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AFIT/GOR/ENS/03-13

Abstract

Training pilots for the USAF costs millions of dollars every year. There are seven
points of entry into Air Force Undergraduate Pilot Training (UPT). Each source has its
own selection process to screen candidates accepted into UPT. The Pilot Candidate
Selection Method (PCSM) seeks to ensure the highest possible probability of success at
UPT. PCSM applies regression weights to a candidate’s Air Force Officer Qualification
Test (AFOQT) Pilot composite score, self-reported flying hours, and five Basic
Attributes Test (BAT) score composites. PCSM scores range between 1 and 99 and are

loosely interpreted as a candidate’s probability of passing UPT.

The goal of this study is to apply multivariate data analysis techniques to validate
PCSM and determine appropriate changes to the model’s weights. Performance of the
updated weights is compared to the current PCSM model via Receiver Operating Curves
(ROC). In addition, two independent models are developed using multilayer perceptron
neural networks and discriminant analysis. Both linear and logistic regression is used to
investigate possible updates to PCSM’s current linear regression weights. An
independent test set is used to estimate the generalized performance of the regressions
and independent models. Validation of the current PCSM model demonstrated in the first
phase of this research is enhanced by the fact that PCSM outperforms all other models

developed in the research.

Xiii



USE OF MULTIVARIATE TECHNIQUES TO VALIDATE AND IMPROVE THE

CURRENT USAF PILOT CANDIDATE SELECTION MODEL

1. Introduction

1.1 General Issue

The cost of the initial phase of Undergraduate Pilot Training (UPT), T-37 and T-
38 phases, is approximately $137,446 per trainee (AFI 65-503, 2001). It is essential, both
fiscally and operationally, that those candidates selected for UPT successfully complete
training. The Air Education Training Command (AETC) currently uses the Air Force
Officer Qualification Test (AFOQT) Pilot composite score, five Basic Aptitude Test
(BAT) scores, and the number of self-reported Federal Aviation Administration (FAA)
flying hours as inputs to the Pilot Candidate Selection Method (PCSM). PCSM is one
factor considered in the selection of UPT candidates. Currently, the Air Force Academy
(AFA) is the only selection source that does not incorporate PCSM. The PCSM score is
a weighted linear composite of the seven predictors described above. The weights in the
linear combination are regression based. The linear combination is then transformed by a
discrete approximation to a sigmoidal function. It is unclear whether the current PCSM
model is based on linear or logistic regression.

Recent work completed by Capt Ian Young at the Air Force Institute of
Technology, Wright-Patterson AFB, OH, provided a pilot candidate selection model that

apparently outperforms the current method employed by AETC (Young et al., 2003);



however, the performance is not demonstrated on a wholly independent data set. There
are several drawbacks that prevent the operational implementation of Capt Young’s
model. These include the use of predictors not deemed feasible by AETC based on actual
or perceived discriminatory affects such predictors would have on certain sub-groups of
the applicant population. Despite equivalence in the model output and interpretation,
implementation is further hampered because the model’s format would be foreign to the
selection boards.

This research focuses on three main objectives. First, given the most up-to-date
data provided by AETC/SAS, the current PCSM model is validated to ensure the current
predictors continue to provide optimal validity for predicting the UPT pass/fail criterion.
Second, logistic and linear regressions are used to investigate possible updates to the
current PCSM regression weights. Finally, an independent prediction model is
developed. Retention of a similar format and interpretation as PCSM is an objective of
this model; however, it is derived using other multivariate data analysis techniques for
improving predictive capability. The new model may include, but is not limited to, the
predictors included in the current PCSM model. This will afford AETC the ability to
identify candidates with the best probability of success during pilot training, while not
changing the “look and feel” selection boards are accustomed to with the current PCSM

model.

1.2 Background
Approximately half of nearly 1,500 non-Air Force Academy UPT applicants are

selected for pilot training each year by selection boards (Young et al., 2003). Although



not the sole basis for UPT selection, the PCSM score is used as a numeric discriminator
between applicants. Each UPT candidate that attends, but does not complete the initial
phase of UPT training costs the United States Air Force an estimated $72,572 (AFI 65-
503, 2001). Candidates are eliminated for any of seven reasons: flying deficiency,
academic deficiency, military training, medical, fear of flying, self-initiated elimination,

and “other reasons”.

The method for determining the PCSM score, a numeric value of 1-99, is based
on a linear regression of the seven predictors; AFOQT-Pilot score, FAA flying hours, and
5 BAT scores. These predictors were selected for inclusion in PCSM based on
psychometric selection theory, and many studies based on correlations sponsored by the
Air Force Research Laboratory’s (AFRL) Human Effectiveness Directorate and the
Armstrong Laboratory’s Human Resources Directorate. PCSM was commissioned in
1985 and became operational in 1993 (Ness, 1996). AETC sets minimum qualifying Air
Force Officer Qualification Test (AFOQT) scores for UPT applicants by selection source.
The current minimum AFOQT qualifying scores are presented in Table 1 (Carretta,

2000). PPL is an acronym for private pilot’s license.

Table 1. Minimum AFOQT Qualifying Scores By Commissioning Source

Source Pilot | Nav-Tech | P+ N | Verbal | Quantitative
OTS w/ PPL 25 10 50 15 10
OTS w/o PPL 50 50 60 15 10
ROTC w/PPL | 50 10 60 15 30

ROTC w/o PPL | 25 10 50 15 10
Active Duty 25 10 50 none none
AFA (pre-1998) | none none none | none none




1.3 Problem Statement

AETC provided the most up-to-date data on UPT candidate performance for use
in this research. Validation of the current PCSM model and the development of an
independent model that predicts UPT performance are sought using multivariate data
analysis techniques. The model is validated on a wholly independent data set, the

“TEST” set, to determine predictive accuracy and overall capabilities.

1.4 Research Objectives

The ultimate goal of this research is to validate the current PCSM model as well
as provide AETC SAS with an improved model, which is operationally implementable
within the current selection process framework. Implementation of such a model is
expected to reduce UPT attrition rates and thus greatly reduce the costs associated with
attrition. Once the model is developed, its performance is validated on the TEST set in

comparison to PCSM.

1.5 Research Methodology

The fundamental research methodology involves the use of multivariate data
analysis techniques. PCSM validation in this research is primarily accomplished via a
combination of factor analysis and stepwise linear regression, partial correlations, and
correlations corrected for range restriction. The magnitude of correlations (validities) is
viewed as a method of quantifying a set of predictor’s explanatory power for a criterion

of interest. There are many statistically based complexities that tend to confound studies



based on correlations. Statistical artifacts such as range restriction, unreliability,
dichotomization of criteria, group effects, factor invariance, and construct interpretation
are considered. Linear and logistic regressions are used to investigate updated weights

for the 7 inputs in the current PCSM model.

Three main techniques are utilized in development of an independent model.
First, neural networks are investigated for their theoretically unlimited function
approximating power. Second, discriminant Analysis attempts to classify an individual
into a particular category based on independent predictor variables. The categories will
be pass/fail for the T37 phase of UPT. Classification thresholds for the model output can
be set appropriately depending on the need to maximize identification of potential
failures (probability of target detection) vs. minimizing the cost/risk of false alarms.
Each technique is validated for accuracy, capabilities, and limitations on the independent
TEST set. Available predictors include current PCSM scores, its inputs, all AFOQT
composites, BAT sub-test scores, and other demographic or quantitative variables.
Although PCSM is theoretically a valid predictor, it is not considered for inclusion in the
independent model. This is because the research purpose is to develop a replacement for

PCSM.

1.6 Scope of Research

This research is limited to data on individuals who have been selected for UPT
and have received a PCSM score since its operational implementation in 1993. Non-Air
Force active duty officers are included in the data. This research is limited to three areas.

First, validation of the predictors or the latent constructs underlying those predictors



currently included in PCSM. Second, updating the regression weights applied to the
current PCSM model predictors. Finally, developing an independent model whose output
is interpreted as a probability of passing UPT or otherwise quantifies the likelihood of

SuUcCCess.

1.7 Outline of Thesis

This thesis is divided into the following five chapters: Introduction, Literature
Review, Methodology, Findings and Analysis, and Conclusions. A brief description of
each follows.

Chapter 1: Introduction — This chapter discusses the background, focus of
research, research objectives, and relevance of this thesis document.

Chapter 2: Literature Review — This chapter begins with a description of PCSM
and methods used to validate PCSM. Methodological issues in ability research are
discussed. The pilot selection process is then reviewed. Finally, a review of multivariate
data analysis techniques used in this research is presented.

Chapter 3: Methodology — The methodology chapter begins by describing the
steps taken to prepare the data for analysis followed by a description of the software used
in the analysis. The methodology employed in the PCSM validation study is discussed.
Next, the algorithms employed in the development of an independent PCSM model are
reviewed. Finally, methodologies utilized to compare the newly developed models to the
current PCSM model are discussed.

Chapter 4: Findings and Analysis — This chapter presents the results of the PCSM

validation study, the updated PCSM models with new weights, and the new independent



model. The validity of the models is discussed and model performance is compared to
PCSM.

Chapter 5: Conclusions and Recommendations — The research results are briefly
reviewed. The relevance of the research effort is presented. Recommendations for

further research are provided.



II. Literature Review

2.1 Introduction to PCSM Research

The purpose of this chapter is to provide a thorough review of literature relevant
to validation studies for ability research and predictive models, the Air Force PCSM
model, and multivariate analysis methods. First, this chapter provides a description of the
terms and issues involved with ability research validation. Second, the PCSM model is
introduced. Third, methodological issues related to ability research are addressed.
Fourth, this chapter provides information on the research accomplished in the
development and validation of the data used in the current PCSM model as well as
research relevant to pilot training selection. Additionally a discussion of the data
available for analysis is presented. Finally, this chapter reviews current multivariate

analysis techniques used in the analysis of the data.

2.1.1 Validity in Predictive Research

Formal validation of a predictive model is required to determine the utility of the
constructs being measured and methods of recording those measurements “for predicting
training and job performance” (Carretta & Ree, 2000a). “The Pearson r (correlation) is
often used as an index of validity in psychological and educational measurement and is
particularly useful when the criterion and predictor have a bivariate normal distribution”
(Duan, et al., 1997). The terms validity, validity coefficient, and correlation are used

interchangeably in the literature for the Pearson correlation.



A partial correlation is a correlation between a predictor and criterion conditioned
on a set of predictors previously accounted for in a model. A predictor’s partial
correlation is dependent on the predictors included in the previously accounted for set,
hence the conditional statement. When used, partial correlations are identified in this
research. “The idea of partial correlation can be subsumed under ‘mediation,” which
means that one variable acts through another variable to exert its influence on a third
variable” (Carretta & Ree, 2000a). Partial correlations provide the ability to “partial out”
the influence of a set of predictors from the relationship between the criterion and another
set of predictors. Ree, Carretta, & Teachout (1995) examined the influence of general
cognitive ability and prior job knowledge on the acquisition of job knowledge acquired
during different phases of pilot training. Lord & Novick (1968) provide the following
matrix notation in Equation 1 for computing partial correlations from a matrix containing

the criterion and a set of predictor scores.

4=(Diag | " |)*|| & | *[(Diag || " 1) (1)

where ||Gij|| is the inverse of the covariance matrix of the criterion and predictors and
Diag(M) is a diagonal matrix of the elements on the diagonal of a matrix M. Equation 1

results in @, =1 and a; = —p, ., (partial correlation), for k,/...#i # j. However, SPSS

11.5 is used to calculate all partial correlations in this research.

Carretta & Ree (2000a) review three historical types of validity; content,

construct, and criterion (predictive). Carretta & Ree (2000a) provide the following



definitions. A predictor has content validity if it “clearly represents a knowledge area,
skill, or ability.” Construct validity implies the “attempt to scientifically determine what
the predictor actually measures.” Constructs are often given names or interpretations by
the researcher. General cognitive ability is a construct often referred to, but in reality
general cognitive ability is simply the name that has been attached to an abstract measure.
Criterion or predictive validity is the “ability of a predictor to predict performance on an
external activity or criterion.”

Once suitable predictors and criteria are selected, predictive validity is examined
via correlations between the predictor scores and criterion measure(s). The magnitude
and direction of the correlations determine a predictor’s predictive validity. In ability
research for predicting success in job training, validity coefficients are usually in the
small to medium range. Predictive validity can be investigated with either a predictive or
concurrent validation design. In the predictive design, the criterion is only measured for
those subjects selected from the sample based on performance on the predictors. This
research seeks to confirm the predictive validity of the individual predictor variables
currently used in the PCSM model as well as the predictive validity of the entire model.

Several predictors in a model can measure a common construct. Construct is the
statistical term used to describe what is actually being measured. The term is most
commonly used in factor analysis, where the underlying latent construct is interpreted
through inspection of factor loadings in a factor analysis. Factor analysis is discussed in
section 2.6. A very common construct within the arena of ability research is that of

general cognitive ability, known simply as “g.”
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When several variables are valid predictors of a common construct, the most
significant predictor is used as the baseline for calculating incremental validities of other
predictors in the model. Incremental validity is the increase in predictive accuracy
obtained by a predictor beyond that already accounted for with a current set of predictors
(Carretta & Ree, 1994). Incremental validity is measured using partial correlations.
However, in the studies reviewed for this research, incremental validity is generally
conditioned on the most significant predictor alone, not a set of predictors.

Historical selection theory and studies show that measures of “g” or
“psychometric g,” are the best predictors of job/training performance. Waldman &
Avolio (1989) summarize Gottfredson’s (1986) and Hunter & Hunter’s (1984)
conclusions that “general cognitive ability not only predicts job performance moderately
well but does so better than tests of any other single attribute.” Morales & Ree (1992)
found that general cognitive ability “was a better predictor than specific abilities or job
knowledge” for prediction of 5 pilot related criteria (Carretta & Ree, 1994).

In a study on the influence of job complexity on the validity of general cognitive
ability, Jones & Ree (1998) show that “job ability differences did not moderate (affect)
the relationship between the amount of g measured by a test and its score validity.” This
directly refutes the specificity doctrine, which hypothesizes that valid predictors of one
job will not be valid for others (Jones & Ree, 1998). Hence, Jones & Ree contend that
for a test that measures a certain amount of g, that test can be expected to perform equally
well at predicting job training success across a wide range of job skills or job complexity.

