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stantial promise. The various approaches used have included the use of data
relating to the Position Analysis Questionmaire (PAQ) as the basis for de~
riving estimates of the aptitude requirements of jobs, "The PAQ is a struc-
tured job amalysis procedure which provides for the analysis of jobs ia rerms
of 187 job elements, using appropriate rating scales, The ratings on the
individual elements, in turs, cas be used to derive scores on several job
dimensions (techaically these are priscipal components resultisg from the
principal component analysis of PAQ data for a sample of jols.)

T™wo methods of using PAQ-based data have been previously wsed in the jub com~
ponent validity framework. Omne of these consisted of the use of statisti-
cally identified job dimension scores for individual jobs as the direct bLasis
for deriving estimates of aptitude requirements expressed in teyms of soores
on nine aptitude tests. This method proved to be reasonably satisfactory,

+The other method consisted of the wse of ratings.-of the relevance of each of
many human Yattributes? to cach of the individual job elements of the FAD,
This basic procedure consisted of the use of “attribute~based™ data in com~
bination with "job analysis" data for individual jobs as the basis for de-
riving estimates of the aptitude requirenents of the jobs in qQuestion., In
the previous research with this approach a limited nunber of methods were
used in combining the attribute data (the ratings on individual attributes
for the job elements, or attribute dimensions based on these ratings) and
the job analysis data (the ratings of the job elements for individual jobs or
job dimensions based on such ratings). Previous research with such “atiri-
bute-based" data indicated that such estimates were reasonably valid for pre-
diction of the requirements on cognitive tests, moderately valid with per
ceptual tests, but not useful with psychomotor tests.

CTh, = 2 g pns
The present study dealt with the exploration ef Vvarious alternative methods
of combinind the “attributo-based™ data with the "job analysis® data to de-
rive estimates of job aptitude requirements. Special attention was focused
on the prediction of psychomotor test requirements.

Twenty-one methods of combining these two sets of data were investigated.

The findings generally confirm the results of the previous study using such
attribute data in indicating reasonably satisfactory prediction with cogni=-
tive tests, moderate prediction with perceptual tests, and poor prediction in
the case of psychomotor tests. There were however, some variations in the
effectiveness of the different methods in predicting aptitude requirements,
with some of the methods being differentially effective in the prediction of
such requirements with different types of tests.
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INTRODUCT 10N

Since the establishment of the Equal Employment Opportunity Commission
in 1964, the methods and practices used in the selection and validation of
personnel testing instruments have come under increasing scrutiny by both
the fcderal government and persomnel psychologists. The study of personnel
selection instruments is no longer simply an econcmic and scientific
matter, but has, in recent years, become one of social, political, and
judicial importance.

With the precedent set by the Griggs vs the Duke Power Company
(Supreme Court, 1971), the personnel psychologist is no longer faced
simply with devising test batteries which seem to work relatively
well, He must now also be on a position to pregent evideace
regarding the validity of these tests which is thorough enough to
permit judgements by the courts as to the ability of tne tests to
make predictions concerning the future work behavior of employees
(Fincher, 1973).

Probably the most widely accepted means by which the personnel
psychologist can obtain such “evidence™ is through the use of criterion
related validation procedures. Criterion related validation involves
the determination that a significant relationship existe between
(1) a predictor or set of predictors, e.g. scorez on sore type of
test(s), and (2) a criterion, e.g. some cbjective seasure of performance
such as the number of units produced per hour, or a =ore subjective
measure of performance such as supervisory ratings. If criterion related
validity is established, one would find that those indivicduals who
have high predictor scores, do, in fact, show higher lavels of job
performance than do pcrsons who have low scores on the predictor. Thus,
such a predictor or set of predictors would b2 considered to provide

valid estimates of the future job performance of job candidates.




Though empirical criterion related validation procedures might
be the most desirable approach for evaluating personnel selection
instruments, Balma (1959) notes that such traditional validation poses
a number of practical problems for the industrial psychologist. Among
these are:

(1) too few pecople on a particular job to carry out an empirical

study,

(2) insufficient time for use of the “follow-up™ method of validation

and at the same time resistance of employees and unions to the

“present cmployee method" of validation,

(3) great variability of job content of jobs with the same title,

(4) a rapid rate of change in job content within a given job,

(5) an increased number of jobs necessitated by autorazation

and computerization,

(6) a shortage of professional personnel to carry out an

empirical study, and

(7) the time and cost involved in a traditional validation study.

As a result of the difficulties caused by these and other problexs
associated with the use of traditional validation procedures, a nucber
of authors have suggested that an alternative approach to validation,
based upon the use of job analysis data, be used in those situations
where empirical, criterion related validation procedures are
impractical. Lawshe (1952) introduced this alternative into the
psychological literature under the name of “synthetic valdity."
Lawshe used the term to denote the "inferring of valididty in a
specific situation." Balma (195%) expanded lLawshe's definition somewhat
by stating that synthetic validity refers to an "inferring of wvalidity
in one situation from a logical analysis of jobs into their elements,
a determination of test validities for these elements, and corbination
of element validities into a whole." McCormick (1959), referring to
the concept as "indirect validity," notes that such a process requires
the validation of tests or other predictors on jobs which have certain

characteristics in common, and the extention of these validities to

similar jobs. McCormick has subsequently renamed the concept "job




component validity" in the hope that this would alleviate any confucion
caused by the term "synthetic validity"---it ig, after all, not the
validity which is synthesized, but is, instead, the test battery

which is established by synthetic means.

Job Component Validity Methodology

A number of methodologies have been developed for use with the
concept of job component validity (Balma, 1959; Drewes, 1961; and
McCormick, 1974). Each of these methodologies has certain advantages
and disadvantages associated with it.

Twe methods, in particular, have teen used with the Position
Analysis Questionnaire (PAQ) (Jeanneret and McCormick, 1969; and
Mecham, 1970). The PAQ is a structured job analysis instrument which
provides for the analsyis of individual jobs in terms of cach of
194 PR job elemonts. Most of the job elements provide for use of

6-point ratings scales of the rzlevance of the job elemants to

indiviaval jobs. One of the mcthods consisted of the use of "job
analysis" data as the basis for deriving estimates of the aptitude
requirecrnents of individual jobs. As applied to any given job, tnis
app:roach coasisted of the usc of scores for the job on several
"job dirwnsions" as the direct basis for deriving estimates of the
predicted "mean test scores" of a sample of job incumbents. These
predictions are made in terms of the nine tests of the General
Aptitude Test Battery (GATE) of the United States Training and
Employment. Service. The job dimensions used in this approach are
actually componentc resulting from the principal compcenents analysis
of PAD data for a sampie of jobs.

Rescarch thus far has indicated thac this particular appraoch
has wvorked relatively well in predicting aptitude requirements, and
thus would seem te have considerable utility in terms of the concept
of job component validity. Mecham (1970), however, has made the
curmont that this approach does not provide very much "flexibility"
in an operational sense, and has svggested that other possible

methods might provide arcater operational flexibility.




The second job component validity method that has been explored

with the PAQ is based on the use of “"attribute data" as related to the
job elements of the PAQ. The basic attribute data consist of the rated
"attribute requircments” of the QAQ elerents, such ratings having been
made by psychologists for each of 49 “aptitudes™ and 27 “situational™
variables that have been considered to be potentially relevant to
the world of work. (The situational variables consist of descriptions
of work situations to which job incumbents presumably have to “adjust,"
such as "varied duties,"” "dealing with people,” and " working alone."
They are considered to have implications in terms of personality,
temperament, and interest factors.) The median ratings on these
attributes for any given job element comprise an "attribute profile*
for that attribute. Given a particular job, it has been postulated
that the use of "attribute-based" data in combination with “job
analysis" data might serve as the basis for “building up™ an estinate
of the total aptitude requirements for the job in question. Such
a combination has iavolved the use of ratings on individual attributes
and of "attribute dimensions" based on these ratings, and of ratings
(for individual jobs) on the job elements and "job dimensions™
based on such ratings. y

While such an approach would appecar to be potentially useful
as the basis for deriving estimates of aptitude requirements of jobs
in a job component validity framowork, the results of a previous
investigation (Mecham, 1970) have not been particularly encouraging.
Although this approach was reasonably satisfactory in estimating
requirements of cognitive abilities, and moderately so for perceptual
abilities, it was not effective in estimating psychomotor requirements.
In exploring such an approach, however, there arc various ways in
which the "attribute-based" data and the "job analysis" data might
be combined to derive a "composite" estinate of reguirements of various

human attributes for individual jobs.

Purpose of the Present Study

The present study was directed towardas the further exploration

of the use of attribute ratings as the Losis for establishing the




job component validity of tests, in particular by using different
methods of combining “attribute-based" data with “job analysis*

data to form estimates of the aptitude requirements of jobs. The
primary focus of this study rolat;d to the use of attribute data for
deriving estimates of requirements for psychomotor tests, since the
previous use of attribute data with such tests had proved to be

ineffective.




METHOD

Several distinct methods of arriving at job ability requirements
were explored. However, in all cases, the same job sample and criteria
were used.

Job Sample
The sample used in the present study was identical to that used

in an earlier investigation involving the Position Analysis Questionnaire
and the estimation of job ability requirements via the job component
validity paradigm (Marquardt, 1974). The original data pool consisted of
over 8000 jobs for which PAQ analyses were availible. From this pool,

659 jobs were selected for which the U.S. Training and Employment Service
(USTES) had normative and validity data on the GATB availible. These

659 jobs actually represent 659 positions on 141 distinct jobs

which in turn represent 125 different sets of GATB normative and validity
data. The redution from 141 to 125 is a result of the fact that the

USTES had previously determined that certain jobs were essentiaily the
same in terms of their basic characteristics, and were thus collapsed

together in the reporting of the GATB data.

Criterion Data

Validation of a procedure used as part of a job component validity

paradigm would ideally require the following:

(1) empirical data indicating the types and levels of abilities
necessary to perform each of the activities included on
a job analysis device,

(2) a job analysis which indicates the degree to which each of the
activities incorporated in the job analysis device is involved
in the performance of any job,

(3) a method by which the job analysis and ability data can be

combined to estimate the specific ability requirements of any

job, and




(4) some form of objective data representing the actual ability
requirements of the job with which to compare the ability
estimates derived in step #3.

In the present study the “objective data™ mentioned above were
in the form of the General Aptitude Test Battery normative and validity
data which h.d been collected by the U.S. Training and Employment

| Service. Such data had been collected for 450 distinct jobs. These-:
data include several thousand positions distributed over a large
number of companies. The data were collected as part of concurrent
validation studies, and thus these GATB scores represent the scores
of incumbent employees who had not been seclected for the job as a
result of their test scores.

