .21
.12766 
.08418 
.10553

06453

R = .25
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