One concern related to validation studies is the stability of the validity coefficient

across a test’s score range. In a study of 68,672 Navy recruits, Lee & Foley (1986)
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argued that the corrected (for range restriction) “validity coefficient is not a constant
value for all subjects, rather a varied degree dependent on the level of the predictor
score.” They suggest treating “validity, (regression) slope, and standard error of estimate
as an average rather than a constant value for all subjects in a population” (Lee & Foley,
1986).

In an attempt to confirm the Lee & Foley results, Waldman & Avolio (1989)
found starkly dissimilar results following a study of 24,219 General Aptitude Test
Battery (GATB) observations. They found that “the validity of the tests used in this
study did not appreciably vary at different points along the test score range” (Waldman &
Avolio, 1989). Specifically, “the slope of the regression and standard error of estimate
did not significantly vary across the predictor score range” (Waldman & Avolio, 1989).
Waldman & Avolio (1989) question Lee & Foley’s conclusions due to the criterion
selected by Lee & Foley. “Their (Lee & Foley) study did not address whether scores at
different range levels differentially predicted performance on the job” (Waldman &

Avolio, 1989).

2.1.2 Current Pilot Candidate Selection Method

The PCSM program was initiated in 1985 from an AETC/CC Program Guidance
Letter and became operational in 1993 (Ness, 1996 and Carretta & Ree, 2000a). The
current PCSM model is a weighted composite of seven items from three sources. First is
the AFOQT Pilot composite, which is comprised of 8 of the 16 AFOQT sub-tests. See
Table 3 for the specific sub-tests included in the AFOQT Pilot composite. Second, the

BAT provides five scores used in the PCSM model, which are discussed in section 2.3.2.
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Finally, a self-reported number of FAA flying hours is included. The weights for the
seven PCSM inputs are based on a linear regression, which is then transformed by
applying a discrete approximation of a sigmoidal function to the resulting linear
combination. This particular sigmoidal function’s origin is unknown by the author.
PCSM scores range from 1-99. Figure 1 presents the authors understanding of the PCSM

model architecture.
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Figure 1. PCSM Model Representation

The EQPMOT score is calculated by standardization of its four input scores and
averaged so that each input is equally weighted. This average is multiplied by —1.0 to
account for the fact that the 4 inputs are pursuit tracking errors scores, hence larger scores
imply worse performance. Item recognition reaction time is assigned a maximal score of
2,500 milliseconds if the percentage correct on the item recognition test is less than 75%.

Finally, the five BAT inputs are transformed by way of equating tables.
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Equating is necessary due to differences in equipment configuration of the
experimental and operational forms of the BAT test. An analysis was done “to determine
differences and where differences existed to equate the experimental and operational
BAT tests” (Carretta & Ree, 1993). Equating is required so that operational BAT scores
can be used in the current PCSM model, which was developed on data from the
experimental BAT test configuration (Carretta & Ree, 1993). BAT scores have not been
re-normed to the operational test. Therefore, the current PCSM model is still
implementing equating tables, based on the equating study performed by Carretta & Ree
(1993), to transform raw operational BAT scores prior to applying the regression weights.

“The validity of PCSM has been shown to come mostly from the measurement of
cognitive ability (g), psychomotor ability, pilot job knowledge, and flying experience”
(Carretta, 2000b). Generally, validity research for PCSM has focused on finding
predictors that provide incremental validity to the AFOQT Pilot composite. The Pilot
composite is highly g loaded. Flying experience validity has been found to decrease as a
function of training phase (Carretta & Ree, 1995). Thus, flying experience is most
predictive of success early in pilot training.

This has prompted current interest at AETC in the effects of updating the PCSM
model to baseline all applicants at a minimum of 50 hours of flying experience.
Currently each selected applicant has the opportunity to receive 50 hours of flight
training to earn a private pilot license prior to entering UPT, but the current PCSM model
uses the applicants FAA flight hours reported at the time of application. No such

baseline is implemented in this research. The data for this research is based on each
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applicant’s actual self-reported FAA flying hours at the time the PCSM score was

calculated.

2.2 Pitfalls in Ability Research and Pilot Selection

Carretta & Ree (2000a) detail 9 commonly overlooked methodological issues in
ability research. They are (1) range restriction, (2) unreliability, (3) dichotomization of
the criterion, (4) subgroup effects, (5) weighting of variables, (6) misunderstanding
constructs, (7) misinterpreting factor analytic results, (8) lack of statistical power, and (9)
failure to cross-validate. Each is discussed separately in this section. For this research,
range restriction is perhaps the most critical of the methodological issues reported by
Carretta & Ree (2000a). Significant attention is given to range restriction in section

2.2.1. The other pitfalls are addressed to a lesser extent.

2.2.1 Range Restriction

The Pearson correlation, “r is a consistent and efficient estimate of population rho
only under the condition that 7 is obtained from a random sample of the population”
(Duan, et al., 1997). Range restriction is a term used when the population correlation
between a predictor and criterion is underestimated in a pre-selected subset of the
population. After reviewing 700 criterion- related validity studies, Linn et al. (1981)
state, “Procedures for correcting correlations for range restriction are desperately needed
in highly selective situations.” A graphical presentation of the effects of range restriction
is provided by Sackett & Yang (2000). Burnham, Paulson, Andrews (1950) and Bryant

(1972) present numerical examples of the correction procedure.
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Several formulas exist for correcting range-restricted correlations. These are
generally attributed to Pearson (1903) in the univariate case and Lawley (1943) in the
multivariate case. Although Pearson (1903) is credited with developing the first
correction formulas for range restriction for three univariate cases, (Ree et al., 1994)
Thorndike (1949) popularized Pearson’s work by describing the three “cases” in which to
apply Pearson’s formulas correctly. The three cases “require hard-to-obtain estimates of
population variances, which account for their infrequent use” (Ree et al., 1994). Several
authors present the univariate correction formulas (Linn et al., 1981, Ree et al., 1994,
Sackett & Wade, 1983, and Sackett & Yang, 2000).

Lawley (1943) is usually credited with developing a general multivariate
correction formula that allows for a scenario involving selection on multiple predictors
(Ree et al., 1994); however, it is less commonly noted that Lawley extended work by
Aitken (1934) (Sackett & Yang, 2000). The multivariate correction performs poorly for
small samples, but has been shown to be more accurate (robust) for large samples even in
the presence of assumption violations (Held, 1996).

The general assumptions underlying the application of the correction formulas
provided below are taken from Duan et al. (1997), although they are commonly cited in
the literature. The Lawley (1943) multivariate correction relaxes the normality
assumption, which makes it appealing to researchers.

1. Linearity of regression of the criterion on the predictor

2. Homoscedasticity of the criterion error variance for all values of the predictor

3. Bivariate normality among the predictors
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Lawley’s multivariate correction formula differentiates between selection
variables and incidental variables. Selection variables are those variables for which
selection is based and are available for an unrestricted population (AFOQT scores, BAT
scores, & other available predictors). Incidental variables are measured only in the
restricted sample (i.e. UPT criterion). Ree et al. (1994) present and develop matrix
equations for the multivariate correction formula. Sackett &Yang (2000) state that the
multivariate correction should be used in cases where simultaneous or sequential
selection is made on multiple variables. This is the case with the USAF UPT selection
process; however, the criteria is either different across selection sources or is not
specifically defined.

Carretta & Ree, who have been involved in a significant portion of PCSM
research, opt for Lawley’s (1943) multivariate correction in their work on PCSM.
Lawley’s (1943) multivariate correction is popular due to its relaxed set of assumptions.
Where corrected correlations are used in this research, both the uncorrected and corrected
correlations are reported. Furthermore, in keeping with past research by Carretta, Ree, &
others who have done significant PCSM research, Lawley’s (1943) multivariate
correction technique is used in this research. A Windows® based application developed
by Johnson & Ree (1994) named RANGEJ makes calculating the Lawley (1943)
multivariate correction straightforward. The RANGEJ application is used in this
research.

Correction for range restriction is suggested if the sample does not accurately
represent the population for which prediction is needed. The need for range restriction

corrections is common in ability research because information about the applicant

17



population is often lost or unavailable. For example, it is impossible to collect criterion
scores for those not selected. The goal of this research is to create a model using
predictor and criterion data on a pre-selected sample of those who previously attended
UPT and use that model to predict the success of future pilot training applicants prior to
selection for UPT. Since UPT selection is not done randomly, range restriction occurs.
Range restriction can occur as a result of many different selection scenarios. The
two most common are direct and indirect (incidental) selection from the population.
Under direct selection, applicants are selected based strictly on a cut-off score for a
predictor. Under indirect selection, applicants are selected based on a cut-off score of a
predictor or some combination of predictors not included in the available set. This causes
range restriction in the predictor set, which is related to the magnitude of the correlation
between the predictor on which selection occurred and the predictors in the predictor set.
Range restriction can also occur when the selection process is unknown or based on

immeasurable predictors.

2.2.1.1 Robustness and Accuracy of Corrections

Correction accuracy is a function of the degree to which the underlying data
assumptions have been met, direct vs. indirect (incidental) selection, and the correction
formula (univariate or multivariate) (Sackett & Yang, 2000). Historically, selecting a
correction formula has been based on whether the data is univariate or multivariate alone.
Sackett & Yang (2000) state “Thorndike correction formulas for range restriction can be
shown to be special cases of a multivariate correction formula developed by Aitken

(1934) and extended by Lawley (1943).”
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Sackett & Yang (2000) discuss multiple scenarios under which range restriction
commonly occurs and their effects on the restricted correlation and regression
coefficients. They investigate a total of 11 different range-restriction scenarios based on
combinations of three facets. The three facets are: (a) the variable on which selection
occurs, (b) whether unrestricted variances for the relevant variables are known, and (c)
whether a 3™ variable (indirect selection), if involved, is measured or unmeasured
(Sackett & Yang, 2000). This significantly expands the menu of correction formulas
available to the researcher.

Sackett & Yang (2000) found that “the Aitken-Lawley multivariate correction
formula consistently reproduced population correlations closely, with precision
decreasing as the sample size and the selection ratio decreased.” Selection ratio is the
proportion of applicants selected from the population. A small selection ratio could
imply a highly selective process. Sackett & Yang’s results confirm previous results by
Lee et al. (1982) and Greener & Osburn (1980); however, the “closeness” of the
corrected correlation was shown to degrade rapidly as selection ratio decreased in
Greener & Osburn (1980).

Sackett & Yang’s (2000) last case is most germane to this research in lieu of the
differences in selection processes across selection sources found by Weeks (1998). The
Weeks (1998) study is discussed in section 2.3.3. Sackett & Yang (2000) endorse more
caution in using correction processes when the “range restriction processes are not fully
understood, such as those in which unmeasured variables play a large role.” Given the
inaccuracies of correction formulas when applied to the incorrect range restriction

scenarios, the researcher must take caution in selecting the appropriate correction formula
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(Sackett & Yang, 2000). Such is the case with the selection process for UPT since the
AFA and ROTC account for the majority of pilot candidates selected across the entire Air
Force (Weeks, 1998). Weeks (1998) cautions researchers considering corrections for
range restriction related to this research.

The results discussed to this point and those discussed in the next several sub-
sections suggest that the range restriction does occur as a result of UPT selection;
however, simply meeting the theoretical criteria known to induce range restriction does
not guarantee corrected correlations are appreciably more desirable. Despite the
generally positive results obtained through correcting correlations for range restriction,
the true unrestricted population correlation is known in most studies on the accuracy
and/or robustness of correlations corrected for range restriction. Unfortunately,
unselected pilot applicants never go to UPT; therefore, no information on their criterion

scores is available. Therefore, the accuracy of such corrections cannot be estimated.

Lord & Novick’s (1968) text, Statistical Theories of Mental Test Scores” is often
cited in literature related to the range restriction problem. “Lord & Novick (1968)
indicated that there is a tendency for test score data to violate both assumptions (linearity
& homoscedasticity) ... at both extremes of the distribution and expressed serious
reservations regarding the probable accuracy of the corrections under conditions of
extreme selection” (Greener & Osburn, 1980). To that end, Greener & Osburn (1979,
1980) specifically address the accuracy & robustness of corrected correlations.

Greener & Osburn (1979) performed an empirical study of the corrections in the
case of direct selection. Greener & Osburn (1980) studied accuracy in the case of direct

selection in the presence of differing degrees of either heteroscedasticity or non-linearity
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of regression. Greener & Osburn (1979) also found the correction “was very sensitive to
moderate departures from linearity (of the regression) but was quite robust in the face of
rather substantial departures from homoscedasticity” (Greener & Osburn, 1979).

Greener & Osburn (1979) found that the accuracy of the correction is a function
of the magnitude of unrestricted correlations in the population. Noting a difference in
results, Duan et al. (1997) makes the opposite statement about the relationship between
correction accuracy and magnitude of the unrestricted correlation. In Greener & Osburn
(1979, 1980), the corrected sample correlation typically was more accurate than the
uncorrected sample correlation when the unrestricted population correlation, rho, was
moderate. However, Greener & Osburn (1979) found that the corrected correlation was
no more accurate than the uncorrected one when the population rho was small (.10 to
.25)” (Duan et al., 1997). This case is likely to hold for many of the predictors available
in this research. Duan et al. (1997) point out that the discrepancy in results could be
related to the fact that Greener & Osburn (1979) used empirical distributions, which may
have violated the linearity and/or homoscedasticity assumptions. Greener & Osburn
(1980) further studied corrections under assumption violations.

Duan et al. (1997) investigated the accuracy of several methods of estimating
standard error of correlations corrected for Thordike’s Case 2 range restriction via Monte
Carlo simulation. Duan et al. (1997) found four main results, which follow. First, in
every case investigated (5 <N < 50) “the correlation coefficient corrected for range
restriction always was a more accurate approximation of the population rho than the
correlation calculated from the restricted sample.” This is consistent with Lin et al

(1981) and Mendoza (1991). Second, Duan’s et al. (1997) results suggest, “when the
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selection ratio is very small the corrected Pearson correlation is not accurate in estimating
population rho.” Nevertheless, corrected estimates are still overly conservative in this
case. Third, for a given range restricted rho and selection ratio, the corrected correlation
became more accurate as sample size increased. This result agrees with Bobko’s (1983)
findings. The largest sample size in the Duan et al. study was N = 50. Finally, “the
accuracy of Rc (corrected correlation) has no apparent relation to population rho (Duan et
al., 1997).