The primary assumption underlying the use of these data to
represent the actual ability requirements of a job, is that employces
tend to "gravitate" into those jobs on which they can achieve some
reasonably successful degree of performance (McCormick and Tiffin, 1974).
Shartle (1959) and Blum and Naylor (19%68) report data which seem to
lend some support to this assumption. This assumption implies that,
for any GATB test, the normative and/or validity data of the incumbent
employees on various jobs represent the rclative importance to the
job of that quality which is measured by the test. To the extent
that the GATB data have not been influenced by the preselecticn
procedures used by the companies involved, and to the extent that the
employees have indeed gravitated to jobs in which they can perfcrm
successfully (and thus mean scores based on these incumbents indicate
the level of various aptitudes necessary for successful performance),
then the GATB data do represent the "actval' ability requirements of
the jobs in the sample.

In the present study three different criteria based on availibie
GATB data were used. The first criterion used to evaluate the
predictive effectiveness of the variocus component validity procedures
used in estimating job ability requirenents was the mean score on
each of nine tests of incumbents on cach of the jobs in the sample.
These tests were thcse of the Gereral Aptitude Tests Battery (GATB)
of the United States Training and Employment Service. (These tests
are as follows: G, general intelligencs; V, verbal ability; N, numerical

ability; S, spatial ability; P, form porception; @, clovacal ability;




K, motor coordination; F, finger dexterity; and M, manual dexterity.)

Since one might suggest that a mean score on a GATB test of incumbents
on a given job does not adequately represent the minimum level of an
ability necessary for successful, job performance, a second criterion
was utilized. This criterion was, in effect, a “potential cutoff"

score one standard dcviation below the mean of the incumbents on a job.
Such a value might then represent a more minimum level of an ability
necessary for job performonce. The third criterion used was the validity
coefficient associated with cach of the tests of the GATB. The validity
data provided a conceptually different source of criterion data as

compared to the other two crtieria.

Data Used as Predictors

In the previous scction concerning the criteria used in the
study, four steps werc stated as necessary to establish the validity of
a particular method for estimating the ability requirements of a
paricular job. Step 1 through step 3 involve those procedures necessary
to develop predictors under the job component validity paradigm.

As indicated carlier, ratings concerning the types and levels of 76
human "attributes" nccded to perform each of the job elements of the PAQ
were obtained as part of an carlier study (Marquardt, 1972). Between
8 and 11 raters rated cach attribute. The median rating of each attribute
as related to each of the PAQ job elements was used to represent the level
of the attribute necessary to perform the particular activity denoted by
the job element.

For each of the 659 jobs in the sample, there were availible FAQ
analyses which indicated the degree to each each of the job elements
of the PAQ was involvid in the performance of the job. In certain methods
used in the study, ratlicr than using the ratings on individual PAQ
elements to rcprescnt the various levels on cach activity, the individual
ratings were tiyunsformed into job diwmension scores which indicated the
degree to which a particular category of behaviors (dimension) was
necessary to porfori the job in question.

The primury purpose of this study was to explore the potential use

of various methods 1y which job analysis data could be combined with the

attribute data to provide cstimates of the ebility levels necessary for




successful job performance. (Note that, in general terms, the “attributes™
and "abilities" dealt with in this study are more technically referred

to as "aptitudes.") As part of the initial phase of this study, 17
different approaches were used to collect info.mation for use in estimating
the ability requirements of jobs. These 17 approaches actually represented
21 distinct methods of deriving job ability requirement cstimates.

Of these 21 methods, 16 derived estimates in terms of individual human
attributes. Thus they would give us scores in terms of such attributes

as "verbal comprehension" or “"static strength." The other three methods
yielded scores on "attribute dimensions" rather thon individual attributes.

The various methods used in this study arc discussed below.

Cross-product methods ucing individual P20 ratings and attribute data.

Conceptually it would secem reasonable to suggest that (1) given a particular
attribute which has been judged to be of a specified level of importance

to a job element, and (2) given thut each such job element has been rated

as to its importance to the job, thien by corbining these two ratings,

we could get some indication cf the degree of importance a particular
attribute has for a given job. Multiplying these two forms of information

as relating to any individual job would scem to be a logical way to
"combine" these data. Assuming that such cross-product scores are

meaningful when considering a single job clcment and attribute combination,
the question then ariscs &s to how one micht evaluate the importance of

a specific attribute when & number of job elemcats are involved in the job.

For each of the 659 jobs in the sarnle, three cross-product matrices
were computed, and information from ecach of these was used as the basis
for estimating the job ability reqguirements of each job. For any given
job, the first such matrix (FULLXT) consicted of the cross-products (XP's)
of the job analysis ratings on 182 job UJPI?HlS] as related to the job,
and the median ratings on each of those c¢lements on 42 aptitudinal attributes.

Table 1 presents example derivations of the FUILMD matrix as well as

the other two matrices, using five hypothetical job elements and four

attributes.

1 Twelve PAQ elements were cnritlcd becavac they varve “open-ended" orx
because they dealt with pay/incom:.

i
s




10

For cach of the 659 jobis in the sample, there existed a FULLXP
matrix computed for 182 job elements and 49 attributes. Using this matrix,
the following information was obtained on cach job for each attribute:

=--Method 1, the sum of the,cross-prodicts (SUMXP)

==Method 2, the mean of the cross-prc¢ducts (HEANXP)

~=-Method 3, the number of XP's above the grand mean XP where

the grand mean XP= ItthP/N, where i=1,...182 job elements,
j=1,...659 jobs in the sample, and N=182 X 659 (ABOVE)

-=-Method 4, the number of XP's below the grand meun (BELOW)

~-Method 5, tiie ratio of ABOVE/BELOW

--Method 6, the percent of XP's which fell iuto four of five quintiles

where quintile 2 (6a)= 5.5-10.0 (FCT 2); guintile 3 (6a)= 10.5~-
15.0 (PCT 3); quintile 4 (6¢c)= 15.5-20.0 (»CT 4); and
quintile 5 (6d)= 20.5-25.0 (PCT 5)

~-Method 7, the sum of the XP's only for thorc attribute-element

pairings where the PAQ job analysis ratinog- 5.0 (SUMS5)

--Method 8, the mean of the XP's only for thore altribute-element

pairings where the PAQ job analsyis ratin7- 5.0 ((IEANS).

A second cross-product matrix (R1XP) was also ccm-uted for each of
the jobs in the sample. This matrix was, in cffect, an ¢hraviated
version of FULLXP. In computing the RIXP matrix, crosc-producte were
obtained for a particular attribute-clement pairing only if the PaQ
job analysis rating for the element involwved was above a cpecificd

value. This value was the mean job analysis rating for t!: t eclenent

as computed across all 659 jobs in the sample. In Table 1 the mean
ratings for the five hypothetical job elerents are 2.5, 2.0, 1.5, j
1.5, and 4.0 respectively. Using this matrix, the ifcllo.ing information
was obtained on cach job on each attribute:

--Method 9, the sum of the cross-products (R1SUM)

~=Method 10, the mean of the cross-products (M1107,

The final cross-product matrix (R2XP) computcd for «ach job was
a further abbreviation of FULLXP. In computing R2XP’ rYoxr c.=h jab,
minimal standards were set for both the attribule roting 1 the Sob
analysis ratings before a cross product was actually coi fod. 1he standard
used for the job analysis ratings was the cara as thol ic: Uhee RINP matrix,
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while the standard set for the attribute ratings was the mean

rating for each attribute across all 182 PAD job elements used in
the study. For the four hypothetical attributes included in Table I,
these mean ratings are listed horizontally in the R2ZXP portion of

the table. They are 2.0, 1.0, 2.0, and 2.5. The cross-product between
a particular attribute-element pairing was computed only if both
element and attribute ratings met the specified standards. From this
R2XP matrix, the following information was obtained on each job on
each of the 49 attributes:

--Method 11, the sum of the cross~products (R2SUM)

--Method 12, the mean of the cross-products (R2ZMEAYN)

-=Method 13, the number of XP's actually computed (R2NUM).

The rationale behind the use of these three types of matrices
is relatively straightforward. Information obtained from the FULLXP
matrix represents estimates of job ability requirements which
conceptualize ability levels as being influenced by the level of a
particular attribute on cach of the 182 job elements of the PAQ
(information obtained only when PAQ ratings= 5.0 is an exception to
this statement). R1XP represents a method by which estimates of job
ability requirements are made on the basis of information relatéd to
only the most important elements in the job. Ability levels required
for the performance of unimportant job behaviors are ignored. The use
of the final matrix, R2XP, takes into account the fact that, while
particular abilities might be needed at some minimal level in order
to perform most activities (and thus most individuals posses at least
this minimum level), only when the level on a particular job exceeds
this value, does this ability for that behavior enter into the
estimation of job ability requirements.

Methods using attribute dimension data. Two sets of Q-type

attribute dimensions were used in the present study. Marguardt (1974)
extracted 23 attribute dimensions based upon a Q-type principal

components analysis of the elements in cach of the six major divisions
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of the PAQ and the ratings of these elements across 71 aptitudinal and

situational attributes. As part of the present study, a new set of 17
aptitudinal attribute dimensions were developed using a procedure similar
to that used by Marquardt (1974) but involving only 49 aptitudinal
attributes. It was felt that such dimensions based solely on aptitudinal
data would provide a better means for predicting the “aptitudinal® tests
of the GATB.

Using these two sets of attribute dimensicns, it was possible
to generate an attribute score for any of the 20 attributes to be used
in the study. Only 20 of the 49 attributes were used directly in
the study since some of the attributes on the original list of 49
did not closely "match" the types of aptitudes tapped by the GATB

tests. The scores on the attributes resulted in a job attribute profile

for any given job. These profiles were genecrated using a three step
procedure:

(1) the development of dimension attribute profiles. For each
of the attribute dimensions (23 or 17) a profile of scores
across the 20 attributes was derived. These profiles consisted
of the component scores of the 20 attributes as derivgd from
loadings of the job elements on the dimensions. The result
of this process was that, for each of the 23 or 17 dimensions,
there existed a quantitative value for each of the 20 attributes,
these values being considered as comprising the attribute
profile for that dimension,

(2) the development of job dimension scores. Attribute dimension
scores were derived for each of the 659 jobs in the sample
on each of the 23 or 17 attribute dimensions. These dimension
scores were in effect component scores in which the loadings
of the job elements on cach dimension and the ratings of the
elements as they related to the specific job in question
produced a score which reflected the involvement of the job
in the job elements that dominated that dimension,

(3) the combination of attribute dimension profiles and job
dimension scores. The above procedures give us an attribute

dimension profile for each of the 23 or 17 attribute dimensions

pa—
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an attribute dimeasion profile as well as a dimension score for

any given job on each of the 23 cor 17 dimcnsions. For any given job

a job attribute dimension profile can be derived by taking the job
dimension scores for each job and multiplying these scores across the
values in the appropriate attribute dimension profile, and summing the

resulting cross-product values for each attribute. This was done

for ecach of the 659 jobs in the sample (see Table 2).

Table 2
Example Derivation of Job Attribute Dimension Profiles

Attribute Dimension Attribute Dimension Cross~Product Values:

Dimension Score Profile: Attributes Attributes

1 2 3issa20 1 2 Jesvedl
2 2 1 2 2 10
2 1 3 4 0 2 0 2
23 or 17 5 4 3 2 1 20 15 10 5

job attribute dimension profile= 25 23 20 14

One cct of I=type attribute dimensions was used in the present
study. Marquardt (1973) extracted seven attribute dimensions based
upon an R-type principal components analyvsis of 49 aptitudinal attributes
and the ratings of cach attribute across 182 PAQ job elements. Scores
relating to thece attribute dimensions were used to predict the GATB
criterion data, and werce also used in conjunction with scores on the
Q-type dimcenczione it similar analyses. Dimension scores for these
seven attribute dinensiorns were develorped in a two step process:

(1) the develepment of element dimension values. These values

were, in cffect, the scores of the 182 job elc.ents as derived

from the loadings of each of the attributes on the seven
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dimensions and the median ratings of each of the 182 elements
on the appropriate attributes within each dimension. The
result of this process yiclded a vector of "dimension values®
for each of the 182 P;Q job elements,

(2) the development of attribute dimension scores. An attribute
dimension score was derived for each of the jobs in the
sample for each of the seven R-type attribute dimensions.
These scores were derived by multiplying the PAQ job analysis
ratings across the appropriate clement dimension values for

each element (see Table 3).

Table 3
Example Derivation of R-~type Dimension Scores

PAQ Ratings Element Dimension Values Cross~Product Score:

Based on Analysis for Dimensions: Rating x Value
of Job X 12 3 4.5 8 7 2 2y & Se T
#1 v 2 3 X 0 4 2 0 6 2 0 0,8 4 0
#2 U3 b (B ¢ 1 6 9
#3 U2 3 3 3 4 0 1 2 6 6 6 8 0 2 4
#182 s 0 3 45 4 23 1 2 0 0 0 0 0 0 O

|

dimension scores= 15 11 12 14 14 15 7

The Combination of R-type and Q-type Attribute Dimension Data

The 17 new Q-type attribute dimensions were combined with the

R-type attribute dimension data to form job attribute dimension values.

The job attribute dimension values resulted from a combination of

the loadings on the PAQ job elements associated with the Q-type attribute
dimensions and the elcment dimension values as derived for the seven
R-type attribute dimensions (sece Table 4). The attribute dimension

values were then multiplied by the appropriate Q-type attribute

—




dimension scores and were then summed for each of the seven R-type

dimensions across the 17 Q-type dimensions to form a set of job attribute
dimension values.

Table 4
Example Dorivation of Job Attribute Dimension Values

—————

Dimension X Elcment Dimension Cross-Product Values:

PAQ Element Values: Dimensions Dinensions

Loadings 1 2 3 4 5 6.7 1 2 ;| B S 6 7
#1 0.5 3 X0 2 0 1.5 0.5 0.0 0.0 2.0 1.0 0.0
2 0.1 1 2 0 0.1 0.1 0.2 0.4 0.0 0.3 0.1
LE] 0.9 2 2 3 0 0 1.8 1.8 2.7 0.9 0.9 0.0 0.0
#182 0.6 5 % 3 X 9 0D 3.0 0.6 1.8 0.6 0.0 0.0 0.0

attribute dimenzion valucs= 6.4 3.0 4.7 1.9 2.9 1.3 0.1

for dimension X

The use of the attribute dimension data provided us with information
based upon much larger units of worker behavior than did the use of
individual PAQ job analysis ratings and attribute ratings. From
these attribute direncions the following data were used as estimates
of the job ability requirements for each job in the sample:

-=Method 14, job attribute dimension profiles based upon

(14a) Marcquardt's 23 attribute dimenzions, and (14b) the
new 17 attribute diwonsions

-=Method 15, di:ension scores based upon the 17 new dimensions

-=Method 16, dim nsion scorcs on the seven R-type dimensions

-=Method 17, job aitribute dimension values based upon the combination

of the 17 new y-type ond seve R-type attribute dimensions.




The methods of estimation used in the present study can be
viewed as representing essentially four different “"models" for estimating
job ability requirements, Two of the models are concerned with "how much"
information is to be used in deriving ability requirement estimates,
while the other two models zelaté to the complexity of the information
used for making such estimates. In the first case one might conceptualize
ability requirements as being determined by the degree to which a particular
ability is required for each of the various work behaviors represented
on the PAQ. Viewing the matter in such a way would imply that ability
requirements are a result of a cumulative process. Given the 182 job elements
of the PAQ, whether or not a particular ability is needed for successful
job performance depends upon the "cumulative" importance of that ability
acruss all of the PAQ job clements. This would represent the “cumulative"
model of job ability requiroments.

One might also suggest that ability requirements depend
instcad, upon the level of a particular attribute which is nccessary
for only those work behaviors which have been judged most crucial to
the job. If for instance, one has a job in which the only important

job behavior is "using written materials," the degrec to which

various attributes (e.g. verbal comprehension or finger dexteraity)

are necessary for successful job performance would depend upcn the

degree to which the various attributes are necesssary in using

of the other 181 job elements. This would represent the "critical behaviors
only" model for estimating job ability requirements.

Another aspect associated with the estimation of job ability
requirements is the degree to which "micro" versus "macro" information
about the jobs are used as the source of that estimation. In the
present study, "micro" sources of information refer to the data for
the individual job element ratings and the individual attributes
as related to these job elements for the estimation of job ability
requirements. The most commonly used method for combining thcse two
sources of information has been to compute a cross product (XP) between
the individual element job analysis rating and the attribute ratings
associated with each element. This method was used in the present study.
The inforration gained from the use of such cross products is "micro"
in the sense that we are dealing with specific element-attribute

pairings representing specific work behaviors.
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On the other hand, job @nalysis and attribute dimcnsion scores
provide us with a form of “macro" information in that such dirmensions are
concerned with much more general classes of work activities., Provious
studies using PAQ data in a job gomponent validity paradigm have tenced
to rely heavily upon macro sources of job information, while the use of
micro information might well provide the greatest long term benefits.

The present study tested the relative effectiveness of micro and macro
sources of information for use in the estimation of job ability requirements.
Appendix A presents - the 21 distinct methods of estimation used in the
present study, as well as the "model" they represent, the abbreviation

for each method used in this report, and a brief description of each

method.

Phase I---Initial Analyses

Twenty of the 49 aptitudinal attributes were selected for use
in the initial phase of the analysis. Since the GATB tests cover only
a limited number of ability areas, those attributcs which seomed
most closely matched to abilities included in the GATB tosts were
used. The criteria used in the initial phase of this study were
the mean test scores on the nine tests of the GATB, as well as the
potential cutoff scores for those same nine tests. Earlicr rescarch
(Mecham, 1970) had shown that prediction of validity cocfficients was
not particularly successful, and thus it was decided they would be
used as criteria only after a number of the best methods for estimation
had been secleccted.

Scores on the 20 attributes as derived by cach of the various
methods were corrclated with both the mean and potential cutoff scores
for each job on each of the nine tests of the GATE. These correlations
between GATB data and attribute scores were transformed using Fisher's
z-transformation so that they could be compared to one another using
analysis of variance techniques. The GATB tests were then divided into
three categories: (1) cognitive (G, general intelligence; V, verbal
ability; and N, numerical ability); (2) perceptual (S, spatial ability;
P, form perception; and Q, clecrical perception); and (3) psychomctor

(X, motor coordination; F, finger dexterity; and M, manua) dextcrity).

Likewise the attributes were divided into three cimilar catogorics,
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If the methods used to estimate job ability requirements were accurate,
then cognitive attributes should have high positive correlations with
the data from the cognitive GATB tests. Similarly, this relationship
should hold betwcen the perceptusl attributes and the perceptual GATB
tests, and the psychomotor attributes and the psychomotor GATHE tests.
Since it would be possible for a particular method of estimation
to accurately predict cognitive abilities while not doing nearly so
well in predicting perceptual and psychomotor abilites, the various
methods of estimation were compared to one another in terms of
their effectiveness in predicting each of the three separate categories.
Also, multiple regression analysis was carried out in order to compare
the various methods in terms of their multiple correlations. From
the data provided by these initial correlations between the attribute
scores and the GATB test data (this included the multiple correlations
between GATB data and the various attribute dimension scores), a
number of methods which secmed to provide the "best" mecans for
Predicting job ability requirements were seclected for use in the

later phase of the analysis.

Phase II---Use of Validity Data and Adjustment of Critecrion Scores

In phase two of the study, those methods for estimating job ability
requirements which were decmed "best" among the numerous ones included
in the initial phasc were used in conjunction with two "new" criteria.
First, scores derived by thesec nethods for various attributes were
correlated with validity data associated with the nine tests of the
GATB.

Secondly, in phase two an attempt was made to deal with the
problem associated with the critcrion data used in this and previous
studies, i.e. the GATB mcan and potential cutoff scores. Adjustments
were made to the criterion data in an attempt to take into account
the high intercorrelations found between the mean cognitive and
psychomotor GATB test scores. These adjusted scores were then used

as a "new" criterion along with the validity data discussed above.
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RESULTS

An initial phase of the study dealt with the development of
new attribute dimensions based on Q-type principal components analyses
of the six major divisions of the PAQ. Methods of estimating job
ability requirements based upon these and other attribute dimensions,
as well as cross-product date from the individual job analysis ratings
of the PAQ job elements, and individual attribute ratings on these
job elements were used in a job component validity paradigm. The
results relating to the effectivenss of these various methods for

estimating job ability requirements are presented in this section.

Principal Components Analysis Using Aptitudinal Attributes

In developing schemes based upon macro information for use in
estimating job ability requirements, principal components analyses
were carried out with the job elements within each of the six major
divisions of the PAQ. Q-type principal components analyses were:®
carried out using the correlation matrices computed using the 439
aptitudinal attributes and those elements in each of the six PAQ
divisions.

In each of the six analyses, the diagonal elements in the
correlation matrix were set to 1.0, and extraction of components
terminated when the eigenvalues dropped below 1.0. The six analyses
resulted in a total of 17 principal components. Descriptions of the
17 components are given in Appendix B. The job elements which received
loadings on the various components of .45 or greater are presented

in pppendices C,D,E,F,G, and H.