Extending their research, Greener & Osburn (1980) simulated 9 bivariate
distributions with correlations ranging from 0.10 to 0.90. From each one of these
distributions, 7 samples (N = 40,000) were obtained for 5 different replications. The 7
samples included a bivariate normal distribution with equal means and variances and two
each of three distributions, which violate one of the assumptions to differing degrees.
The first type violated linearity of regression via a sigmoidal shape. The second type
violated homoscedasticity with an increasing trend in variance (fan shaped). The last
type, violated homoscedasticity by displayed an increasing, then decreasing variance
trend (football shaped). Greener & Osburn (1980) simulated varying degrees of range
restriction by truncating the lower portion of the sample with increasing proportions.

Greener & Osburn (1980) found that “violation of one or both of these
assumptions can lead to serious errors in estimating the unrestricted population
correlation.” This suggests the need to verify assumptions whenever the correction
formulas are used. Such has not been the case in PCSM related studies reviewed in this

research.
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Greener & Osburn (1980) found that correction accuracy is a function of both
selection ratio (in a strict truncation fashion) and unrestricted population correlation. As
selection ratio decreases and/or population correlation increases, the accuracy of the
correction decreases. The correction accuracy for the sigmoid shaped samples (non-
linear in regression) did not tend to be a function of the population correlation (Greener
& Osburn, 1980). With one exception, the corrected correlations tended to be negatively
biased across the Greener & Osburn (1980) study; however, in terms of percentage of
error reported by Greener & Osburn the errors tended to be quite large. Lee et al. (1982)
comment on the “gross underestimation” they witnessed. Over correction was seen in
only in the football shaped samples when 60% or more of the sample was truncated from
the lower end. Over correction tended to be less than the underestimate of the
uncorrected correlations for all but the most severe truncation (80% to 90%). Greener &
Osburn (1980) report the following results.

1. No tendency in the bivariate normal distributions to underestimate or
overestimate population correlations regardless of the magnitude of
population correlation and degree of truncation.

2. The corrected correlations for the sigmoid (non-linear) distributions were not
affected by the magnitude of the population correlation, but were increasingly
underestimated as the degree of truncation increased.

3. The corrected correlations for the fan-shaped (monotonically increasing
heteroscedasticity) distributions increasingly underestimated the population
correlation as a function of both the magnitude of the population correlation
and the degree of truncation.

It appears the results of Greener & Osburn (1980) do not fully support the

conclusions of Greener & Osburn (1979). Greener & Osburn (1979) noted the robustness

of the correction “in the face of rather substantial departures from homoscedasticity.”
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For the heteroscedastic samples, the negative bias in the corrected correlations was as
large or larger than those found in the non-linear samples. Although, all corrections
generally tended to be negatively biased across the range of population correlations, the
instances of over corrections found for the football shaped samples were smaller in
magnitude than the bias in the uncorrected estimates for all but the most sever range
restriction.

Lee et al. (1982) found a slight overestimation in corrected correlations. The
correction changed the correlation from 0.59 to 0.75 when the true population correlation
was 0.68. This occurred while implementing both triple and double correction
procedures to correct for both range restriction and unreliability. Lee et al. (1982) point
out that their use of split-half reliability may not be an optimal estimate for criterion
reliability in the process of the correction. Thus, using the split-half reliability estimates
for predictor and criterion to correct for unreliability in the multi-correction procedure
could be the cause of inconsistent results compared to Greener & Osburn (1980).

Lee et al. did confirm that “uncorrected coefficients grossly underestimate the true
validity ... and that the magnitude of the underestimate is inversely related to the selection
ratio” (Lee et al., 1982). This agrees with Greener & Osburn (1980). Lee et al. (1982)
used selection ratios that ranged from 0.50 to 0.10. Although in some cases, corrected
correlations overestimated population correlations, their results for the corrected
correlations confirm this inverse relationship as the bias in corrected correlations
decreased from about 9% overestimation to more than 10% underestimation when

selection ratio decreased from 0.20 to 0.10.
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Gross & Fleischman (1983) investigated simultaneous violation of distributional
and selection assumptions using actual test score data. In previous studies on the effects
of distributional violations, selection was assumed to be explicit (i.e. performed on a
single variable). Primarily, Gross & Fleischman (1983) make two conclusions.

First, it is unreasonable to assume that the correction formula can exactly

reproduce or even closely approximate the total group correlation when neither

the underlying distribution nor the selection assumptions are violated. At best

reasonably small percentage errors in the range of 15% to 20% can be assured

only when the degree of selection is quite modest.
Thus, if the unrestricted correlation estimate requires a high degree of accuracy, “the
correction formula will be inadequate, especially as the proportion of missing y
(criterion) scores increases.” Such accuracy is required when selecting predictors during
model development. Inaccuracy in the corrected correlations may cause more problems
than the uncorrected correlations themselves. The corrections are not robust to violations
of both assumptions and errors found were reasonably small, “only for very modest
degrees of selection” (Gross & Fleischman, 1983). “As the proportion selected (from the
population) decreases, the accuracy of the formula deteriorates” (Gross & Fleischman,
1983).

Secondly, Gross & Fleischman (1983) found accuracy to be highly dependent on
the distribution form underlying the data when both assumptions are violated.
Specifically, distributional forms “where the regression curve is exponential in form, and

the variance of y (criterion) is a decreasing function of X1 (the predictor)” results in a

substantial overestimate (Gross & Fleischman, 1983). Furthermore, Gross & Fleischman
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(1983) state that in some cases, the uncorrected correlation is a better estimate of the

unrestricted population correlation.

2.2.1.2 Conditions Resulting In Conservative Corrections

Linn et al. (1981) examined over 700 criterion-related validity studies in an
attempt to investigate:

1. The relationship between the standard deviation of the predictor and the

magnitude of the predictive validity (correlation).

2. Estimate the effect of corrections for range restriction assuming explicit

(direct) and incidental (indirect) range restriction.

A strong positive relationship was found between the standard deviation of the
predictor and the magnitude of the predictive validity (Linn et al., 1981). As the standard
deviation in the predictor decreases as a result of range restriction, the validity of the
predictor also decreased. Linn et al. (1981) found that the corrections reduced the
strength of this relationship, thus they are considered better than the uncorrected
validities, but “still apt to provide a conservative estimate.” This agrees with Greener &
Osburn’s (1979,1980) findings that corrected correlations tend to increasingly
underestimate population correlations as a function of selection ratio, despite violations
of the linearity or homoscedasticity assumption.

The goal of studying these relationships was to ultimately investigate “the
combined effects on corrections of violations of assumptions (linearity in regression and
homoscedasticity) and selection on an unspecified variable (direct or indirect selection)”
(Linn et al., 1981). Linn et al. (1981) cite Brewer & Hills (1969) for finding that

“inaccuracy of the corrections increased with increasing skewness and increasing
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selectivity (decreasing selection ratio).” Linn et al (1981) cite earlier work by Linn
(1968) that suggest corrections are negatively biased under the indirect selection scenario
when there exist strong correlation between the true selection variable and the available
predictor variable. Strong correlations have not been shown in the case of PCSM. This
is evidenced by the fact that USAF selection processes have resulted in selecting
applicants whose combined PCSM scores from 1993-2001 (N=18,927) that are fairly
uniformly distributed across the PCSM score range. In fact, more applicants have been
selected with low PCSM scores than high scores. Figure 61 in chapter 5 presents a
histogram of all valid PCSM scores in the data provided for this research.

Table 2 summarizes Sackett & Yang’s (2000) findings for several range
restriction scenarios a when positive correlation exists between a predictor and the

criterion in the population.

Table 2. Sackett & Yang (2000) Study Findings

Range Restriction Unrestricted Regression
Scenario Correlation Coefficient
Direct on predictor underestimated unaffected
Direct on criterion underestimated affected
Direct on extremes overestimated unaffected
Indirect on a 3™
predictor underestimated affected

The following are three considerations for correcting correlations for range
restriction suggested by Sackett & Yang (2000).
1. Sampling error of corrected correlations

2. Robustness of correction formulas against violations of linearity and
homoscedasticity
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3. Using maximum likelihood methods as an alternative for dealing with missing
data.

The second consideration, robustness to violations of assumptions, was discussed
in section 2.2.1.1. Furthermore, conditions that result in conservative corrections were
discussed earlier in this section. The first consideration, sampling error, is discussed in
the next section. The reader can go to Sackett & Yang (2000) for a more information on

maximum likelithood methods.

2.2.1.3 Sampling Error of Corrected Correlations

Gross & Kagen (1983) stated that very little is known about the standard error and
sampling distribution of corrected correlations. Mendoza et al. (1991) and Greener &
Osburn (1980) both cite Forsyth (1971) stating that the traditional calculation for standard
error of the Pearson product moment correlation coefficient is not appropriate for
confidence intervals about corrected correlations. More recently, Ree et al. (1994) state
that corrected correlations do not have a known sampling distribution and standard error;
therefore, statistical significance tests are theoretically not possible with corrected
correlations. Other methods of establishing confidence intervals around corrected
correlations had not been investigated when Forsyth (1971) was published. Since then,
Bobko (1983) used Talyor series expansion to develop standard error estimates, thus
making confidence intervals possible for correlations corrected for both range restriction
and attenuation.

Bobko (1983) showed that although standard error increases for doubly corrected
correlations (corrected for both range restriction and unreliability), “the proportionate

increase in standard error is less than the gain in magnitude in correlation, thus,

28



confidence intervals for double corrected correlations, though wider, are narrower than
one would expect from the increase in magnitude of the point estimates.” Bobko’s
development depends on large sample sizes and assumes the ratio of the “applicant to
restricted variance is fixed and known” (Mendoza et al., 1991). The criterion variance in
the unrestricted applicant population is not known in the case of UPT applicants.
Furthermore, due to changes in pilot production quotas reported by Weeks (1998), this
unknown variance is most likely not constant.

Bobko (1983) also demonstrated that estimates of double corrected correlations
are negatively biased, which is “in direct contrast to the empirical conclusion of Lee et al.
(1982).” This follows from Bobko’s interpretation of the individual impacts of three
multiplicative terms in the bias equation he presents. Bias increases as criterion
reliability decreases for the first term of the equation. Bias increases as the selection ratio
decreases for the second term. Bias approaches zero as sample size (n) becomes
sufficiently large for the last term. The multiplicative effect of these terms is that the
overall correction is expected to have a negative bias. The reader is directed to Bobko
(1983) for a proof that the double corrected correlation bias is negative.

Mendoza et al. (1991) demonstrated a Bootstrap method for obtaining confidence
intervals on the unrestricted population correlations from four simulated distributions.
These distributions are normal, mixed, positively skewed, and negatively skewed.
Mendoza et al. (1991) found positive results compared to other confidence interval
building methods. “The corrected correlation coefficient yielded accurate bootstrap

intervals over the four distributions” (Mendoza et al., 1991). Although population rho
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(correlation) had little affect on confidence interval accuracy, small population rho (R =
0.1) coupled with small sample size affected stability (Mendoza et al., 1991).

Mendoza’s (1991) bootstrap method for calculating a confidence interval around
the unrestricted correlation requires only general assumptions, which makes it more
applicable for selection studies with small to moderate sample sizes than Bobko’s (1983)
Taylor series based method. Mendoza et al. (1991) “found that the size of population rho

(correlation) did not affect the accuracy of the confidence interval.”

2.2.1.4 Multiple Correction Procedure

Although Bobko (1983) & Greener & Osburn (1980) do not substantiate Lee’s et
al. (1982) results, Lee et al. (1982) provided a discussion and comparison of two “double
correction” methods, which correct for both range restriction and unreliability of the
criterion. Lee et al. (1982) cite Schmidt et al (1976) and Nunnally (1978) for suggesting
“it would be inappropriate to correct for unreliability in both the criterion and the
predictor.” Bobko (1983) provide the following conclusions about double corrected
correlations under the assumptions of underlying bivariate normality and adequate
sample size.

1. Bias is inversely proportional to sample size.

2. Standard error is inversely proportional to the square root of the sample size.

3. Overall bias is negative.

The first two properties listed here are also true of uncorrected correlations
(Bobko, 1983). The expressions for bias and the variance of the corrected correlation are

inversely proportional to the square root of the criterion reliability and the selection ratio,
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thus the corrected correlation is less accurate with smaller reliability and/or selection ratio
(Bobko, 1983). Confidence intervals can be reported for corrected correlations, which
are narrower than one would expect from the increase in the point estimates (Bobko,
1983). Bobko & Rieck (1980) “have indicated that Taylor series approximations of
single corrected correlations are precise if z is greater than 100.” In a study on the
validity of AFOQT test scores, Carretta & Ree (1993b) found that range restricted
correlations further corrected for unreliability resulted in “trivial” changes. Therefore,

only the correction for range restriction is employed in this research.

2.2.1.5 Sign Changes As A Result of Corrections

Ree et al. (1994) discuss sign changes that they have witnessed in corrected
correlations using Lawley’s multivariate formula. They explain these sign changes by
close examination of the Lawley (1943) multivariate correction, which assumes selection
is based on p predictor scores available in the unrestricted population. The correction
involves estimation of a variance-covariance matrix that is divided into a 2 x 2 matrix of
variance-covariance sub-matrices. In the development, Ree et al. (1994) show that
unknown variance-covariance sub-matrices can be estimated from distributional
information estimated for the unrestricted population. See Ree et al. (1994) for the full
development of the Lawley (1943) multivariate correction.

Held (1996) provided further explanations for the sign changes discussed by Ree
et al. (1994). Held states that under the assumption that all selector variables and the
criterion are positively correlated, a negative to positive sign change in the corrected
correlation is a “function of the inter-correlations of the selectors and criterion in the

restricted data set, and cannot be viewed as an abnormal outcome.” On the other hand, a
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positive to negative sign change “may be a function of small and/or inadequate data set,

and should be viewed as an unrealistic outcome” (Held, 1996).

2.2.1.6 Arguments Against Corrected Correlations

Damos (1996) is among the few authors who flatly reject correcting for range-
restricted correlations. Although Damos points out some pertinent issues that are likely
to combine with the range restriction phenomenon in causing correlation shrinkage in a
sample, she does not provide evidence for her claim that “range restriction is a red
herring.” She seems to base her opinion on the fact that many corrected correlations are
appreciably greater than the uncorrected correlations in the range-restricted sample.
Although corrections resulting in overestimates of the population correlation are
uncommon, they have been discussed in previous sections of this research. Damos
(1996) does not offer any of those results as evidence of her case.