Estimation of Jbb Ability Requirements

A total of 21 diferent methods of estimating job ability
requirements were used in this study. Eighteen of these methods

produced estimates in terms of "attribute scores," i.e. for each of

T TR by AN I IV A o S
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the 659 jobs in the sample, a score was derived for each of the

20 aptitudinal attributes, this score being computed using each of
the 18 methods. Two methods produced estimates of job ability requirements
in terms of "dimension scores." In these cases, for each of the 659
jobs in the sample, there were derived seven dimension scores

(one for each of the seven K-type attribute dimensions). A final
method also resulted in the derivation of estimates of ability
requirements in terms of "dimension scores." However, in this case,
there were seventecen scores derived for each job (one for each of
the 17 new Q-type attribute dimensions). Criteria data used in this
study included the mean test scores and potential cutoff scores of
incumbents on jobs in the sample for the nine tests of the GATB.
Validity coefficients associated with each of the nine tests for
each of the jobs in the sample were also used as criterion data.

Correclational analysis. For 18 of the 21 methods of estimating

job ability requirements, correlations were obtained between the
attribute scores on each job for 20 attributes (Appendix I ) as derived
by each of the 18 methods, and the mean tests scores and cutoff scores
on the nine tests of the GATB for incumbents on each of the 659
jobs in the sample. Three of the twenty-one methods used attribute
dimension data as the basis for estimation of job ability requirements
of the individual jobs, rather than scores on the 20 attributes,
and thus were omitted from this part of the analysis.

In no instance did correlations between attribute scores and
the criterion of potential cutoff scores differ by more than .03 higher
or lower than corrclations between attribute scores and the criterion
of mean test scores. Therefore, in the remainder of this text, data
reported will be only in terms of the mecan test score data. Also note
that in computing mean corrrelations between GATB test data and
attribute scores as derived by the various methods, only those
correlations involving attibutes which were felt to closcly "match”
the individual GATB tests were used in the computation of the mean il
(Appendix I ). This was the case in all of the analyses carricd out as
part of this study. In Table 5 are presented the mean correlations

(Fisher's z-transformation) for cach of the 18 mothods s computed

across all of the tests within ecach of the four major coteygorics of
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the GATB tests, i.e. cognitive tests (3-G,V,N); perceptual tests
(3~5,P,Q); the motor coordination test (1-K); and psychomotor tests
(2-F,M). Since correlations reléting to the GATB test K were considerably
different from the other two psychomotor tests (F and M), the mean
correlations associated with this test were reported separately.

From Table 5 note that while attribute scores derived by a number

of methods correlate relatively well with the cognitive tests,
corrcaltions for the perceptual tests were only moderate, and those

for the psychomotor tests ware extremely low. Correlations associated
with the GATB test K were often negative in direction.

Multiple regression analysis. For all 21 methods, multiple

correclations were computed between predictors (estimates of job
ability requirements) based on the 21 methods, and the criteria of mean
test scores and potential cutoff scores of incumbents on jobs in
the sample for each of the nine GATB tests. Again, due to the similarity
of results between the mean score and potential cutoff score data,
Gata are presented only for the mean score criterion. For each of
the 18 methods which derive prediction scores in terms of the 20
individual attributes, those attribute which seem to most closely
match the abilities tapped by the individual GATB tests were uséd
as predictors in the multiple regression analysis (Appendix J). For
the twvo methods which provide estimates of ability requirements in
terns of scores on the seven R-type attribute dimensions, all seven
of the dimension scores were entered into the equations. The final
method provided ptedictor scores in terms of the 17 Q-type attribute
dimensions, and thus all 17 of the dimension scores were entered into
the regression equations. The multiple correlations (z-transformed)
between the various predictor scores and the mean scores of job
incumbents on each of the nine GATB tests are given in Table 6.
Except for methods PCT2, SUM5, and MEANS5, multiple correaltions
Lotween predictors and the criterion of mean test scores were quite
good for the G and V tests. Multiple correlations based on predictors
from the attribute dimension- data were quite high for the N,S,P,Q,

and K tests. Multiple correlations f the F and M tests across all

methods of estimation were quite lc
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.05
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24
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.26

Talle S
Mean Cotralatbons Botween ot baat
Fas gt rereeta taer fvad iy 10 Methods
f GNED Seoran o€ Pour GREN Toat Cate jueloy
Teat Cabegory
Hothod  Cogultive Porcuptial
SUMKP o -.02 =.21
MEANXP .42 oL 22
ABOVE .09 -.01 =16
DELOW .09 -.01 -.16
ABOBEL .08 -.01 =k7
reT2 -.03 -.02 =09
POT3 12 .08 -.03
pera .14 .08 .04
PCTS #X3 .03 .04
SUMS 0s .07 -02
MEANS .08 .09 .08
RISUM .08 -10 =11
RIMEAN .10 .14 .02
R2SUM .08 -10 =.10
R2MEAN .13 .15 +07
R2NUM .07 .06 -.13
XMJADP .32 .12 23
xM17 .46 .15 -.05
N=659 jobs
*N=617 jobs
Table 6
. Multiple Correlations Betwecn Estimates of Ibility
Requirements Derived By 21 Estimation Methods
and Mean Test Scores of Job Incumbents on Nine GATB Tests
Method G v N s P Q K F*
SUMXP .68 .45 .31 .45 .52 .55 .68 .17
MEANXP .79 .63 .52 .52 .62 .65 .76 .18
ABOVE .71 .78 .26 .29 .39 .65 .30 .08
BELOW 7 .78 .26 .29 .39 .6S .30 .08
ABOBEL .66 .73 .26 .27 .35 .60 .31 .07
PCT2 .28 .10 .08 .27 .33 .23 .17 .1}
PCT3 .56 .47 .18 .33 .32 .34 .37 .09
PCT4 .54 .60 .13 .18 .19 .32 .20 .13
PCTS .65 .66 .38 .06 .14 .35 .21 .04
SUMS +33 .35 .11 .10 .11 .10 .18 .10
MENANS .20 .29 .21 .14 .17 .16 .13 .12
RISUM +62 .62 .11 .28 .23 .40 .4l .15
RIMEAN .60 .58 .16 .22 .29 .40 .41 .17
R2SUM +59 .58 .11 .29 .28 .44 .48 .l6
R2MEAN .60 .52 .12 .30 .31 .37 .60 .12
R2NUM «46 .44 .11 .31 .30 .46 .63 .21
XMIADP .60 .65 .48 .45 .62 .00 .73 .09
XM17 76 .71 .52 .56 .65 .51 .B1 .16
NEWL? «89 .93 .49 .73 .69 .05 .87 .26
SADAP .81 .89 .63 .60 .63 .79 .81 ..o
RADAP «83 .91 A} .65 .65 .76 .79 .19

.23

NeK59 Jobw
* NeG17 joba
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Comparison of "cumulative" vs "critical behaviors only" methods

of estimation. As described earlier, those methods using data from

the FULLXP matrix (except SUMS and MEAN5) represent a model of
predicting the required level of any given ability for a particular job
as being influenced by the cumulative importance of that ability

across a large number of job elements. Those methods based on data

from the matrices RIXP and R2XP (as well &< SUM5 and MEANS) represent

a model for predicting job ability requirements which views the
requirements as depending upon the importance of a particular attrilbute

only as it regards the most critical work behaviors found on the job.

The methods were divided into two groups according to this

distinction. Using individual correlations between attribute score:s

as derived by the various methods on cach of the 20 aptitudinal attributes

and the mean test scores of job incumbents on each of the nine GATB
tests, a one way analysis of variance was carried out between the two
Groups for each of the four conceptual divisions of the GATEB (cognitive,
perceptual, motor coordination, and psychomotor). The results of this
analysis are given in Table 7.

The mean correlation between cognitive attribute scores and
cognitive GATB test data for all the jobs in the sample as based upon
the cumulative methods of estimation (;5.16) was significantly higher
than that based upon "critical bechaviors only" methods (x=.09).

The reverse was the case when considering the relationship betwcen
perceptual attribute scores and perceptual GATR data. Mdmittedly,
the statistical significance of the mean differences is duc largely
to the sample sizes involved. Practical significance is lacking in
both instances. Neither cumulative or critical behavior methods
adequately estimated ability requirements for the psychomotor tests
data (F and M), and both models of estimatién produced negative mean
correlations when considering the GATB motor coordination test.

In an attempt to clarify the above inconclusive results, a one-
way analysis of variance was carricd out between the two models of
estimation, this time using the multiple correlations on the mean scores
of the GATB test for the various methods in each of the two models
as the basis of the analysics. The results of the analsysis are presented
in Table 8. When considerina the nultiple correlctions across ail nine
GATB tests, the two models of prediction were nct usignificantly
different.




Table 7

ANOVA Based Upon Mean Correlations for

"Cumulative" and "Critical Mechaviors Only"

Models for Deriving Job Ability Requirement Estimates

t GATB Test Cumulative Critical
Categories Mean SD N Mean SD N df  F-ratio P

!
Cognitive .16 .18 216 .09 .08 168 1,382 22.47 .01
Perceptual .02 .14 162 - 10 .12 126 1,286 27.08 .01
Mot. Coord. -.11 <15 524 =02 JLY 42 " 1, 94 8,77 .01
Psychomotor .04 .05 108 .00 .04 84 1,190 8.02 .01

Tablc 8

ANOVA Based Upon Multiple Correlaticens for

"Cumulative" and "Critical Lchaviors Only"

Models for Deriving Job Ability Rcquirement Estimates

Treatment group:

Cumulative

Sample size: 81
Mean: .36
SD: e 22
Source SS daf
Between groups w k31T il
Within groups 5.7205 142

Total

5.8582

Critical Behaviors Only

63
.30
silel
MS B
«Li3L7 3.2647 NS

.0403




Comparison of "micro" vs "macro" sources of job irformetion.

The cumulative and critical behaviors only methods used in the above
analysis represent "micro" sources of job information. In contrast to
such methods are those "macro" metiniods of estimation based upon
attribute dimension data. These two groups of methods, i.e. micro vs
macro methods, were compared as to their relative cffectiveness in
estimating job ability requirements. For each method in each of the
two groups, there had been obtained multiple correlations between the
predictors derived by each particular method and the mean test scores
of incumbents on the jobs in the sample for the nine tests of the GATB.
These multiple correlations were used as the basis for'a one-way
analysis of variance between the two groups. The rcsults of this

analysis are given in Table 9.

Table 9

ANOVA for "“Micro" Methods and "Macro" Methods

of Estimation of Job Ability Requirements

26

Treatment group: Micro Method Macro Mathods
Sample size: 144 45 «
Mean: «33 .61
SD: .20 .21
Source SS daf MS E
Between groups 2.74 1 2.74 60 3LEE
Within groups 8.50 187 .05
Total 11.25 188

** p less than .01

When considering all nine tests of the GATB, there was a very
dramatic difference between the two groups. Methods based upon macro
sources of job information did significantly bettcy than those using
micro sources of job information. However, neither group did well in
predicting the job ability requircments associated with the T and M

tests of the GATB.