With that said, Damos points out several causes of low correlations in samples
that are germane to the PCSM data available for this research. Carretta, Ree, & others
who have performed PCSM research have not addressed several of these. The following
examples cause greater concern for a researcher’s ability to find variables that are truly
capable of effectively predicting pilot training success. These include (1) sudden changes
in pilot production quotas, (2) changes in pass/fail criteria and/or selection criteria as a
result of changes in pilot production quotas, and (3) severe dichotomization of the criteria

(Damos, 1996).
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2.2.2 Reliability of Predictor Scores

The extent to which a predictor score is unreliable affects the magnitude of the
criterion/predictor correlation. Reliability quantifies measurement error and ranges from
zero to one. Reliability of a predictor score defined as “the ratio of true variability to
total variability” (Ree & Carretta, 2002). Ree & Carretta (2002) state that false
conclusions and interpretations can result from ignoring the consequences of using
predictors with less than perfect reliability.

Reliability plays a role in many common statistical techniques, which are
discussed in Ree & Carretta (2002). Any observed predictor score can be thought of as
comprising the true score and uncorrelated error component. The variance of the

observed score can be represented as the sum of the true and error variances as

2 2 2
O obs = O true T+ O error, (2)

where Ree & Carretta (2002) use the following definition of reliability when test/retest

data are available:

2
_ O true

Txx' B (3)

O obs

Although the mean of a predictor or criterion score is not affected by unreliability,
lower reliability implies that measurement error is higher, which causes increased
observed variance (Ree & Carretta, 2002). Since reliability affects observed score

variance, it also affects hypothesis tests and confidence intervals involving a measure of
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standard error, which is based on standard deviation of the measure. The result is that
tests are less sensitive and confidence intervals are wider, hence statistical power can be
expected to decrease (Ree & Carretta, 2002). Ree & Carretta (2002) feel that decreased
statistical power and wider confidence intervals could lead to misinterpretations of what
constructs are being measured.

Unreliability also causes concerns for accuracy of correlations. “The
magnitude of the correlation between variables is limited by their reliabilities” (Carretta
& Ree, 2000a). “According to classical test theory, the upper bound on the validity
(correlation coefficient) is the square root of the reliability” (Stanley, 1971). Lower
reliabilities of two different measures of the same construct will cause the correlation
between the scores from those measures to decrease (Ree & Carretta, 2002). A well-
known formula that demonstrates the correlation between two variables as a function of
the reliabilities of the two variables is cited by Ree & Carretta (2002) and is presented in

Equation 4.

ry = 1eWrary) (4

Correlations can be corrected for unreliability by solving the above equation for

I'., the true correlation, which results in Equation 5 (Ree & Carretta, 2002).

e == — (5)

xx' w'
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Carretta & Ree (1993b) corrected for unreliability in conjunction with correcting for
range restriction in several studies. Under hypothetical perfect reliability among three
measures of a single construct and true correlation of 1.0 for any pair, partial correlation
would be zero (Ree & Carretta, 2002). Ree & Carretta (2002) show that unreliability of
0.8 causes the partial correlation to increase to a moderate 0.44.

For multiple regression, “the effect of the reliability is a function of reliability
magnitudes and the true score correlations among the predictors” (Ree & Carretta, 2002).
Again, there is no biasing effect on the regression coefficients, but “the effect of the
unreliability of the variable being partialed out has a substantial effect on the partial
regression coefficient of the other variable (in the two predictor case)” (Ree & Carretta,
2002). Hence, “the uncorrected regression weights are not dependable indicators of the
importance of the independent variables” (Ree & Carretta, 2002).

Ree & Carretta (2002) state that standard error of estimate increases as a result of

unreliability by

ASE, =0'y[\/1—(r2xyrxx, )(w/l—rzxy )} (6)

while the standard deviation of the predicted criterion decreases by

Ao, :(1—\/1—r2xx')*0'y, (7

and validity coefficients are reduced as a result of unreliability by
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Ar,, = (\/1 — )* r, (8)

In factor analysis, unreliability reduces factor loadings (Carretta & Ree, 2000a).
This leads to erroneous conclusions about construct interpretation (Carretta & Ree,
2000a). As reliability improves, factor loadings can be interpreted more directly. Carretta
& Ree (2000a) state that factor loadings can be corrected for unreliability. To do so “the
underestimation can be corrected by dividing the factor loading by the reliability”
(Carretta & Ree, 2000a). No test/retest data is available in this research; however,
variable communalities can be used as lower bound estimates of the reliabilities (Ree &
Carretta, 2002).

These issues are considered as part of the analysis, but the corrections discussed
above are not applied. This decision is based on the lack of significant results found by
Carretta (1994) and Carretta & Ree (1993b) after correcting for unreliability. In terms of
validating the current PCSM model via stepwise multiple linear regression, the
significant variables must be considered in light of these artifacts. However, the actual
regression coefficients are not the focus of the analysis. In terms of updating the
regression weights for the current PCSM model, no variable selection is performed.
Further, no information available suggests that the current PCSM regression weights have
been corrected for unreliability.

Ree & Carretta (2002) also suggest the use of “latent variable analyses” such as
confirmatory factor analysis to “eliminate or substantially reduce the unreliability of the
variables is a another worthwhile approach.” In this research, factor analysis is used in

this confirmatory sense as part of the PCSM validation. Despite any underlying affects
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caused by predictor unreliability, varimax rotated factor loadings provided for a very

straightforward construct interpretation relative to the current PCSM inputs.

2.2.3 Dichotomization of Criteria

In general, Cohen (1993) prefers the use of continuous criteria whenever possible.
Cohen (1983) cites Cohen & Cohen (1983) for arguing against needless dichotomization
of a criterion because “it results in underestimating effect sizes and reducing the power of
statistical hypothesis test.” Dichotomization has its roots in what is known as “broad” or
“coarse” grouping of continuous variables as a method of simplifying statistical
calculations (Cohen, 1983). In Cohen’s view, the advent of the modern computer makes
such data simplification unnecessary.

Cohen (1983) specifically discusses the case of a bivariate normal population
where variable X predicts criterion Y. Dichotomization of the predictor variable at the
mean, reduces the proportion of criterion variance accounted for by the dichotomized
predictor variable to 64% of that accounted for by the undichotomized predictor variable
(Cohen, 1983). The situation worsens as the point of dichotomization moves away from
the mean. This results in reduced product-moment correlation and smaller test values,
which obviously affect associated statistical tests (Cohen, 1983). With dichotomization
being performed at or near the mean, large sample sizes can still detect significance with
test values at approximately three-fifths to three-quarters as large as they should be
without dichotomization (Cohen, 1983). However, sample size in no substitute for severe
dichotomization.

In this research, the criterion is dichotomized. Unfortunately, there is no

convenient way to create a continuous variable for the binary pass/fail criterion available
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in this research. Carretta & Ree (1993) attempted to overcome this problem by creating a
rank index based on actual UPT performance averages for those identified as successful.
For eliminees, a ranking index based on the total number of flying hours completed prior
to failure was fabricated such that the highest failure had a ranking index lower than the
worst graduate. This provided a continuous looking criterion to use in a linear regression.
Unfortunately, the number of flying hours completed is not available in this research;
therefore, there exist no method for ranking failures. However, Carretta & Ree (1993b)
found a correlation of 0.98 between the predicted outcomes for the binary pass/fail
criterion and the ranking index criterion. In essence, the creation of a more continuous
criterion had little effect on the actual predictions when the criterion was dichotomized
on a data set. The data used in this research is similar in content to the data used in

Carretta & Ree (1993Db).

2.2.4 Subgroup Effects

Group effects may occur when multiple groups (i.e. sex or race) are represented
within a sample. Validation of predictors is often based on correlation and regression. It
is possible that the correlations between the individual groups and the criterion differ
from the correlation between the combined group and the criterion. When this occurs,
the regression equation based on the combined group can lead to inaccurate conclusions
regarding the validity of the predictor for all groups represented in the sample (Ree &
Carretta, 1999). Ree & Carretta (1999) discuss possible scenarios and the resulting effect
on the regression equation for the combined group.

Ree & Carretta (1999) provide an example of “Simpson’s paradox” in which each

sub-group has zero correlation with the criterion, but group mean differences on the
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criterion produces a positive correlation between the combined group and the criterion.
When two groups exist in a sample, the authors suggest a hierarchical linear models
approach. “Hierarchical analysis consists of a series of linear regression models that are
tested to determine contributions of independent variables to prediction of the dependent
variable” (Ree & Carretta, 1999). The series of tests allows the researcher to
systematically investigate differences in regression slopes and intercepts of the individual
groups and combined group models to determine if a final model with only one slope and
one intercept based on the combined group is appropriate (Ree & Carretta, 1999). To use
a single model for prediction among the combined group is invalid when models for the
subgroups result in significantly different parameters.

For situations involving more than two groups (i.e. Race), Ree & Carretta (1999)
suggest using Within and Between Analysis (WABA) and cite Dansereau et al. (1984) for
providing a detailed discussion of WABA. Race is not considered in the current PCSM
model; therefore, race is not considered in this research.

Carretta & Ree (1995) and Carretta (1997a, 1997b) investigated both sex and
race/ethnic group differences between USAF officer and USAF pilot applicants.
Factorial invariance is a term used to describe whether selection instruments measure the
same factors for all groups (Carretta & Ree, 2000a). In other words, factorial invariance
implies that predictor scores load on the same factors in all subgroups. If factorial
invariance does not hold, misinterpretation of the constructs being measured may occur
because the set of predictors used to define an underlying construct is subgroup

dependent (Carretta & Ree, 2000a).
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In a study of a large sample of USAF officer applicants, Carretta & Ree (1995)
examined the factor structure of the AFOQT. The study results showed “nearly identical
structure of ability for sex and race/ethnic groups” (Carretta & Ree, 2000a). Since all
USAF pilots are officers, these results also apply to the USAF pilot applicant population
of interest in this research. In a study of USAF pilot applicants, Carretta (1997a)
investigated the factor structure of the BAT in terms of sex. Recall that the BAT
provides 5 of 7 inputs into the PCSM model. “Despite means score differences (among
sex subgroups) on the tests, results indicated near identity of factor structure for men and
women” (Carretta & Ree, 2000a).

Once factorial invariance is demonstrated, the researcher should test for
differences in mean scores among the sub-groups. Carretta & Ree (2000a) cite several
recent studies by Carretta (1997a, 1997b), in which mean score differences for the
AFOQT and BAT among sex and race/ethnic groups where investigated for USAF
officer applicants and pilot trainees. For the AFOQT composite scores, a significant
difference in mean scores were found for groups in terms of sex (male vs. female) and
race/ethnicity (Whites vs. Blacks vs. Hispanics). In both cases, the selection process is
thought to be the cause of a reduction in the mean score differences in terms of standard
deviation units (d) by > 50% (Carretta, 1997a). For the BAT, mean score differences
were reported for sex subgroups only, hence Carretta (1997b) was unable to report
race/ethnic results. Carretta & Ree (2000a) report that all mean score differences favored
males and were statistically significant for the sample of USAF pilot applicants. No

change in standard deviation units (d) was reported for those selected for pilot training.
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Differential validity occurs when tests do not measure the same constructs for
different groups. Referring to the wealth of literature available, Carretta & Ree (2000a)
state “the cumulative evidence overwhelmingly demonstrates that differential validity is
almost nonexistent for cognitive tests,” which accounts for the majority of PCSM input.
Carretta’s (1997a) results confirm this lack of differential validity for the AFOQT.

In summary, despite the presence of group mean score differences in terms of sex
and race/ethnicity for USAF pilot trainees, factorial invariance holds and differential
validity does not hold. Both situations are favorable in terms of using factor analysis to

explore and understand potential predictive scores.

2.2.5 Weighting of Variables

Weighting of variables refers to the linear combination coefficients derived by
some optimization procedure such as regression. “Two common weighting methods
include unit weighting and criterion-based regression weighting” (Carretta & Ree,
2000a). Walters et al. (1993) cite criterion-based regression weighting as the norm in
pilot selection (Carretta & Ree, 2000a). Ree et al. (1998) showed that unit weights
produced “nearly identical rank orders of candidates when compared with other
weighting schemes.” Carretta & Ree (1998 & 2000a) argue for using unit weighting
whenever top-down selection is used. According to Weeks’ (1998) policy capturing
study for four sources of UPT candidates, top-down selection is the primary method of
selecting pilots. However, the situation is exacerbated by the fact that each selection
source uses its own ranking system and PCSM is not the most significant factor for the

ranking systems of the AFA and ROTC, who select the majority of all UPT candidates.
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Although unit weighting has intuitive appeal for understanding the resulting
composite, it provides for less intuitive means of comparing candidates, which is
important in pilot selection. Pilot candidates near the “cut-off” are compared before the
final selections are made. Neither a candidate’s rank order or unit weighted composite
provide a normative scale for which to make a comparison (Ree et al., 1998). Such a
normative scale provides a means for making interpretations about the magnitude of the
difference between two composite scores, which are important when comparing two
applicants or when a data set spans multiple years. While PCSM’s regression based
weighting may be less intuitive than unit weights, the fact that its output has a
probabilistic interpretation makes it ideal for comparing two candidates. On the other
hand, “simple and unit weights are not influenced by outliers in the data and cannot lead
to shrinkage on cross application (cross-validation)” (Ree et al., 1998), a benefit not
enjoyed by other regression-based methods.

Ree et al. (1998) offer the conclusion that similarity in rank order between
regression-based weights and unit weights could be explained by an average correlation
(0.60) among the 10 Armed Services Vocational Aptitude Battery (ASVAB) measures
used as predictors in that study of enlisted Air Force members. It is certainly true that
similarity in regression weights across job families caused similar rank order results (Ree
et al., 1998). To counter this problem, Ree et al. (1998) also employed random weights
(1-9) in place of the regression weights. The results were surprisingly similar to those
rank orders found using unit weights and regression weights.

These results demonstrate Wilks” Theorem, which explains the “mathematical

inevitability of the ubiquitous finding that unit weighting produces a composite that is
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very highly correlated with composites weighted by any other method” (Ree et al., 1998).
Inspection of Wilks’ approximation formula (Equation 9) for the expected correlation of
two weighted linear composites reveals that the correlation is proportional to the average
correlation among the predictor variables and the number of predictor variables. In the
Ree et al. (1998) example, the average correlation () among the 10 ASVAB scores was
0.60. The expected correlation is also dependent on the magnitude of the squared
coefficients of variation (CV) (in brackets) of the two populations being compared. In
Ree’s et al. (1999) study, the CV’s were all near unity, thus essentially acted as a

constant.

2 2
§=1_2}K{G;+“2W}, (9
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where the terms of order 1/K? ... 1/K" are dropped, (r) is the average correlation of the
variables, K is the number of variables, v and w represent randomly drawn weight sets.
Despite the simplicity of this consequence, viewing PCSM scores as a pseudo
probabilistic inference of success plays a large role in operational implementation for this
research. The ability to interpret a PCSM score as a probability of success in pilot
training must be maintained in order to meet the customer’s operational requirement.

Therefore, unit weighting will not be used in this research.

2.2.6 Misunderstanding Constructs
Constructs are abstractions of abilities that researchers seek to measure. Once a
construct is identified, the researcher seeks to find measures that have construct validity.

One example of a construct germane to this research is that of Officership. Weeks (1998)
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found measures of Officership to be significant in the AFA and ROTC pilot selection
processes; however, the validity of the Officership measure used at ROTC was not found
to be statistically significant (p > 0.05). No significance test for the Cumulative Military
Performance (CMP) measure used at the AFA was reported by Weeks (1998). Other
constructs commonly used in military applications include intelligence, leadership ability,
or situational awareness. Constructs are not observed directly, but are inferred (Carretta
& Ree, 2000a). What a predictor appears to measure is not necessarily what it actually
measures. Without studying construct validity formally, many researchers make
erroneous assumptions about what is being measured by tests (Carretta & Ree, 2000a).

The factor structure and validity of the AFOQT and BAT tests has been formally
investigated in several studies (Carretta, 1997, Carretta & Ree, 1994, 1995a, 1995b,
1996). Specifically, the AFOQT and BAT tend to be “g-loaded” on the general cognitive
ability construct (Carretta, 1997, Carretta & Ree, 1995b, 1996, Ree & Carretta, 1995,
Olea & Ree, 1994). “A long history of research findings has demonstrated g to be the
most valid predictor of academic performance, job performance, and for numerous other
human characteristics” (Carretta & Ree, 2000a). However, there are those who place less
confidence in g as a predictor of ability (Bauer, 2003b).

In a study by Wheeler & Ree (1997), “results indicated that the validity of the
BAT psychomotor tests comes from their measurement of a general psychomotor factor
and g” (Carretta & Ree, 2000a). Olea & Ree (1994) studied the validity of general
cognitive ability and special abilities (spatial or perceptual) to predict several pilot criteria
including academic training performance and flying work samples. Olea & Ree (1994)

used AFOQT scores to estimate the predictors. Again, g was found to be most significant
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with specific abilities being incrementally valid to g (Olea & Ree, 1994). Ree & Carretta
(1998) found very high correlation (near 1.0) between verbal and quantitative scores on
the AFOQT and Scholastic Aptitude Test (SAT), respectively. This confirms that these
AFOQT scores capture the same construct as the SAT composites, which are accepted
measures of general cognitive ability, g.

Carretta & Ree (2000a) hypothesize that the incremental validity of specific
abilities over the AFOQT pilot composite was due to specific aviation related job
knowledge “rather than specific abilities such as spatial or perceptual ability.” Carretta &
Ree (2000a) summarize by stating, “research results point to g as the most important
underlying construct in the prediction of pilot training success.”

Jones & Ree (1998) found that “job ability differences did not moderate the
relationship between the amount of g measured by a test and its score validity. This
study was accomplished both across and within a range of job families requiring
differential job skills (Jones & Ree, 1998). Dissimilar results do exist. Carretta & Ree
(2000a) reported on a survey of several meta-analyses, which showed “measures of
cognitive ability and personality were less valid.” They concluded that these results
could be expected because such measures are “mainstays in military pilot selection
procedures, thus leading to restriction of range on these constructs.” Carretta & Ree
(2000a) cite Jensen (1998) for a complete presentation and discussion of general
cognitive ability.

Carretta & Ree (1996) performed a confirmatory factor analysis (CFA), which
“found that the AFOQT displays a hierarchical nature similar to other multiple aptitude

test batteries.” The higher-order factor found in this CFA was identified as general
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cognitive ability (g), which accounted for 67% of the common variance with all 16
AFOQT sub-tests contributing to the measurement of g (Carretta & Ree, 1996). These 16
sub-tests are then used to create the 5 AFOQT composites discussed in Section 2.3.1.

As noted throughout this section, the factor structure of the AFOQT & BAT
scores currently used in the PCSM model has been studied by Carretta (1997), Carretta &
Ree (1995b, 2000a), and Ree, Carretta, & Earles (1999a). This research makes no
attempt to further understand or define the factor structure or constructs measured by the
AFOQT or BAT composites. Factor analysis is only used for the purpose of validating

the those predictors currently in the PCSM model.

2.2.7 Misinterpretation of Factor Analytic Results

Factor analysis seeks to determine and explain unobservable sources of variation
in a correlation matrix. Factor analysis is often used to identify latent constructs being
measured by inspecting the factor loadings of each predictor across a predetermined
number of factors extracted via factor analysis. This is normally done via eigenvalue
analysis. By grouping predictors with factor loadings that meet some threshold, normally
0.50, it is possible to form an interpretation of what is being measured by each group of
predictors. Carretta & Ree (2000a) warn that the standard practice of factor rotation can
cause misinterpretation due to a phenomenon known as the disappearing first factor.
Carretta & Ree (2000a) suggests foregoing rotation or using a residualized hierarchical

solution, such as that used in a CFA of the AFOQT (Carretta & Ree, 1996).

Residualized hierarchical analysis is a method that uses factor analysis to identify
a single higher-order factor, which accounts for the most common variance among the

predictors. The common variance accounted for is generally referred to as communality
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of the factor. The remaining proportion of the variance is considered to be unique and
can then be attributed to lower-order factors. Carretta & Ree (2000a) cite Schmid, J., &
Leiman, J.M. (1957) as a source of more detail on developing hierarchical factor

solutions.

Not withstanding, rotation methods are well understood and routinely used in
factor analysis as a method of redistributing factor loadings. Factor rotation seeks to
maximize the factor loadings of each predictor on a single factor, while minimizing the
factor loadings of that predictor on all other factors. Thus, interpretation of the
underlying latent factors is made more apparent. However, there does exist some reason
for concern. Rennie (1997) provides the following quote on the matter of the
appropriateness of rotation from Pedhazur & Schmelkin’s (1991, p. 611) textbook, “What
might be viewed as a meaningful rotation from one theoretical perspective may not be
considered meaningful, even utterly inappropriate, from another.” Rennie (1997) cites
Hetzel (in press) by stating, “with varimax rotation, there is a tendency for the principal
factor to disappear because the factor variance is redistributed.” This redistribution is
exactly what researchers who employ rotation methods rely on to make clear a plausible
factor interpretation. In terms of construct validation, the question for Rennie (1997) is
not whether or not to rotate, but rather which rotation method best suites the researcher’s
current application. Rennie states, “rotation is used in almost all exploratory factor

analysis studies.”

In the present research, factor analysis is used in a confirmatory sense and as a
data reduction technique. Rather than make interpretations of the constructs being

measured by the AFOAT and BAT tests, these tests become the identifier for their
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construct. Data reduction results from factor analysis are compared for both unrotated
and varimax rotated factors. The factor analysis performed in this research is used to
confirm that the inputs of the current PCSM model are still valid at the construct level.
No attempt to duplicate CFA work discussed in this section is made. Therefore, no

residualized hierarchical analysis is performed.

2.2.8 Lack of Statistical Power

Sackett & Wade (1983) demonstrated that statistical power is much better than
Schmidt et al. (1976) suggest for the average size validity study (N = 68) when indirect
range restriction occurs. “Under indirect range restriction, the average validity study (N
= 68) has a 75% chance of detecting validity if validity exists when a one-tailed test can
be used” (Sackett & Wade, 1983). Under direct range restriction, “their (Schmidt et al.,
1976) tables are appropriate (Sackett & Wade, 1983). In this research, direct selection
does not occur on any of the predictors available. In fact, the indirect nature of the range
restriction that occurs during the selection of UPT candidates in not understood because
each selection source follows a unique selection process. Therefore, the relaxed sample
sizes reported by Sackett & Wade (1983) are applicable.

The required sample size is a function of required statistical power, criterion
reliability, and selection ratio for a given combination of experimental predictor validity,
interpredictor correlation, and operational predictor validity (Sackett & Wade, 1983).
Selection ratio is the proportion of the unrestricted population selected. In their study
involving common combinations of experimental and operational predictor validities and

interpredictor correlation, Sackett & Wade (1983) found that the required sample size for
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a required power of 0.90 ranged from only 32 to 312. Training set sample sizes used in

this research range from 282 to 6,310.

2.2.9 Failure to Cross-Validate

The squared cross-validity coefficient, R.%, is often used to estimate the predictive
power of a sample regression equation for use in future samples from the population.
Kennedy (1988) defines R.” as the “squared correlation of the actual criterion values with
the predicted values from the sample equation for the population of interest.” Under
typical social applications with moderate sample size, significant loss of information, due
to cross-validation, causes inflation of the validity estimates after empirical model
selection (Kennedy, 1988). This effect is counter to the effects of range restriction,
which causes the unrestricted correlation to be underestimated in the sample. The effect
is less dramatic with larger samples (Kennedy, 1988), such as those available in this
research. Kennedy also noted work by Hockings (1976), Rencher & Pun (1980), and
Lerner & Games (1981) that supports this conclusion.

Loss of information for model development due to holding-out part of the sample
for validation results in a “shrinkage” of the true validity when the sample equation is
applied to the population. In a comparison of several estimators of R.”, Kennedy (1988)
“demonstrated the accuracy of Stein’s formula for estimating the mean of the distribution
of all possible cross-validated correlations from the population from which the sample
was selected.” Kennedy (1988) states, Stein’s Operator “could be expected to yield
estimates as good as or better than cross-validation, or several other formula estimators.”
Stein’s Operator is presented in Equation 10. In a PCSM study, Carretta & Ree (1993b)

employed Stein’s Operator on correlation coefficients corrected for range restriction. In
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this case, Stein’s Operator resulted in insignificant (no more than 0.002) reductions in the

corrected correlations.

= _(N-D(N2)(NH) (1-R?)
(Np-1)(N-p-2)N

; (10)

where N is the sample size and p is the number of predictors in the model.

2.3 Pilot Candidate Selection Process

2.3.1 AFOQT Scores

The Officer Training School (OTS) and Reserve Officer Training Corps have used
the Air Force Officer Qualifying Test (AFOQT) to evaluate officer commission
candidates since 1957 (Skinner & Ree, 1987). “The Air Force Officer Qualifying Test is
a paper-and-pencil multiple aptitude battery used to select civilian or prior service
applicants for officer precommissioning training programs and to classify commissioned
officers into aircrew specialties such as pilot or navigator” (Carretta & Ree, 1995). The
AFOQT is comprised of 16 individual tests that are designed to determine an applicant’s
abilities in five different categories: verbal, quantitative, pilot, navigator, and academic.
A summary of the tests that make up the categories is provided in Table 2, followed by a

description of the tests in each category as described by Carretta & Ree, 1995.
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Table 3. Composition of AFOQT Composites (Carretta & Ree, 1995)

Composite
Academic Navigator-
Test Verbal Quantitative Aptitude  Pilot Technical

Verbal Analogies X X
Arithmetic Reasoning X
Reading X
Comprehension

Data Interpretation X
Word Knowledge X

Math Knowledge X
Mechanical

Comprehension

Electrical Maze

Scale Reading

Instrument

Comprehension

Block Counting

Table Reading

Aviation Information

Rotated Blocks

General Science

Hidden Figures

X

RER XXX
I o Tl
HKX XK X

KRR XX

e Verbal Category: Verbal Analogies measures the ability to reason and
recognize relationship between words. Reading Comprehension assesses the
ability to read and comprehend paragraphs. Word Knowledge provides a
measure of the ability to understand written language through the use of
synonyms.

e Quantitative Category: Arithmetic Reasoning measures the ability to
understand arithmetic relationships expressed as word problems. Data
Interpretation measures the ability to interpret data from graphs and charts.
Math Knowledge measures the ability to use mathematical terms, formulas,
and relationships.

o Academic Aptitude Category: The six tests that comprise the verbal and
quantitative categories.

e Pilot Category: Verbal Analogies are described above. Mechanical

Comprehension assesses mechanical knowledge and understanding of
mechanical functions. Electrical Maze provides a measure of spatial ability
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based on choice of a path through a maze. Scale Reading measures the ability
to read scales and dials. Instrument Comprehension assesses the ability to
determine aircraft attitude from illustrations of flight instruments. Block
Counting measures spatial ability through analysis of three-dimensional
representations of a set of blocks. Table Reading assesses the ability to
extract information from tables quickly and accurately. Aviation Information
measures knowledge of general aviation concepts and terminology.

Navigator-Technical Category: Arithmetic Reasoning, Data Interpretation,
Math Knowledge, Mechanical Comprehension, Electrical Maze, Scale
Reading, Block Counting, and Table Reading are all described above.
Rotated Blocks measures spatial aptitude by requiring mental rotation and
manipulation of objects. General Science provides a measure of knowledge
and understanding of scientific terms, concepts, principles, and instruments.
Hidden Figures measures spatial ability by requiring the detection of simple
figures embedded in complex drawings.