Selection of methods for use with validity data and adjusted

mean test scores. Only those methods for which scores on cach of the

20 individual attributcs could be obtained were considercd for use in
Phase II of “he analysis, in which validity data and adjusted GATB

test score data were uscd. It was originally anticipated that such
methods would have a greater long term benefit in terms of the
flexibility and scope of uny opcrational system using the job component
validity paradigm. Since it had already been shown that there were,
indeed, differcnces among the various methods in terms of their
effectiveness in estimating job ability requirements, Newman-Keuls

tests for the differences betwecn all posible pairs of means were
carried out for each of the four conceptual categories of the GATB data.
The mean correlations between the attribute scores and the mean scores
of job incumbents on the nine teuts of the GATB were used as the basis of
these analyses. The results of these analyses are given in Tables 10,
11,12, and 13. Four methods, R2HEAN, MEANXP, XMJADP, and XM17, were

found to consistently rank ncar the top of the list of 18 methods in
terms of their mcan correlations in each of the four test categories, and
were in many cases significantly different from those methods ranking
below them. As a result, these four methods were selected for use in
Phase 1I.

Prediction of validity cocfficients. Correlations between scores

derived on the various attributes and the criterion of validity
coefficients for each of the sample jobs associated with the nine GATB
tests were obtaincd. Mean corrclations for the four methods of estimation
in terms of the four catcgesries of the GATB tests are presented in

Table 14. The mean correlations wore extremely low, thus indicating that
no method had potential utility for predicting the criterion of

validity coefficients.

Adjustment of critcrion data. In order to take into account the

rather high intercorrelations l.clween the mean GATB test scores of
incumbents on jobs used in the cmuple, a method was nceded which would

enable us to determine the degico to which these high intercorrelations

had resulted in the mean tst scores being inflated (or perhaps deflated)
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Table 14
Mean Correlations Between Attribute Scores and the Criterion
of Validity Coefficients for Four Mcthods of
.

Estimation on Four GATB Test Catecgories

GATB Category

Method Cognitive Perceptual Motor Coordination Psychomotor
XMJIADP .08 .03 -.04 -.12
XM17 .10 .06 ~-.06 -,05
R2ZMEAN .06 .07 -.03 -.03
MEANXP o o o -.06 .02

from what they would have been had the intercorrelations of the mean
test scores had becen relatively the same as those for individual test
scores (Table 15). Ta do this, two sets of regression equations were
calculated for each test of the GATB, with thc other eight tests being
used as predictors of the particular mean test score. One sct of
equations was computed using the intercorrelation matrix of the mean
scores on the GATB tests as calculated from the sample data on 659 job.
The second set of equations was computed using the intcrcorrelation
matrix as calculated from the "population" data based on test scores
of individuals on approximately 23,000 jobs. Thus for each GATB test
there existed a sample regression equation and a population regression
equation made up of the beta weights for the other eight tests being
used as predictors (see Appendix K).

For each of the 653 jobs in the sample, predictions on the motor
coordination, finger dexterity, and manual dexterity test scores
associated with that job were made, one using the sample regression
equation and the other using the population regression cquation. A

"difference" score was calculated between the two predictions for each




Table 15

Population and Sample Test Score

Intercorrelations for Nine GATB Tests

Population data: individual test score, N=23,000

Test G v N S P 0 K F M
G 1.00

v .84 1.00

N .86 .67 1.00

S .74 .46 B3 1.00

P .61 .47 .58 <59 1.00

o) .64 .62 .66 .39 .65 1.00

K « 36 3 .41 .20 .45 S ! 1.00

F #25 =17 .24 .29 .42 =32 <37 ES00

M +19 .10 =21 «21 <31 .26 .46 D2 1.00

Sample data: mcan test scores for incumbents, N=659 jobs

-3
o
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(a2
Q
<
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job on each of the three tests. The actual mean test score for a
given job on a given GATB test was adjusted upwards by that amount

if the sample prediction was less than the population prediction,

or was adjus*ed downward by that difference if the sample prediction
was higher than the population prediction. Correlations between
attribute scores and the adjusted GATB mcan test scores were obtained
in a manner similar to that used in the initial correlational analysis
using the unadjusted means. Presented in Table 16 are the mean
correaltions for the four estimation methods used in Phase II, in

terms of both adjusted and unadjusted mean test scores.

Table 16
Mean Correlations Between Attribute Scorzg and the
Criterion of Adjusted and Unadjusted Mcan Test

Scores on Three GATB Tests

Test

K 4 M
Method Adjusted Unadjusted Adjusted Unadjusted Adjusted Unadjusted

R2MEAN .10 .06 .04 .08 .07 .08
MEANXP ~-.08 =21 .14 .09 12 .12
XM17 ' .04 =.05 .10 .11 «11 -.04
XMJADP .13 el C_ta 2 | -.03 -.03 -.04

Note that no significant improvement in the ability of the
four methods to cstimate job ability requirements was obtained. In
some cases, mcan corrclations with the adjusted criterion data were

lower than for the unadjusted data.
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DISCUSSION

There are a number of possible apprcaches that one might take
in operationalizing the concept of job component validity. The present
study used an approach which involved the use of "attibute data” (that
is, the ratings of attributes on job elcments associated with the
Position Aanalysis Questionnaire) as the basis for estimating job ability
requirements. Various methods for utilizing the attribute data were
employed in the present study. The results of this study indicated,
however, that the use of such attribute data probably would have
somewhat restricted utility for the job compcnent validity paradigm

Though prediction of the "cognitive" ability requircments was
quite respectable, the prediction of the perceptual abilitics was only
moderate, and the prediction of the psychomotor abilities was very
poor. Ther are a number of indications, however, that certain of the
findings of this study might be attributed to dcficiencies in the
specific predictors and criteria used, rather than to the basic
approach of using attibute data for the estimation of job ability
requirements as they might be used in the job component validity

pardigm.

Cumulative vs Critical Behaviors Only Models of Estimation

When using attribute data as the basis for making estimations
of the ability requirements of jobs, onc might distinguish betwcen
two models for combining such data into appropriate estimates. In one
case, the ability requirements of jobs are assumed to be influenced
by the cumulative i-portance of a particular ability across all of
the various work be.. .iors [in this casc¢ represented by the job
elements of the PAQ) which one might find associated with the job.

In connection with such a model, some of the behaviors included in

such a list would be considered essential to the job while others would




34

be considered to be of only tangential relecvance to the job.

According to the cumulative model, regardless of the magnitude of

the importance of a particular behavior, the ability level needed

to perform that bchavior would potentially influence the overall level
of that ability nceded for the job.

On the other hand, onc might view ability requirements in terms
of the hcritical behaviors only" model. Under such a model, the overall
ability level required on a specific job would be determined solely
by the level of that ability associated with only the most important
behaviors which coiprise the job. The distinction between the two
models of ability requirements seems clear, and the relative effectiveness
of the models in estimating job ability requiements across a large
sample of jobs was tested as part of the present study.

For the sample of 659 jobs, when considering the prediction
of ability requircments across all nine GATB tests, neither model
proved to be very cffective. The average multiple correlation for the
cumulative model methods across all nine GATB tests was .36, while
the averagc multiple cerrelation for the “"critical behaviors only"
methods of estimation was .30. This indicates that cumulative methods
of estimation offcr a slight, though not statistically significant,
advantage over the "critical behaviors only" methods in estimating
job ability requircients. The fact that those methods using job
dimension scores for estimating job requirements were basically
cumulative in nature, and that such methods tended to be superior
to all other methods of cstimating job ability requirements (i.e. those
methods which did not involve the use of dimension data), lends
further support for the use of cumulative rather than “critical behaviors
only" methods. One should note, however, that, by definition,
the "critical behaviors only" methods tend to restrict the range of

the predictor scorces, and thus correlations obtained from the use

of these scores might. wi:l] be lower than they "should" be.
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Micro vs Macro Methods of Estimation

The various cstimation methods used in this study could also
be divided into two distinct groups according to the type of job
information upon which they base their estimates of job ability
requirements. A number of the methods used "micro" sources of job
information in that they based tlieir estimates of the ability
requirenents of a particular job upon scores derived from the
individual PAQ job element ratings obtained for the job, and the
individual attribute ratings associated with each of those job elements.

On the other hand, scveral methods used "macro" sources of
job information in which cstimates of ability requirements were based
upon scores derived from various Q-type and R-type job attribute
dimensions. The Q-type dimensions were based upon principal components
analyses of the six major divisions of the PAQ, and grouped fairly
large numbers of job e¢lements into single categories, i.e. dimensions.
The R-type dimensions werc based upon R-type principal components
analyses of the 49 aptitudinal attributes associated with the PAQ,
and grouped these irdividual attributes into larger ability categories.
Due to the grouping of individual job elements and attributes into
larger categorics, the Q-type and R-type attribute dimensions represent
macro sources of job inforiation.

The present study provided strong evidence in favor of the
use of methods which utiliz: macro sources of job information in
deriving estimates of job ability requirements. As contrasted with
the micro metheds of estimition, one might suggest that the effectiveness
of such methods for predicting job ability requirements was partially
a result of the criteria uned in the study. Certain of the GATB tests
used as criteria appear to ropresent "complexes" of abilities rather
than single, pure abvilitics. ror cexomple, the test of gencral intelligence

includes subtests concernced with "threce dimensional space," "vocabulary,"

and "arithmetic reazon.'" Similarly, the numerical aptitude test, N,
contains both "computatic ." ond "arithmotic reason" subtests. Thus
macro mcthods of catirvat« - job anllity requirements might, in certain

cases, be better suited f cdicting complexes of abilites represented
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by some of the GATB tests due to the fact that macro methods are based

upon broader sources of job information. Micro methods, due to the specific
nature of the informaticn involved with these methods, might be less suited
as predictors of the more complex GATB tests. The nature of the respective
methods might also affect the relative reliability of the two, with the
aggregate of information included in the macro methods adding to the
reliability of scores based upon such data, thus increasing the

correlations associated with macro methods of estimation.

Prediction of the Various Criteria Used in the Study

Three criteria associated with the GATB tests were used in the present
study. They were: (1) mecan GATB test scores for job incumbents; (2) potential
cutoff scores (i.e., for any job, this was the score one standard deviation
below the mean test score of job incumbents on each of the GATR tests);

(3) the validity coefficients associated with the nine GATB tests for
each of the 659 jobs in the sample.

Across all methods of estimating job ability requirements, there were
no differences between the prediction of mean GATB test scores and potential
cutoff scores for the nine tests. This finding does not nullify, and would
perhaps enhance, the suggestion that, for operational purposes, potential
cutoff scores are representative of the minimum level of abiliti'es necessary
for job performance.

As regards the estimation of ability requirements represented by the
criterion of GATB validity coefficients, no method of estimation achieved
even a moderate degree of success in making such predictions. This finding
was somewhat expected (Mecham, 1970; and Marquardt, 1974). Ghiselli (1959)
noted that validity cocfficients are characterized by considerable
"instability," and thus prediction of such data is extremely difficult.