2.3.2 BAT Scores

The Basic Attributes Test (BAT) is a battery of tests administered to pilot candidates

during the application process. The BAT is designed to measure a candidate’s

psychomotor skills, information processing, and an activity interest survey. Studies by

Carretta (1989, 1990, 1992a) have validated its use in pilot selection. The test is

administered with an alphanumeric keypad, monochrome computer monitor, and two

joysticks at Air Force specified test facilities. The BAT is comprised of five tests

including Two-Hand Coordination (psychomotor), Complex Coordination

(psychomotor), Item Recognition (information processing), Time Sharing (psychomotor),

and Activities Interest Inventory (attitudes) (AETC 1998). AETC’s (1998) description of

each test follows:

Two-Hand Coordination is a pursuit tracking task (Fleishman, 1964). An
airplane (target) moves in a fixed, elliptical pattern at a varying rate. The
participant controls the horizontal and vertical movement of a “gun sight”
using the right and left control sticks. The participant’s task is to keep the gun
sight on the target. The scores are summed horizontal (PS8X1) and vertical
(PS8Y1) tracking distance error. These scores are then transformed to provide
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a single, continuous two-hand coordination score that ranges from 0 to 25549
with lower being better.

e Complex Coordination measures multi-limb coordination (Fleishman, 1964).
Using a dual-axis right control stick, participants are required to keep a 1-inch
cross-centered on a dotted line cross that bisects the screen horizontally and
vertically. Simultaneously, using the left single-axis control stick, participants
have to keep a 1” vertical bar horizontally centered at the base of the screen
(i.e. rudder). The scores are horizontal (PS8X2), vertical (PS8Y2), and rudder
(PS8Z2) tracking error. Each of these continuous scores ranges from 0 to
72000 with lower being better.

e Jtem Recognition measures short-term memory and is based on a task
proposed by Sternberg (1966). A string of 1 to 6 digits is presented on the
screen. The digit string is then removed and, after a brief delay, replaced by a
single digit. The participant’s task is to remember the digit string and indicate
whether the single digit was one of those presented in the digit string. Item
recognition results in 2 variables; ITMR and ITMP. ITMR is a continuous
score that ranges from 0 to 2742.8 with lower being better while ITMP is a
continuous variable ranging from 0 to 100 with higher being better.

o Time Sharing measures the ability to perform 2 dissimilar tasks at the same
time (i.e. time sharing ability; North & Gopher, 1976). In the first 10 minutes
of the test, the participant is required to keep a randomly moving gun sight on
an airplane (the target) using the right-handed control stick. In the next 6
minutes, the participant has to perform the tracking while simultaneously
canceling digits that appear at random intervals and locations on the screen.
Digit cancellation is timed and consists of pressing the same digit on the
numeric keypad. The final 3 minutes of the test involve tracking only.
Tracking difficulty is varied by increasing or decreasing the control stick
sensitivity as a function of tracking error. The reported score is called TMSD.
TMSD is a continuous value that ranges from 0 to 341.33 with higher being
better.

e Activities Interest Inventory provides two scores, which cannot be elaborated
upon due to issues related to test compromise. The two scores are AIAR and

AIAP. AIAR is a continuous value that ranges from 0 to 9322.9, with lower
being better, while AIAP is a discrete value that ranges from 0 to 98.77.

2.3.3 Pilot Selection Processes Across Pilot Sources
There are seven points of entry to U.S. Air Force pilot training. These include the

Air Force Academy (AFA), Reserve Officer Training Corps (ROTC), Officer Training
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School (OTS), Active Duty (AD), Air National Guard (ANG), AF Reserves, and
international sources (Weeks, 1998). Weeks (1998) performed a comprehensive pilot
selection policy capturing study for four of seven points of entry, which accounted for
65% of the pilots selected for training in that data set. The sources included in the study
where AFA, ROTC, OTS, and AD. In this study, Weeks provides a detailed review of
the selection process at each of the four sources. Weeks (1998) states that all selection
boards perform rank lists of pilot candidates and apply a cut-off dependent on the current
production requirement. The entire pilot selection process, as described by Weeks

(1998), is summarized graphically in Figure 2.

For analyzing the AFA, OTS, Active Duty (non-rated officers & navigators
separately) selection policies, Weeks (1998) defines the significance a variable has on the
selection process by defining an average sensitivity for each variable in a resultant model.
Sensitivity is defined by Weeks (1998) “as the percentage change in average board rating
given a 10% change in the selection variable.” For example, cumulative military
performance (CMP) average had an average sensitivity of 4.78% in the AFA model. This
implies that a 10% increase in CMP average resulted in a 4.78% increase in average
board rating. Weeks (1998) found that PCSM score is the most significant predictor only
for the Active Duty applicant selection process; however, Pugh (2003) indicates that this

is no longer the case. The results found by Weeks (1998) are presented in Table 4.

54



Selection Processes are Source Dependent
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Figure 2. Pilot Selection Processes By Selection Source

For the AFA, OTS, and AD, Weeks (1998) had develop a model, which estimates
these selection processes by investigating all known inputs available to the selection
boards. On the other hand, the ROTC selection process is known and defined by an
equation, which determines each ROTC applicant’s Categorization Order of Merit
(COM). Since the COM equation is known, Weeks needed only to identify which
predictor variables used in calculating COM are significant. For the year studied, 1995,
Weeks (1998) found 5 predictors to be significant; Relative Standing Score (RSS), GPA,
PFT, AFOQT Verbal, and AFOQT Quantitative. Significance is defined by Weeks
(1998) as the percentage of COM score range accounted for by each predictor. For

example, RSS accounted for 47.8% of the COM score range. The other four significant
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variables for the ROTC selection process and respective percentage of COM score range

are presented in Table 4.

Table 4. Summary of Weeks (1998) Policy Capturing Study

AFA OTS AD Non-Rated AD Navigator ROTC*

CMP 4.78% | GPA 1.91% | PCSM 2.09% | PCSM 1.85% | RSS 47.8%
GPA 321 | PCSM 1.10% | 2Lt Rank 0.07% gi oot 0.96% | GPA 19.8%
Flight # Positive Positive
Screening 1.40% | Recommend 0.43% | Endorser 0.05% | Endorser 0.77% | PFT 11.5%
Performance Letters Recommend Recommend

. . . Positive
Athletic 1 g0, | Interviewer | o | Engineeror 1o 10 | oo mmander | 0.33% | AFOQT | 1150,
Participation Comments Math Degree Verbal

Recommend

Military >
Cmdr 0.049 | ¥ Traffic - | Master’s 0.03% AFOQT | g 405
Position Violations 0.18% | Degree Quant.
Lower Mil. ) Possess ) Flying * Percentage for
Position o Bachelor of o Instrument 0.02% ROTC are % of
Held 0.03% Arts Degree 0.01% Rating COM Score Range

The main results of the Weeks study are two fold. First, although the AFA and
ROTC combined to provide 54% of pilots selected for training at that time of the study,
measures of ability are not the most significant selection criteria for either source (Weeks,
1998). Weeks (1998) found that the AFA selection process is dominated by two factors,
Cumulative Military Performance (Officership) and Cumulative Academic Average (see
Table 4). ROTC selection is dominated by a measure called Relative Standing Score
(RSS), which is an “Officership” score adjusted to account for differences in class size
across all ROTC detachments (Weeks, 1998). Second, Weeks (1998) showed that
correlation (validity) between ROTC’s RSS and the pass/fail criterion was 0.01 (p > 0.05,

N=469), while the AFOQT Pilot composite had a validity of 0.14 (p <0.01, N=469). In
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the current data, AFOQT Pilot has a correlation of 0.18 with the binary criterion.
Correcting for range restriction increases the correlation to 0.21. Weeks (1998)
concluded that although validity of the AFOQT Pilot composite was lower than in
previous studies, it is still a much better predictor of UPT performance than measures of
Officership. These results “indicates little or no relationship between Officership (as

measured by ROTC via RSS) and pilot training attrition.”

Despite Weeks (1998) findings coupled with the fact that PCSM has been shown
to be a valid predictor of pilot training success in several studies (Carretta, 1992a, 1992b,
2000), the AFA and ROTC have yet to implement PCSM scores as significant factors in
their respective selection processes. AETC Studies and Analysis Squadron, the sponsor
of this research, promotes the increased use of PCSM in the pilot selection processes. To
date, ROTC uses PCSM minimally, while the AFA has yet to implement PCSM scores

(Pugh, 2003).

The AFOQT pilot composite and PCSM score have both been shown to be valid
predictors of pilot training attrition (Weeks, 1998). Carretta & Ree (1992) showed that
measures of ability are valid predictors of pilot training performance. Weeks (1998)
found that the “AFA and ROTC pilot candidate ability levels are lower on the average
than what they would be if selection policies assigned equal importance to Officership
and ability.” Although measures of Officership have not been shown to be valid
predictors of pilot training performance, Weeks realizes the importance of leadership and
responsibility in a military setting (Weeks, 1998). Therefore, Weeks (1998) suggests a
balance between measures of Officership and ability in pilot selection, rather than

selection based on measures of Officership that currently exists at the AFA and ROTC.
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Given the results of the Weeks (1998) study, Carretta (2000) recommends
implementation of a minimum qualifying PCSM score and then applying the “whole-
person” concept to make final selections. Carretta (2000) noted that applying minimum
qualifying PCSM scores of 25 or 50 to the 1,268 pilot trainees who successfully
completed T-37 training as of Fall1998, increased T-37 graduation rates from 80.1% to
84.5% and 89.3%, respectively. If those not meeting the minimum PCSM standards are
replaced by applicants who do, one could expect an increase in graduation rates.
Currently, no minimum PCSM score is required for pilot training selection. There are

however, minimum qualifying AFOQT standards for UPT applicants (Weeks, 1998).

For the current data set, Figure 3 presents the number of selections by PCSM
score quartiles and source of selection (ROTC, OTS, AD, other). In Figure 4, failures
due to training deficiency (FTD) are captured by source within each PCSM score
quartile. Although AFA representation is too small in the current data to make realistic
statements about the AFA selection process, one can see that the distribution of ROTC
selections across the PCSM score range is different than the other sources. Specifically,
the majority of passes selected by ROTC have PCSM scores less than 50. The smallest
selected proportion of ROTC passes have PCSM scores greater than 75. Likewise, the
failures selected by ROTC are more prevalent at the lower PCSM scores. This
demonstrates the fact that PCSM is not a significant factor in the ROTC selection

Process.
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Figure 3. UPT Passes by Source
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Figure 4. Failures Due to Training Deficiency by Source
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2.4 Air Force and Navy Pilot Selection Model Validation Studies

2.4.1 PCSM Validation Studies

Pilot Selection Methods (Carretta & Ree, 2000a) summarizes the history of
military and commercial pilot selection programs, addresses “pitfalls” in ability research,
and reviews recent validation studies on AFOQT and BAT tests. Pitfalls of ability
research were discussed in section 2.2. Validation studies performed for the PCSM
model are discussed here. Carretta and Ree (2000a) include mission-readiness,
operational tempo demands, retention issues, training costs, and safety among the reasons
for sustaining a formal, scientifically based pilot selection program. As cited earlier, the
cost of pilot training is quite expensive; therefore, pilot candidate attrition is of utmost
importance for both military and commercial flying organizations. Reducing attrition
rates through optimal selection decisions can “reduce training cost, improve job
performance, and enhance organizational effectiveness” (Carretta & Ree, 2000a).

In order to ensure the maximal probability of success for each pilot applicant
selected, it is necessary to make selections based on predictors known to have predictive
power much greater than a naive or random type of selection. Formal validation of
predictors also ensures that selection is not based on predictors that are negatively
correlated with the criterion, which could introduce the possibility of test compromise by
encouraging poor performance on some tests. Carretta & Ree (2000a) consider validity
to be “the most fundamental testing and selection issue” (Carretta & Ree, 2000a).

Carretta & Ree (1994) performed a validity study on the predictors incorporated
in PCSM. “Regression analysis was used to determine which variables provided the best

prediction of two flying criteria: pass-fail flying training, and class rank at the end of
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flying training” (Carretta & Ree, 1994). The AFOQT “is a good measure of general
intelligence (g)” (Carretta & Ree, 1994) and has “g-saturation” of 41% (Carretta & Ree,
1995). Recall that g is considered to be the best predictor of training performance by

Carretta & Ree.

Carretta & Ree’s (1994) validation study of the variables in the current PCSM
model to determine which best predict training success found that “almost all variable
types were statistically significant predictors of the criteria.” This suggests that there are
no unnecessary variables included in the current PCSM model. However, results
presented in section 4.3.4 suggest that only 3 of the 7 inputs may be significant in terms
of PCSM performance. Results in Section 4.3.4 contradict this suggestion. The AFOQT
Pilot composite is the single most predictive variable in the PCSM model. Carretta &
Ree (1994) also investigated the incremental validity of the BAT subtests (psychomotor,
information processing, risk) and flying experience above that already accounted for by
the AFOQT Pilot composite. Flying experience was found to have the most incremental

validity, while BAT information processing displayed the least (Carretta & Ree, 1994).

Despite the potential for using flying experience to effectively screen applicants,
Carretta & Ree (1994) caution against over-weighting flying experience because of the
equally likely potential for screening out successful candidate’s due to “lack of income or
opportunity to pursue flying training” on their own. Furthermore, although “the influence
of early flying skills on later flying skills is very strong for both sexes,” flying experience
becomes less significant for predicting training success for later stages of UPT (Carretta

& Ree, 1995, 2000a). This suggests the advantage of entering training with previous
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flying experience decreases as training progresses due to learning curve effects for

students who enter UPT with little or no flying experience.

Carretta & Ree (1995) revalidated AFOQT composites for validity in predicting
pilot training performance using 7,563 men and women selected for pilot training, stating
that “no studies have closely examined its validity for predicting pilot training
performance since Miller (1966) investigated AFOQT composites.” AFOQT “reflects a
consensus among trainers, pilots, and researchers as to the important aptitudes for the

prediction of pilot success” (Carretta & Ree, 1995).

Carretta & Ree (1995) point out that Miller did not correct correlations for the
effects of range restriction. Carretta & Ree (1995) employed Lawley’s (1943) correction
formula to correct for range restriction. “The Lawley procedure estimates the
correlations, variances, and means of both predictors and criteria as they would be found
in the unrestricted population” (Carretta & Ree, 1995). They also corrected for
unreliability using communalities as computed in principal factor analysis as estimates of
reliabilities. Such communalities provide a lower bound estimate on reliabilities (Ree &
Carretta, 2002); therefore the correction for unreliability would be based on a
conservative estimate of the true reliability. The study demonstrated that “on average,
the restriction in range was such that the variances in the sample were about 68% of the
population variance values” for the AFOQT composites (Carretta & Ree, 1995). Carretta
& Ree (1995) did not address whether Miller’s (1966) study selected a sub-optimal set of
predictors as a result of using uncorrected correlations, which is the point of correcting

correlations during model development.
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In another study, Carretta & Ree (1994) show that range restriction due to pilot
training selection caused 14 of the 16 variances for AFOQT subtests to “decrease on
average to 70% of the applicant sample variance” used by Skinner & Ree (1987). Each
of the 16 separate AFOQT tests provided some form of predictive value in Carretta &
Ree’s (1995) analysis, “which leads to the conclusion that the individual composite
scores are valid predictors worthy of consideration in the current analysis” (Young,
2002). In short, Carretta & Ree’s (1995) study “show(s) that AFOQT is valid for the
selection of pilots.” Similar to Young (2002), this research considers all five AFOQT
composites. Given the presence of predictive value of all 16 AFOQT sub-tests, perhaps
an investigation into the creation of a new PCSM specific composite of AFOQT sub-tests

would yield a replacement for the Pilot composite.

Carretta (1992b) found that “use of a training criterion based on flying
performance data would not necessarily have resulted in a lower attrition rate than if the
dichotomous UPT final outcome criterion was used.” The data available for this
research include several UPT performance measures. Although a continuous UPT
performance measure is not used as a criterion in this research, the data is available as a
result of the data preparation process. The data prepared for this research makes it
possible for a future researcher to confirm Carretta’s (1992b) results. In doing so, a
composite similar to the RANKIND composite used by Carretta (1992b) could be
tailored to account for the fact that no data on total flying hours completed is available in

the current research data.

Carretta (1992b) studied several rank composites with UPT eliminees included in

the sample. Carretta (1992b) also noted that the “criterion used in the regression had
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little effect on the order ranking of the applicants once the predictors were held constant.”
Due to the presence of skewness that is commonly seen in AFOQT and BAT scores (i.e.
high sample means with low variation) among selected pilot training candidates, Carretta
(1992b) also investigated regression on log-transformed data. This resulted in “nearly
identical results” (Carretta, 1992). In short, regression on a composite of actual UPT
performance scores as the criterion did not change the resulting rank order of pilot

candidates vs. regression on a binary pass/fail criterion.

In 1997, Carretta & Ree investigated high attrition rates among enlisted U.S. Air
Force members in training for the job of weapons director. They found the failing group
did not lack in ability when compared to the passing group, in fact “there were no notable
differences in ability between those who successfully completed training and those who
failed to complete training for non-academic reasons” (Carretta & Ree, 1997). Of 32
failures, only 3 were for academic reasons. The average score on the study’s general
ability composite for these 3 failures is 55, which translates to a predicted training grade
of 87; a passing grade. Carretta & Ree (1997) suggest that when lack of ability cannot be
identified as a cause for training failures, increasing ability standards will not reduce the
attrition. In this case, they noted that all 32 failures had been non-volunteered to
weapons director training. Hence, lack of motivation seemed to be the most likely cause

of attrition.

It is suspected that rather than opting for self-initiated elimination (SIE) from
UPT, pilot candidates sometimes purposely fail graded flying-related measures.
However, the current data set includes approximately equal numbers of FTD's and SIE's,

which suggests that such actions are not as pervasive as some theorize. General cognitive
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ability, g, captured by the AFOQT pilot composite is the best predictor of pilot training
success within the PCSM model; however, it is impossible to predict failures such as self-
elimination because they are not ability related. No predictive model based on ability can
account for a phenomenon such as lack of motivation or fear of flying. At AETC’s
request, the current research is conducted on a data set that includes FTD’s, SIE’s, and

academic failures.

Weeks (1998) theorized that attrition is a function of three factors; student quality,
the ratio of production to training resources available to students, and training difficulty.
McLaughlin (1996) hypothesized a relationship between attrition and production. Weeks
(1998) found the historical average attrition rate to decrease at times of low pilot
production and increase in average attrition rate at times of high pilot production. When
production quotas increase, resources are generally not increased at all or at a
proportionate level (Weeks, 1998). This causes pilot training resources to become scarce,

thus driving up the production to resources ratio.

Although Weeks (1998) hypothesizes that training complexity is increasing, due
to the complexity of modern cockpits and introduction of mission oriented training, a
relationship between attrition and training complexity has yet to be shown. Weeks
(1998) states that the current de-emphasis of ability at AFA and ROTC may be
combining with an increase in production to resource ratio, to increase attrition beyond
what would be seen if more emphasis in selection was put on ability. Further, Weeks
(1998) predicts further increases in attrition if selection policy continues to focus on non-

ability measures.
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The fact that Weeks (1998) found that attrition rate is associated with USAF pilot
production quotas may imply that the standard by which the UPT pass/fail criterion is
based is not constant. Of course, other factors include possible changes in selection
processes and quality of those selected in years of high production quotas. Thus, the data
includes records of UPT failures during years of higher pilot production, which may have
been a pass in years of low production. The opposite case is also likely, where passes in
years of high production may not have been selected over failures selected in years of
low production. Furthermore, changes in production quotas cause changes in the
distributions of predictive test scores for selected pilot candidates. Surely, such artifacts
in the data make discrimination more difficult, thus limiting the predictive power of the

resultant models.

2.4.2 Validation of Naval Aviation Tests

Williams et al. (1999) performed a revalidation of the Aviation Selection Test
Battery’s (ASTB) utility for predicting performance in naval aviation ground school and
flight training grades. The ASTB is the Navy equivalent of the AFOQT. The ASTB was
originally introduced in 1942 and the current version dates back to 1992 (Williams et al.,
1999). Despite not correcting sample correlations for range restriction, the results of the
ASTB validation were positive. Williams et al. (1999) provide the following description
of the ASTB. The ASTB consists of six paper-and-pencil sub-tests, which are used to
generate three composites used in the naval pilot selection process. All three have been
validated to predict their intended criterion. An academic qualification rating (AQR)
predicts ground school performance. A Pilot Flight Aptitude Rating (PFAR) predicts

flight grades in primary flight training. The Pilot Biographical Inventory (PBI) predicts
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attrition through primary flight training. Although Williams et al. (1999) found the
ASTB to perform well at predicting ground school (academic) and flight training grades;
it provided the ability to predict attrition “to a lesser extent”. Hence, it appears that
attrition is not only related to flying and academic abilities.

Furthermore, Williams et al. found that a relatively new computer-based
performance test (CBPT), similar in description to the BAT, shows promise as a tool for
selection of U.S. naval aviators. The CBPT has yet to be implemented in the naval pilot
selection process (Williams et al., 1999). Although, only a small sample (N=210) of data
was available, CBPT performed well as a predictor (R* = 0.33, p < 0.0001). The sample
(200 male, 10 female) volunteered to take the CBPT prior to beginning Aviation Pre-
flight Indoctrination (API). The CBPT data provided incremental validity beyond that of
using PFAR alone, by accounting for 17% of the primary flight grade variance in the
sample (Williams et al., 1999). See Williams et al. (1999) for a more detailed
description of the CBPT and its 10 sub-tests.

Although only 15% of those who take the ASTB are selected for naval aviator
training, Williams et al. (1999) specifically chose not to correct correlations for range
restriction in the revalidation study. Despite this, Williams et al. found correlations of
moderate magnitude. These correlations were comparable to historical ASTB findings of
Frank & Baisden (1993) and Hiatt et al (1997), which are cited by Williams et al. (1999).

Damos (1996) also refrained from correcting for range restriction. Damos found
results similar to Williams et al. (1999) for a wide variety of aviation selection tests. The
merits of Damos’ argument against correcting for range restriction are considered in

section 2.2.1.6. Williams et al. (1999) did not consider CBPT tests requiring “rudder
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pedals or more than one joystick” citing reliability, calibration, and quality control
problems with more complicated psychomotor test batteries. As a side note, the USAF
BAT currently includes tests requiring more than one joystick and a new version of the
BAT requiring the use of rudder pedals is nearing operational use (Pugh, 2003). Despite
the presence of possible unreliability in the BAT scores related to the EQPMOT input to
PCSM, results of this research presented in chapter 4 suggest that EQPMOT or its
component scores has been shown to be the most significant scores among the BAT sub-

tests.

2.5 Current PCSM Database and T-37 Performance Data

The research sponsor, AETC/SAS, provides the data used in this research.
Predictive & demographic data is contained in a PCSM database. UPT performance data
is contained in separate SSN and MASS databases. The SSN database provides data on
the actual UPT pass/fail outcome, while the MASS database provides UPT performance
scores. The data preparation process used to generate the consolidated data set used in

this research is described in Section 3.3.

The current data set contains 3,343 records, 3,155 are passes and 188 failures.
The data includes 3,086 males and 257 females. Table 5 presents the breakout of passes
and failures by selection source in the current data set. Table 6 presents UPT outcome by
sex. Table 7 presents the number of each type of failure contained in the data set by sex.
Figure 5 present the information of Table 7 as percentages of each failure type within

each sex.
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Table 5. Pass/Fail Breakout by Source

Source | AFA | ROTC | OTS | AD | ANG/AFR | Other | Totals
Passes 56 1385 428 | 575 658 53 3155

Failures 0 134 8 24 21 1 188
Total 56 1519 436 | 598 779 55 3343

Table 6. Breakout of UPT Outcome by Sex

Pass | Fail | Total

Female | 225 32 257
Male 2930 | 156 | 3086
Total | 3155 | 188 | 3343

Table 7. Number and Type of UPT Failures by Sex

Failure Type FTD | Academic | SIE | Total
Female 15 2 15 32
Male 70 12 74 156
Number of
Failures 85 14 89 188
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Figure 5. Proportion of Failure Types by Sex

2.6 Factor Analysis

Dillon & Goldstein (1984) describe factor analysis as a “data reduction technique
for investigating interdependences.” Dillon & Goldstein (1984) differentiates factor
analysis methods from other data reduction methods such as principal component
analysis by stating that factor analysis techniques “distinguish different types of
variance,” rather than simply accounting for total variance. In general, unobservable
factors are associated with a set of observable variables, which represent a common or
shared type of variation. Factor analysis attempts to find links between seemingly
unrelated variables to a common factor structure. For the common factor-analytic model,
“interest centers on that part of the total variance that is shared by the variables” (Dillon
& Goldstein, 1984). The variables “linked” together for each factor are then used to

make interpretations about the latent structure underlying the data.

In exploratory factor analysis, the researcher seeks to investigate, interpret, and

ultimately understand the factors underlying the data. Linkages between observable
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variables and unobservable factors are established via factor loadings. Under certain
circumstances, factor loadings represent the correlation between the variables and the
factors (Dillon & Goldstein, 1984). Confirmatory factor analysis, on the other hand,
seeks to confirm or deny the hypothesized interpretation of the underlying factor
structure. In this case, the dominant factors are thought to be understood and represented
by the variables used in the PCSM model. For example, PCSM’s 7 inputs originate from
3 primary sources; the AFOQT, the BAT, and flying experience. This research uses
factor analysis to confirm the linkages between these inputs and the most dominant

underlying factors.

2.7 Discriminant Analysis

Discriminant Analysis attempts to discriminate between two or more groups
within a population. This is done by deriving a discriminant function that when applied
to independent predictors, classifies each exemplar as a member of one of the groups.
The discriminant function is a linear combination of independent variables.
Discrimination is accomplished by maximizing between-group variance relative to the
within-group variance” (Dillon & Goldstein, 1984). Once applied to an individual
exemplar, the discriminant function assigns a score on the discriminant function line.
This discriminant score is “essentially a weighted average of the exemplar’s values on a
set of independent variables” (Dillon & Goldstein, 1984). After all exemplars are
assigned a discriminant score, an a posteriori probability of the likelihood of belonging to
each group can be derived for each score. Deriving two distributions along the
discriminant function line does this. Figure 6 is a graphical representation of a two-group

discriminant analysis from Dillon & Goldstein (1984).
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Figure 6. Graphical Illustration of Two-Group Discriminant Analysis

2.7.1 Discriminant Analysis Methodology

Discriminant Analysis is typically based on the assumption the data is
multivariate normal and that the variance-covariance matrix of independent variables in
each group is the same (Young 2002). Fisher’s original derivation of the linear
discriminant function did not specify any distributional assumptions (Dillon & Goldstein,
1984). Dillon & Goldstein (1984) provide a summary of work done to test the robustness
of the linear discriminant function to departures from multivariate normality and equality
of variance-covariance matrices. Optimal results are obtained when these two
assumptions hold; however, many studies have ignored the assumptions based on the fact

that Fisher made no distributional assumptions (Dillon & Goldstein, 1984).

Dillon & Goldstein (1984) caution that the linear discriminant function is not

robust enough to ignore the two assumptions and give the following summary of their
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findings in the literature. They found that studies on the effects of unequal variance-
covariance structures indicate that the test for the equality of group mean vectors is
adversely affected. When multivariate normality is violated, “tests of significance and
estimated classification error rates may be biased.” Normality should be investigated if
estimated error rates are greatly different for the groups in the population. To test
equality of covariance matrix for the two-group problem, the Box M method is used.
Details concerning the development and implementation of the Box M method are
available in SPSS’s online manual (SPSS 2002a). A significant p-value for the Box M
method implies that the variance-covariance matrices obtained for the two groups are not
equal, thus rejecting the null hypothesis. SPSS provides the option to use separate
variance-covariance matrices in its discriminant analysis procedure. Some caution the
using the Box M test of equal covariance structure stating, “the multivariate Box M test is
particularly sensitive to deviations from multivariate normality, and should not be taken

too ‘seriously’. (StatSoft Inc., 2003).

If equality of variance-covariance structure holds, then Fisher’s approach is

A

applicable. Fisher showed that Equation 11 gives the vector of discriminant weights (b ),
here S, is the pooled sample covariance matrix shown in Equation 12 (Dillon &

Goldstein, 1984). Here ii is the centroid of group x; and »; is the number of exemplars

in the i™ group.

b:Sp_l-(x_l—xz) (11)
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T

— (x T
S = (x1 X X 2x2) (12)

The discriminant score for each individual is obtained via the linear combination

of the value measured for the independent variables and the associated discriminant

A

weights. Discriminant scores are obtained via Y = b "X, where X is a p x n matrix of p

predictors and n exemplars (Dillon & Goldstein, 1984).

In the case of unequal variance-covariance structure, Dillon & Goldstein (1984)
provide a discussion of the performance of a quadratic discriminant function developed
by Smith (1947). The reader is directed to this discussion for details concerning the use
of quadratic discriminant function and it’s performance relative to Fisher’s linear

discriminant function under the same conditions.