In Phase II of the study, the mecan GATB test scores were "adjusted"
so as to hopefully take into account the high degree of intercorrelation
among the nine tests of the GATB. In terms of the "adjusted" mean test
score criterion, the results of this study were far from encouraging.

In no cases were the predictions of the adjusted criterion data

higher than those of the unadjusted criterion data. In certain cases




the predictions were worse. This finding has two poésiblc implications.
One implication is that, since there is no "clean cut" statistical
procedure availible for adjusting out the effect of the high mean

test score iatercorrelations upon the estimation of ability
requirements, the procedure used in this study was invalid and was

not producing the desired effect upon the problems underlying the data.
An alternative to this explanation, and possibly the most recasonable
one in the present case, is that the problems associated with the

GATB data are so deeply imbedded within the very nature of the data
that no statistical procedurc would have been able to adjust for these

difficulties.

Problems with Predictors

Whenever data are based upon the judgements of humanc, one
is invariably confronted with the question of the reliability of these
data. In terms of the PAQ job element and attribute ratings used
in deriving estimates of job ability requicments, two sources of
unreliability are possible, i.e. unreliability relating to both
the job element ratings and the attribute ratings. If the degrece
of reliability was low for one or both of these ratings, the use of
such data in the present study could well have resulted in the
considerable distortion of information concerning the ability
requirements of the jobs in the sample. However, evidence has indicated
that the reliability relating to the PAQ ratings is quite good.
Marquardt (1974) used 4ob dimension scorcs to estimate the job
ability requirements of a large sample of jobs. These dimensions were
based upon principal components analyses of the PAQ job clements in
each of the six major divisions of the PAQ using as the basis of the
analyses the PAQ job analysis ratings for each of the elemoents
across 3700 jobs. Prediction in terms of these job dimension scores
was quite good. In the samc study, using an attribute data avproach
to job component validity, Muirquardt used attribute dimension scores
for 23 dimensions resulting from principal componcnts analyses of the

attribute profiles of the elements in each of the six major divisions




of the PAQ to estimate job ability requirements. The attribute

dimensions were thus based upon attribute ratings associated with
the PAQ elements. Prediction in'terms of these attribute dimension
scores was comparable to that achieved using the job dimension
scores based on the job element ratings. It seems, therefore, that
while unreliabilty of ratings might have resulted in some reduction
in the cffectiveness of various methods of estimating job ability
requirements, it is not, in itself, sufficient to explain the

low correlations found in the present study.

Another possible problem associated with the predictors used
in this study can be found in the fact that the methods used by
Marquardt (1974) based upon the 23 attribute dimensions resulted
in significantly better estimates of the psychomotor abilities than
did methods based upon the new 17 attribute dimensions. In the one
case, the new 17 dimensions were based upon principal components
analyses of the six major PAQ division using job element profiles
across 49 "aptitudinal" attributes. Marquardt's 23 attribute
dimensions were based upon similar analyses, but used jcb element
profiles across 71 "aptitudinal" and "situational" attributes. .

Multiple correlations betwcen Marquardt's attribute dimension
scores and the psychomotor GATB mean test scores were in the upper
.40's, while the correlations between the attribute dimension scores
on the 17 new attribute dimensions and the mean GATB te€st stores were
in the middle .20's. Also, within the present study, the correlations
betyeen attribute scores derived using the XMJADP method (based on

Marquardt's 23 dimensions) and the mean test scores on the GATB test
K ranged as high as .48, while similar correlations using the XM17
metlod (zame process but with the 17 new attribute dimensions) were
Generally pegative in direction. It would appear that the job
dironsions based upon both aptitudinal and situational attributes

include information which adds significantly to the predictive power

of methods bascd upon these 23 dimensions. The implications of this

a: regards the criterion data will be discussed later.




Problems with the Criteria

Across all methods of estimation used in the present study,
correlations and multiple correlations associated with estimates

of the psychomotor job ability requirements were quite low. This is

in line with the statements of Trattner, Fine, and Kubis (1955) that

the prediction of mental and perceptual aptitudes is generally better
than the prediction of aptitudes which are "physical" in nature.

Data published by the U.S. Training and Employment Service (Table 15)
show that there are moderate intercorrelations among the nine tests
of the GATB. Of particular importance to the present study is the
fact that the psychomotor tests of the GATB are moderately inter-
cerrelated with the more “cognitive" GATB tests. In view of these
intercorrelations, if onc were to rank order jobs according to the
mean scores of incumbents on the jobs, this ordering would, to some
extent, reflect the admixture of the cognitive as well as the
psychomotor abilities of the incumbents. This admixture could result
in jobs which would normally be expected to rank high (or low) on
psychorotor abilities, instead showing less (or more) psychomotor
ability levels than would rcasonably be expected. Such a ranking
would not necessarily reflect an accurate representation of the
relative psychomotor ability levels necessary for the jobs.

In the present study, the use of mean GATB scores, rather than
individual test scores, has rcesulted in even higher intercorrelations
among the psychomotor and cocnitive tests (Table 15). Thus the
possible distortion caouced by the relationship between the cognitive
and psychomotor abilities associated with the jobs in the sample would
be even greater than when considering individual test score data. The
ranking of jobs according to their rclative psychomolor ability levels
(as representced by the rean GATB scores) would be expected to present
a less than totally accurate picturc of the "true" psychomotor ability
requirements. Data presented in Appendix L would appear to support this
conclusion. Note that many jobs which would normally be expected to
be "psychomotor" in naturc, ¢.g. an irorworker, show mean scores lower
than those for jobs which are essentially "cognitive" in nature,

e.g. a job anelyst.




In testing the utility of attribute data in a job component

validity paradigm, it is assumed that employees tend to "gravitiate"
into those jobs in which they can achieve some relatively successful
degree of performance, and that mean GATB test scores of incumbents
would thus represent the ability lcvels nccessary for some minimally
acceptable degree of job performance. Data in Appendix L would suggest
that this is not totally the case for the psychomotor tests.

It seems reasonable to suggest that the intercorrelations found
among the psychomotor and cognitive tests are at least partially
responsible for the apparent inconsistencies in the ranking of the
jobs according to the mean psychomotor test scores of incumbents
on the jobs. It may also be that a more "basic" factor underlies the
apparent inconsistencies in the rankings. Tt may be that for some of
the jobs which are predominantly manual in nuature, the psychomotor
abilities necessary for performance are of relatively minor importnance
in determining the overall "success" of the persons on those jobs.
Most workers might posscss the minimum ability level which would
cnable the workers to adequately perforin the job in question. In
this case, the degree to which the person is "successful" on thé
job (an would thus have gravitiated into that particular position)
would depend upon several factors in addition teo the psychomotor
abilities he posscsses. If this were so, cone could not expect any
simple ranking of jobs according to the mcon test scores of incumbents
to represent the ability levcls nceded for successful perfermance.
Successful performance would, instead, be determined by an admixture
of the psychomotor, cognitive, situaticiial, and perconality factors
involved in the job.

Marquardt (1974) used attribute dimensions based upon both
aptitudinal and situational attributes to predict job ability requirements.
Predictions using these dimensions were generally better than the
predictions associated with dimensions based solely aptitudinal attributes
used in the present study. The differences between predictions based

upon Marquardt's attribute dimensions as opposed to the predictions based

upon the new attribute dimensions used in the present study were




minimal for the cognitive abilities. The difference between the predictive

power of the two sets of dimensions was somewhat greater for the
perceptual abilities, and was greatest for the psychomotor abilties.
Although the stituational attributes used in forming Marquardt's
dimensions are described in terms of various "work situations," they
are assumed to reflect thos interest, personality, and temperment
factors which enable the incumbents on a job to "adapt" to the specified
work situations. It would thus appear that the inclusion of such
non-aptitudinal information into the prediction system generally
increases the level of prediction possible. These results would suggest
that success on jobs which are dominantly psychomotor in nature may be
more dependent upon "adaptibility" factors (such as interest, personality,

or temperment) than on psychomotor abilities.
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CONCLUSION

In the present study an approach was taken to the concept
of job component validity which utilized the attribute rating data
associated with the Position Analysis Questionnaire as the basis
for estimating job ability requirements. Within this general "attribute
approach," a number of different models of estimation were compared
as to their relative effectiveness in predicting job ability reguirements.
The models used included "micro" models, “macro" models, “"cumulative"
models, and “critical behaviors only" models.

The results of the present study indicated that "macro" models
of estimaticn are more effective in estimating job ability requirements
than are "micro" models. However, in the case of such macro models,
"good" estimation of ability requirements was possible only when the
macro sources of job information used in such methods were based
upon large numbers of diverse human attributes (Marquardt, 1974).

It was also shown that "cumulative" methods of estimating job
ability requirements were only slightly better than the "critical behaviors

only" methods. This slight advantage was based primarily upon the

fact that macro methods of estimation, which did relatively well
in estimating job ability requirements, were of a cumulative nature.
When viewed as a whole, however, the approach to job component

validity taken in the present study, i.e. the use of PAQ attribute

data, was differentially effective in estimating job ability requirements.
7 Though prediction of cognitive abilties was relatively gocd, the
prediction of perceptual abilities was only moderate, and the prediction

of psychomotor abilities was very poor. When data from the present

study were compared to previcus work using the job component validity
paradigm (Marquardt, 1974), it was apparcnt that the approach taken

in the present study which used attribute data for estimating job ability




requirements was generally less effective than the approach taken

by Marquardt which involved the use of PXQ job analysis rating data
as the basis for the estimation of ability requirements for jobs.

It would appcar at least that for the present time the optimum
approach for the application of the concept of job component validity
should be based upon job dimension data derived from PAQ job analysis
ratings.

The results of the present study probably should not be taken
as to preclude any future investigation of the attribute data approach
to the concept of job component validity. In terms of any further
exploration of the potential utility of attribute data for estimating
job ability requirements, it would appear that attribute dimensions
resulting from principal components analyses of job elcment profiles
across large numbers of diverse human attributes would have the best

possible chance of providing adequate cstimates of ability levels

for use in establishing jbo component validity.
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APPENDIX A

Methods, Models, Abbreviations, and Descriptions Associated

With the 21 Methods of Estimating Job

Ability Requirements Used in This Study
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)| X X SUMXP sum of the cross-products for each attribute
computed from the FULLXP matrix
2 X X MEANXD Mean of the cross-products for each attribute
computed from thie FULLXP matrix
3 X X ADOVE The number of cross-products computed for
cach attribute from the FULLXP matrix which
fell above the grand mean
4 X % BELOW The number of cross-products computed for
cach attribute which fell below the grans
mean
5 X X AROBLL The ratio of AROVE/HELOW
6a X X PCT2 The % of cross-procducts computed for each
attribute for the FULLXP matrix which fell
into Quintile 2
&b X X PCi3 The % of cross-products computed for each
attribute for the FULLXP matrix which Zfell
into Quintile 3
Gc X X veT4 The % of cross-products computed for each
attribute which fell into Quintile 4
6d % s The @ of cross=products computed for each
attribute which fell into Quintile 5
7 X X i The sum of the cross-products computed for

ceach attribute from the FULLXP matrix

for tuose clerent-attribute pairings where
the job element rating= 5.0
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8 X X MEANS The mean of the cross-products computed for
cach attribute from the FULLXP matrix for
those element-attribute pairings where the
PAD job element rating= 5.0

9 X X R1SUHM The sum of the cross-products computed for
each attribute for the R1XP matrix

10 X X RIMEAN The mean of the cross-products computed for
cach attribute for the R1XP matrix

11 X x R2ZSUM The sum of the cross-products computed for
each attribute for the R2¥P matrix

12 X X R2MIOAR The mean of the cross-products computed for
cach attribute for the RZXP matrix

13 X X R2NUOM The number of cross-products computed for
cach attribute for the R2XP matrix

l4a X XMIALP Job attribute profiles developed using the
23 Marquardt attribute dimensions

14L X X117 Job attribute profiles developed using the
17 new attribute dimensions

14 X N7 Job attribuce dimension scores for the 17
new attribute dimensions

16 X ) {Dinension scores for the 7 R-type dimensions

|

17 X 7

iitribute dimensions valuecs resulting
1 a conbination of data ficm both the

cvien R—-type attribute dimensions and the
O~type attribute dimensions
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APPENDIX B
Principal Components Resulting from Analyses

of the Six Major Divisions of the PAQ

Components resulting from the analysis of PAQ job elements:

division 1, information input. A Q-type principal componenets analysis

was carried out using the job elements in the Information Input

division of the PAQ (job elements 1-35). This analysis yielded a total

of three principal components accounting for 69.4% of the total variance.

The interpretations associated with these thkree dimensions are given

below.

. (1)

(2)

(3)

Division 1, factor 1l: visual perception/interpretaion---

this dimension accounted for 47.1% of the total variance.

It is a relatively broad dimension characterized by job
activities which involve the perception and/or interpretation
of visual input from the job.

Division 1, factor 2: non-visual perception/interpretation---
this dimension acccounted for 13.5% of the total variance.

It is characterized primarily by job activities which involve
the use of non-visual sources of job information, e.g. feeling,
tasting, smelling, or hearing.

Division 1, factor 3: body movement sensing/ balancer---

this dimension accounted for 8.8% of the total variance.
Three job elements received substantial loadings

on this dimension. They are characterized primarily by

the degree to which the sensing of physical movement,
position or balance, such as is necessary in the use of

mechanical devices, are needed for job performance.

Components resul Lince froa the analye iis of DO Sob elewents

division 2, wental procoscc,. 2 O-Lype principal components analysis

was carried out using the job cloents from the Mental Procosses

division of the PAQ (jol clements 36-49). This enalysis resulted in a

‘
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total of two principal components accounting for 85.0% of the total
variance. The interpretations as;ociated with these dimensions are
given below.
(1) Division 2, factor 1l: reasoning, decision making, and related
mediation activities---this dimension accounted for 45.9%
of the total variance. It is a rather broad dimension which
involves activities which depend upon reasoning, decision
making or similar types of mediation processes, and which
necessitate the acquisition of such mediation "skills"
through experience, cducation, or training.
(2) Division 2, factor 2: intearating information---this dimension
accounted for 39.1% of the total variance. Job activities
included in this dimension are those which involve the

collection and integration of information obtained from the job.

Components resulting fron the analvsis of PAQ job elements:

division 3, work output. A D-type principal components analysis was

carried out using the job elements frem the Hork Output division &f
the PAQ (job elements 50-98). This analysis yielded a total of three
principal componenets acccounting for 84.5% of the total variance. The
interpretations associated with these dincnsions are given below.
(1) Division 3, factor 1l: nanual manipulation/control=---
this dimensions accouted for 33.9% of the total variance.

It is a broad dirvensicn  including o large nurber of PAQ

job elements. It 1s characterized primarily by job elements
which involve some forim of nanipulation and/or the control
of various materials/d vice: ascociated witli the job.

(2) Division 3, factor 2: Landliog/goncrol-body activities—--
this dimension accountod to- 25,00 of the total variance.
It is characterized by activities wvhich involve gencral body
movement and/or the phvoica! bontiing or manipulation of

various types of matorsodo/oovic s,
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(3) Division 3, factor 3: yaried physical/controlling activities---

this dimension accounted for 25.6% of the total variance.

It is a rather broad dimension including a large number of
PAQ job elements. It is characterized primarily by job
activities which involve a variety of physical activities in
the operation or control of equipment and/or the handling

or use of materials or devices associated with the job.

Components resulting from the analvsis of PAD job elements:

division 4, relationships with other persons. A Q-type principal

components analysis was carried out using the job elenents in the

Relationships with Other Persons division of the PAQ (job ciements

29-134). This analysis yielded a total of two principal components
accounting for 85.0% of the total variance. The interpretations
associated with these dimensions arce giveu below.

(1) Division 4, factor 1l: interpersonal cowrmunication--- this
dimension accounted for 71.5% of the total variance. It
is a very broad dimension with cignificant loadings on
a large number of PAQ job eclements. It is characterized
primarily by job activitics which involve interpcrsonal
communications carried out for different purposes and
with different types of people.

(2) Division 4, factor 2: unnamed---this dinension accounted for
13.5% of the total variance. Some of the dominant job
elements in this dimension seem not to be logically
related to one another, and thus, no interpretation of

this dimension was made.

Components resulting from th analyeis of PAO Sob elaments:
division 5, job context. A O-type princital eompoicais alysis
was carrricd out using the PLO jobr o lome it in the J=b Contoest

division of the PAQ (job clotvnt 135-<152) . ‘Thi wlveis yielded
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total of three principal components accounting for 71.6% of the total
variance. The interpretations associated with these dimensions are
given below.
(1) Division 5, factor 1l: perconally demanding situations---
this dimension accounted for 29.0% of the total variance.
It is characterized by job situations which are largely
interpersonal in nature, and which are typically viewed
as being demanding and/or fruystrating for the individual.
(2) Division 5, factor 2: unpleasant physical environment---
this dimension accounted for 21.7% of the total variance.
It is characterized by situations which are generally
considered unpleasant in nature.
(3) Division 5, factor 3: hazardous physical environment---
this dimension accounted for 20.9Y%¢ of the total variance.
It is characterized by jobs which are generally considered
to be hazardous in naturc.

Components resulting from the analyeis of TAO job elenznts:

division 6, other job characterisitica. A Q-type principal components

analysis was carried out using the job clements from the Other Job

Characteristics division of the PZQ (job ¢lemonis 154-182). This

analysis yielded a total of four principol coempoucnis accounting for
73.6% of the total variance. The intcerprotations associated with these
dimensions are given below.

(1) Division 6, factor 1l: scli dulc/vork aliirce-~this diwension

is probably without real r.caivo; cince whe median ratings
across almost all of the 4% ot . itul s ave "0" (of no relevance)
for the job clements in ihin ¢ reion. The dimsusion

accounted for 28.86% of th tols! vexizacs. These job elements
which received substantia? Joi:' o on Lhis dimension are
characterized by the wort <l I o ov assunt of tine the

incumbent spends on the ol oo tyoe o attire he must wear.
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(2) Division 6, factor 2: routine/repetitive work activities---

this dimension accounted for 16.3% of the total variance.

It is characterized primarily by job situations in which
work procedures are clearly specified and activities tend
to be routine and/or repetitive in nature.

(3) Division 6, factor 3: job responsibility---this dimension
accounted for 16.2% of the total variance. It is characterized
primarily by job elements which reflect the level of
responsibility for various duties/aspects of the job.

(4) Division 6, factor 4: attentive/discriminating work demands---
this dimension accounted for 12.4% of the total variance.

It is characterized primarily by job situations which 1
involve vigilance or attentiveness, or in which tle fjcb

incumbent must be attentive to detail or be alert to various

stimuli in the work environment.




APPENDIX C
Job Element Dimensions Based on Component Analysis of Job

Element Attribute Profiles:.PAQ Division 1, Information Input

Attribute Dimension and Job Elements

with Loadings of .45 or Above Rotated Loading

Factor 1l: Visual perception/interpretation

32 Inspecting <91
3 Pictorial materials .90

11 Man-made environment .88
8 Materials in process .88

22 Depth perception .87
34 Estimating size .07
5 Visual displays .86

10 Features in nature .86
33 Estimating quantity .84
20 Near visual differentiation .83
23 Color perception .81
g Materials not in process .81

Quantitative materials .80

4 Pattern/rclated devices 12

21 Far visual differcntiation 9
30 Estimating speed-process .79
14 Art or decor .79
31 Judging condition/quality 19
29 Estimating speed-moving objects £ .77
13 Events or circumstances o 15
7 Mechanical devices S5

28 Estimating speed-moving parts « 10
6 Measuring devices .66

12 Behavior .66
1 Written materials «63

35 Estimating tine <49
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Attribute Dimension and Job Elements
with Loadings of .45 or Above Rotated Loading
Factor 2: Non-visual perception/interpretation
24 Sound pattern recognition .86
16 Non-verbal sounds .85
25 Sound differentiation .82
15 Verbal sources 12
18 Odor .64
19 Taste .61
35 Estimating time .47
) 7 Touch : .45
Factor 3: Body movement sensing/balance
26 Body movenent -.86
27 Body balance - 15
7 Mechanical devices -.46
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Job Element Dimensions Based on Component Analysis of Job

Element Attribute Profiles: PAQ Division 2, Mental Processes

Attribute Dimension and Job Elements

with Loadings of .45 or Above

Rotated Loading

Factor 1l: Reasoning, decision making and related

mediation processes

46 Job-related knowledge

47 Training

37 Reasoning in problem solving
36 Decision making

45 Education

38 Amount of planning/scheduling
44 Short term memory

- 40 Analyzing information
39 Combining information
48 Using mathematics

Factor 2: Integrating information

43 Transcribing
42 Coding/decoding
41 Compiling

39 Combining information
40 Analyzing information
48 Using mathematics

38 Amount of planning/scheduling
45 Education
36 Decision making

37 Reasonfng in problem solving

44 Short-term merory

.87
.85
.84
B2
.80
S
.72
.64
.62
.57

.91
+9L
.83
.74
<3
.70
+20
.48
.48
.48
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Job Element Dimensions Based on Component Analysis of Job

Element Attributc Profiles: PAQ Division 3, Work Output

Attribute Dimension and Job Elements
with Loadings of .45 or Above

Rotated Loading

Factor 1: Manual manipulation/control

57 Measuring dzvices
55 Drawing/rclated devices
49 Man powercd precision tools
f 91 Finger manipulation
é 79 Assembling/disassermbling
i 58 Technical-rclated devices
76 Setting up/adjusting
77 Manually nodifying
53 Powered precision tools

56 Applicators
92 Hand-arm mzinipuliltion
93 Hand-arm steadindss

63 Keyboard devices

62 Variable sctting controls

50 Man-powered non-prccision tools
78 Material controlling

59 Machines/cquiprcnt

64 Frequent adjusting hand controls
66 Continuous heanic controls

94 Eye/hand-foot co>vidlination

80 Arranging/positionirg

54 Powered non-pro.i:ion tools
52 Handling-dovice: /iools
95 Limb movcwent wi'ont vigual contact

81 Fecding/of |

.91
.88
.86
.86
.84
.83
.80
.80
.79
.78
.75
.75
.74
.74
.67
.66

.63
.62
.61
.61
.61
.60
.60
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Attribute Dimension and Job Elements

with Loadings of .45 or Above

Rotated Loading

Factor 1 (cont.)

82 Physical handling

60 Activation controls

61 Fixed setting controls
51 Long handle tools

96 Hand-ear coordination

Factor 2: Handling/general-body activities

85 Level of physical exertion
87 Standing
84 Balancing

88 Walking/running

83 Highly skilled body coordination
89 Climbing

90 Kneeling/stooping

86 Sitting

51 Iong handled tools

82 Physical handling

52 Handling devices/tools

50 Man-powered precision tools

81 Feeding/off bearing

68 Man powcred vehicles

73 Man-moved mobile cguipien

80 Arranging/positioning

95 Limb movenient without vicunl cond oot
93 Hand=arm srteadi

92 Hand=arm rovipusation

.58
.55
.53
.52
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Attribute Dimension and Job Elements

with Loadings of .45 or Above

Rotated Loading

Factor 2 (cont.)

77
94
60

Factor

71
69
72
75
74
70
67
68
65
73
61
60
64
66
59
54
78
93
62
81
53

Manually modifying

Eye/hand-foot coordination

Activation

~

Powered wat

controls

3: Varied physical/controlling activities

er vehicles

Powered highway/rail vchicles

Air/space vehicles

Remote controlled equipment

Operating equipnent

Powered mob

Continuous

ile equipment

foot control

Non-pcwercd vehicles

Frequently

adjusted foot controls

Man-moved ricbile equipment

Fixed setving controls

Activation
Freguentily

Continuou:

Machines,/c ¢

Powered non

Material cc
Hand-arm «t
Variable ze

Feeding/c:ff

Powerad pr

controls
adjusted hand controls

hand controls

nipnent
~prcecision tools

ntrolling

cadiness
tting controls
beacing

cision teols

.48
.46

.84
.84
.84

.82
.80
.71
.71
.71
.70

.62
.60
.59
.58
+57

.52
.52
.50
.50
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Job Element Dimensions Based on Component Analysis of Job
Element Attribute Profiles: PAQ Division 4,

Relationships with Other Presons

Attribute Dimension and Job Elements

with Loadings of .45 oxr Above Rotated Loading

Factor 1l: Interpersonal communication

126 Direction/supervising personnel .97
99 Persuading .97
97 Advising .97
98 Negotiating .97 |
130 Staff functions .97
100 Instructing .96
114 Professional personnel .95
111 Executives/officials 95
103 Non-routine information exchange :94
101 Interviewing .94
112 Middle management/staff .93
129 Coordinates activities .93
123 Clients/patients/counseclees .91 |
125 Supervision/non-supervisory personnel .91
119 Buyers . <91
104 Public speaking . .90
131 Supervision received .90
122 Students/trainees/apprentices .90
124 Special talent groups : .90
‘ 128 Supervises non-employeces . .90 j
1 127 Number of persons for whom responsible .89
113 Supervisors .89
115 Semi-professional personnel .88

120 Public customers .87
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Attribute Dimension and Job Elements
with Loadings of .45 or Above Rotated Loading
Factor 1 (cont.)

; 118 Sales personnel .87
121 The public .86
110 Entertaining .84
102 Routine information exchange .77
116 Clerical personnel .76
105 Writing «715
117 Manual and service workers .61
Factor 2: Unnamed
106 Signaling -.79
109 Serving/catering -.78
107 Code communications -.66
1c8 Entertaining -.61
116 Clerical personnel =57
117 Manual and service workers -.48
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Job Element Dimensions Based on Component Analysis of Job

Element Attribute Profiles: PAQ Division 5, Job Context

Attribute Dimension and Job Elements

with Loadings of .45 or Above Rotated Loading

Factor 1: Personally demanding situations

145 Civic obligations

147 Strained personal contacts .95
150 Non-job required social contacts .94
148 Personal sacrifice .93
146 Frustrating situations .92
149 Interpersonal conflict situations .89

Factor 2: Unpleasant physical environment

133 High temperature .91
134 Low temperature .86
138 Dirty environment .78
139 Awkward or confing space .77
! 136 Vibration .67
132 Out-of-door environment .67
135 Air contamination .48
Factor 3: Hazardous physical environment
143 Permanent partial impairment .97
142 Temporary disability .96
144 Permanent tctal disability of impairment k .96
141 First aid cases .91
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Job Element Dimensions Based on Component Analysis of Job

Element Attribute Profiles: PAQ Division 6,

Other Job Cha}acteristics

Attribute Dimension and Job Elements

with Loadings of .45 or Above

Rotated Loading

Factor 1l: Schedule/work attire

161
164
152
160
162
163
158
159
177
155
151
156
153

Factor 2: Routine/repetitive work activities

166
165
167
168
153
170
169

Irregular hours

Typical day and night hours
Specific uniform/apparel
Variable shift work
Typical day hours
Typical night hours
Irregular work

Regular work

Travel

Informal attire

Business suit or dress
Apparél style optional
Work clothing

Repetitive activities
Specific work place
Cycled work activities
Following set procedures
Work clothing

Precision

Time pressure of situation

91
.86
.85
.83
.83
.83

79
.79
.79

.75

<93

.86
.84
.80
.13
.60
.58
.56
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Attribute Dimension and Job Elements

with Loadings of .45 or Above

Rotated Loading

Factor 2 (cont.)

159
157

Regular work

Regular hours

Factor 3: Job responsibility

180
182
176
181
179
175
178

General responsibility
Criticality of position
Up-dating job knowledge

Job structure
Responsibility-materizal assets
Working under distractions

Responsibility-safety

Factor 4: Attentive/discriminating work demands

173
174
172
171
178

Vigilance-~infrequent events
Vigilance~continually changing events
Recognition

Attention to detail

Responsibility~-safety

.52
.46

.95
.01
.87
.72
.55
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List of Twenty PAQ Attributes Which

Closely Match GATB Test Data

Cognitive attributes:
Verbal comprehension
Word fluency
Oral commmunication
Numerical computation
Arithmetic reasoning
Convergent thinking
Divergent thinking

Intelligence

Perceptual attributes:
Visual form perception
Perceptual speed
Closure
Spatial visualization
Near visual acuity

Far visual acuity

Psychomotor attributes:
Finger dexterity
Manual dexterity
Arm/hand positioning
Eye/hand coordination
Response integration

Speed of limb movement
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PAQ Attributes Used as Predictors of Mean

Test Scores on Each of the Nine GATB Tests

65

Test G, general intelligence:
Verbal comprehension
Arithmetic reasoning
Convergent thinking
Divergent thinking
Intelligence

Spatial orientation

Test V, verbal ability:
Verbal comprehension
Word flueéncy

Oral communication

Test N, numerical ability:
Numerical conmutation

Arithmetic reascining

Test S, spatial ability:
Visual form perception
Closure

Spatial vicsuslizi:tion

Test P, form perception:
Visual form perception

Perceptual spced

Closure
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Test P, form perception (cont.):
Spatial visualizaticn
Near visual acuity

Far visual acuity

Test Q, clerical perception:
Verbal comprehension
Convergent thinking
Perceptual speed

Near visual acuity

Test K, motor coordination:
Finger dexterity
Manual dexterity
Arm/hand positioning
Eye/hand coordination
Response integration

Speed of limb movement

Test F, finger dexterity:
Finger dexterity
Manual dexterity
Arm/hand positioning

Response integration

3
q
{
|
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Test M, manual dexterity:
Finger dexterity

Manual dexterity

Arm/hand positioning
Eye/hand coordination

Response integration
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APPENDIX K

Population and Sample Regression Equations

for Adjusting the Criterion of Mean Test Scores

Population equations:

G= .45V+.42N+.33S~.
V=1.39G-.46N-,39S+.
N=1.45G-.50V-.41S+.
§=1.81G-.69V-.66N+.
P=-.24G+.04V+.22N+.
Q=-.09G+.31V+.28N~-,

=-.34G+.29V+.22N~-.
F=-.13G+.04V~. 01N+,
M= .20G-.27V-.58N-.

Sample equations:
G= .53V+.43N+.32$+.
V=1.40G-.51N-.35S-.
N=1.79G-.80V-.50S-.
S=1.89G~.78V-.72N+.
P= .48G-.73V-,11N+.
Q=-.53G+.80V+.25N~.

03pP-.
01P+.
08P+.
25P-.
41S+.
08S+.
04S+.
155+,
03s+.

06P-.
24P+,
O6P+.
27P-.
37S+.
25S+.

010-.03K-.01F+.01M
14Q+.07K+.01F~.05M
14Q+.06K~.001F-.01M
06Q~-.02K+.05F~.01M
410+.08K+.10F+,08M
32P+.15K_.04F-.02M
11P+.26K+.07F+.27M
17P+.10Q+.09K+, 37M
16P-.06Q+. 38K+, 39F

050-.14K~.003F+.002M .
210+.291L+.01F-.02M
10Q+.23R+.003F+.003M
14Q+.12K-.02F+,01M
57Q+.27K+.08F~-,01M
72P+.15K-.05F+, 01M

K=-1,26G+1.01V=.51N+.19S+. 30P+.13Q+.02F+.06M

F=+,56G+.94V+,13N~-.48S+1.74P-.86Q+.41K+.35M

M= .52G-2.00V+.19N+.51S-,31P=.20Q+.15K+. 50F




APPENDIX L

A Subsample of Jobs

in Descending Order Ac

in the Sample Sorted

cording to the Mean Scores

on the GATB Motor Coordination Test, K

Job Name

Biologist

Scientific programmer
Programmer analyst
Pharmacist

Personnel interviewcy

Tool clerk

Life insurance compensation analyst
Job analyst

Salary administration analyst
State school casewo.ker
Computer operator
Clerk-stenographcr
Statistical typist
Electrical project engincer
Accountant

Auditor

Industriai artist
Supermarket cashicr

Police patrolman

Keypunch operator

Telephone operator

Punch press operator
Plumber

Irconworker

Mean Store

125
119
119
119
117
117
117
116
116
11%
114
113 1
113 ]
113
112
12
111 1
110
109
108
106
95
92
86
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