One can test whether the between-group differences in average score profiles of
the two groups are statistically significant. This is can be accomplished via an F-test of
the test statistic Z in Equation 13, where D? is the Mahalanobis generalized distance
(Dillon & Goldstein, 1984). Dillon & Goldstein (1984) state that Z has an F-distribution
with p and n; + n, —p —1 degrees of freedom if the hypothesis of equal means and a

common variance-covariance matrix holds.

n.n n,+n,—-p-1
z__ 12 1 2 .D2

= (13)
n +n, (n1+n2—2)-p
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Classification of exemplars is done via a classification rule, which defines a cut-
off score on the discriminant function, Y. If group sizes are equal, Y is generally defined
as the midpoint between the average discriminant scores for each group. If group sizes
are unequal, a weighted cut-off score, Y , will optimize classification error within the
data set used to derive the discriminant function. However, when the group
representation is significantly disproportionate, this can result in all exemplars being
classified as a member of the group represented by the larger group. This defeats the
purpose of classification, especially when the target group is the smaller group. Equation
14 gives the expression for a weighted cut-off score provided by Dillon & Goldstein
(1984). A graphic representation presented by Dillon & Goldstein (1984) and taken from

Young (2002) in Figure 7 presents the placement of Y and Y

Y* — l’l2K+ﬂ1Y2 (14)
l’ll +I’l2

Group 1 Group 2

Optimal Weighted Cuto ff Point Unweighted Cutoff Point

Figure 7. Optimal cutting score with unequal sample sizes
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Once all exemplars have been classified, it is desirable to estimate the
classification error rate. Common methods include apparent error rate (APER), holdout
method, and cross-validation method. If all exemplars are used in deriving the
discriminant weights, APER “estimates are consistent but can be severely optimistically
biased” (Dillon & Goldstein, 1984). APER is an estimate of the combined rate of
misclassification for both groups. A confusion matrix makes calculating APER
straightforward. Table 8 presents a confusion matrix and Equation 15 presents the APER

equation.

Table 8. Confusion Matrix

Predicted Membership
Group 1 Group 2

Group 1 N c N

2C

NZC

Actual

Membership Group 2 N B
1C

N_+N,.
APER= LA (15)
N1C+NIE +N2C+NZE

The holdout method allows for validation by simply splitting the exemplars into
two randomly chosen groups of predetermined sizes (i.e., 2/3 and 1/3). The larger group
is used to determine the discriminant weights, which are then applied to the smaller
holdout group. This gives a better estimate of how the discriminant function will perform

in the population because the holdout group has not been introduced to the model during
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development of the discriminant weights. In this research, the previously discussed

“TEST” set is the holdout group.

Cross-validation is accomplished by holding out the i exemplar and determining
a discriminant function based on the N- remaining exemplars. The held out i exemplar
is then classified as in the holdout procedure. This process is repeated foralli =17... N
exemplars. APER is then calculated based on the resulting classification of the single
holdout exemplar across the N iterations of the cross-validations process. Most statistical

applications provide this type of cross-validation as an option.

2.7.2 Stepwise Discriminant Analysis

Stepwise Discriminant analysis is commonly used when there are many predictors
available for use in determining group classification (Dillon & Goldstein, 1984). The use
of partial F-values and probability of F-value are common methods determining the most
important predictors for discriminating between groups. A partial F-value is conditioned
on only those predictors present in the discriminant function at the present step, and not
the entire set of p -  predictors as in the nominal sense of an F-value (Dillon &

Goldstein, 1984).

The stepwise discriminant analysis process is similar to stepwise multiple
regression analysis as presented by Dillon & Goldstein (1984) in chapter 6 of that text.
The following process reflects Dillon & Goldstein’s (1984) summary of how to conduct

stepwise discriminant analysis.

1. First, single predictor F-values are computed, treating each variable as
though it were the only predictor available.
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2. The predictor with the largest F-value is then chosen to enter the
discriminant function.

3. Successive steps add (or delete) new predictors on the basis of their
computed F-values conditioned on those predictors already made part of
the system.

2

Dillon & Goldstein (1984) also note that recent work suggests “liberal a-levels
for F-to-enter values. It is suggested to use 0.10 < o0 < 0.25, rather than conventional
levels of a <0.10. Furthermore, Dillon & Goldstein (1984) states that stepwise
discriminant analysis suffers from the same problems discussed for multiple regression
analysis in chapter 6 of their text. The two main issues reported by Dillon & Goldstein
are the affects of multicollinearity that results from including strongly correlated
predictors and the fact that partial F-values are such that the F-distribution does not
strictly apply. Refer to pages 240-242 of the Dillon & Goldstein (1984) text for a more

complete discussion.

Dillon & Goldstein (1984) also present a method of canonical discriminant
analysis. In some cases, this method is preferred over Fisher’s linear discriminant
functions. The coefficients for both Fisher’s linear discriminant functions and canonical
discriminant function coefficients are available for each discriminant model developed in

this research from AETC/SAS.

2.7.3 Arguments Against Stepwise Methodology
Whitaker (1997) provides a detailed review of some of the written commentary of
several researchers who “sharply criticized” the use of stepwise methodologies and

provides alternative suggestions. Several researchers are cited for their support of
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multiple linear regression as superior to discriminant analysis in most situations.
Specifically, Whitaker (1997) cites Kerlinger (1986) and Thompson’s (1994) criticism of
transforming a continuous criterion into a dichotomous criterion in order to use
discriminant analysis because of the valuable variance information that is “squandered.”
Whitaker cites Thompson (1989, p. 166) as stating the “it has not been shown that
package stepwise results are relevant for a predictive discriminant analysis,” where group
classification is the point of the analysis. This is pertinent as group classification is

exactly what is intended in the current research.

Whitaker (1997) cites multiple researchers who have “challenged traditional
interpretations of statistical significance.” It is argued that popular statistical packages
use incorrect degrees of freedom in statistical tests built into computer programs that do
discriminant analyses (Whitaker, 1997). Secondly, sampling error can represent the only
differences in predictors. Thus, stepwise procedures can erroneously capitalize on these
differences in sampling error. Likewise, “otherwise worthy variables are often excluded
from the analysis altogether and assumed to have no explanatory or predictive potential”
(Whitaker, 1997). Finally, due to the previous two problems, it is argued that the
stepwise methodology often fails to select the best subset of variables. Whitaker suggests
correcting computer generated F statistics by hand and conducting the “all-possible-
subsets” approach to determining the best sub-set of variables to overcome the above

mentioned problems.
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2.8 Logistic Regression

Logistic regression is used as on of the means of updating the regression weights
of the current PCSM model. Currently, PCSM is based on a linear regression that is
transformed to in a logistic sense by way of applying a discrete sigmoid function
approximation to the linear regression output. Logistic discrimination can be used in
situations where measurements have been collected on both quantitative and qualitative
predictors. If multivariate normality and common variance-covariance structure holds,
posterior probabilities of membership in the i group conditioned on the current exemplar
can be expressed as follows in the multivariate logistic function (Dillon & Goldstein,

1984):

P(G, |%)=exp(B, +B' ) PG, |%)
(16)
1

1+ exp(BO + BTX)

P(G, |X) =

where [3 are the logistic regression coefficients. A logistic model is distinct from a linear
regression model in that the outcome is dichotomous. When the logistic distribution is
used, a common notation for the conditional mean of the criterion given a predictor score
is given in Equation 17.

exp(B, +B,x)
1+ exp(BO + le)

I(x) = E(Y [ x) = (17)
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The logit transformation of I1(x) is central to the study of logistic regression
because it “has many of the desirable properties of a linear regression model” (Hosmer &
Lemeshow, 1989). Specifically, the logit, g(x) is linear in its parameters. Another
critical difference between linear and logistic regression is that the error term in logistic
regression will take on one of two possibilities due to the dichotomous nature of the

logistic output. The two possibilities are presented in Equation 18.

y=l=e=1-n(x) wp. n(Xx).
(18)
y=0=>¢e=-n(x) wp. 1-nXx)

Hosmer & Lemeshow (1989) and Bauer (2002b), as well as most multivariate
texts with sections dealing with logistic regression, provide detailed development of the
fitted logistic regression model. The development is based on the method of maximum
likelihood to yield estimated values for unknown parameters, which maximize the
probability of obtaining the observed set of data (Hosmer & Lemeshow, 1989). The
method of maximum likelihood involves construction of the likelihood function, which
expresses the probability of the observed data as a function of the unknown parameters.
It is common practice to take the natural log of the likelihood function as a first step,
known as the log likelihood. The log likelihood is then differentiated with respect to the
parameters [y and J3; (for the two parameter model). The derivatives are then set equal to
zero and solved for the respective parameters. Solving the equations for the logistic
regression requires iterative methods because the equations are non-linear in the

parameters. The equations to be solved, which can be found in most logistic regression
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texts, are presented in Equation 19 and most statistical applications provide the capability

to find their solutions.

0 N
— (D)= . — =0
TS igl[yl (x,)
(19)

0 N
E(L)_izlxi[yi —n(xi)]— 0

The logit of the multiple logistic regression model and the resulting likelihood equations
follow the same form as in the two-parameter model, with the addition of multiple beta

coefficients to be estimated.

2.8.1 Interpretation of the Coefficients of the Logistic Regression Model

Log of the odds ratio is called the log-odds ratio or just log-odds, which is the
logit difference. It approximates a quantity called relative risk. The odds ratio will tend
to have a skewed sampling distribution “due to the fact that it is bounded away from

zero” (Hosmer & Lemeshow, 1989). Hence, inferences are usually based on a sampling

distribution of In(odds ratio) = Bl , which tends to follow a normal distribution.

It is recommended to code all dichotomous variables as 0-1 and treat them as
interval scaled, because other coding schemes affect the estimate of the odds ratio and the
end points of associated confidence intervals (Hosmer & Lemeshow, 1989). The most
common interval scaled coding method uses a referent group (vs. the method of deviation

from the means coding used in linear regression) because of the interest in estimating the
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risk of an “exposed” group relative to a control group or unexposed group (Hosmer &

Lemeshow, 1989).

2.8.2 Two Parameter Logistic Regression Model for Personnel Selection

A study by Raju et al. (1991) of 84,808 observations of Air Force enlistees tested
on forms 8,9,and 19 of the Armed Services Vocational Aptitude Battery (ASVAB)
showed the logistic regression model to be “valid and also quite robust with respect to
direct and indirect range restriction on the predictor” for a two parameter logistic model.
A dichotomous criterion was created using information on Final School Grade (FSG) for
the population. Since data was only available for those passing their respective Air Force
school (FSG > 70), the criterion for receiving a label of “success” was set at FSG > 84,
the median FSG grade in the data population. The two predictors used were Math
Knowledge and Mechanical Comprehension scores. The two parameter model used by
Raju et al. (1991) is presented in Equation 20, where “D is a constant usually set to 1.7 to
make P(x) correspond to a normal ogive and a and b are job parameters to be estimated.”

Here, D does not denote Mahalanobis distance.

P(x) = exp[Da(x —b)]

= (20)
1+exp[Da(x —b)]

One benefit of the two-parameter logistic regression model is that the results can
“directly relate the probability of job success to trait levels” (Raju et al., 1991).

Advantages of the logistic model cited by Raju et al. (1991) include the following:
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1. The standard error of an observed correlation coefficient does not vary
from one predictor score to the next, whereas the standard error of P(x)
depends on x. Therefore, the information that logistic regression provides
about the precision of measurements in more useful.

2. Because logistic regression is used in item response theory, P(x) can be
considered to be subpopulation invariant, whereas range restriction is
known to affect the correlation coefficient.

Raju (1991) randomly selection of 1,000 samples of 1,000 observations each from
the population (N = 84,808) and performed logistic regression. The results show that the
two-parameter logistic regression model’s theoretical probabilities for the entire dataset
fit the empirical probabilities reasonably well. Performance with respect to direct and
indirect range restriction was also studied. Direct range restriction was induced via a cut-
off set at the population median Math Knowledge score for each population sample.
Indirect range restriction was induced for set of samples by setting a cut-off score at the
population median Mechanical Comprehension prior to applying the cut-off for Math
Knowledge. Here the sample consisted of those whose Mechanical Comprehension and
Math Knowledge scores were both greater than the respective population medians.

Under indirect range restriction, 3% of the y” values were significant at the same alpha
level. Range restriction reduced average sample size from n = 1,000 to 527 for direct

restriction and 565 for indirect range restriction.

A x” test was employed to assess how well the sample-based logistic regression
probabilities matched the sample-based empirical probabilities. At the o = 0.01 level,
2% of the 1,000 x* values were significant for unrestricted samples. Likewise, 2% of the

samples subjected to direct range restriction were significant at the same alpha level,

while 3% were significant for indirect range restriction. This shows that the effects of
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range restriction did not significantly effect the resulting logistic regression model
goodness of fit to the population based logistic regression model. The author agrees with
Raju et al.’s (1991) statement, “overall, the two-parameter logistic regression model
appeared to offer a promising alternative to studying the question of the probability of
success in selection.” However, updating the regression weights for the current PCSM

model involves 6 parameters including the intercept.

2.9 Artificial Neural Networks

Artificial Neural Networks (ANN) is inspired by the architecture and function the
human brain. Figure 8 presents a “node” of the McCullock-Pitts model (1943). This was
the first attempt at modeling such brain functions (Looney, 1997). The terms node and
neurode are used in the literature interchangeably. The node is the building block of a
neural network. Nodes simulate the biological neuron, which functions via synaptic
inputs that activate an output depending on whether or not the sum of the inputs to a
single neuron exceeds some threshold of the neuron (Looney, 1997). In a neural
network, a user specified number of nodes receive an input from each predictor variable
for an exemplar presented to the network. In the biological sense it is believed that the
brain learns which synaptic inputs to a specific neuron should be given more weight in
determining its resultant output. Activation functions transform a linear combination of

weighted predictor inputs to form the node’s output.

The set of optimal weights applied to the predictor inputs must be learned. The

McCullok-Pitts model does not include a mechanism for the model to learn; however,
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this basic model served as the impetus for future networks (Looney, 1997). Methods for

simulating learning in a neural network model are discussed in Sections 2.9.4 and 2.9.5.

Excitatory

Inputs Processing Output

Figure 8. McCulloch-Pitts neuronal model

Bi-valued threshold functions, unipolar (0,1) and bipolar (-1,1), where the first
activation functions. These are step-functions; however, continuously differentiable
activation functions are most common in current applications. The advantage these
functions offer is that gradient methods can be used to iteratively solve for weights that
map a vector of input features (predictors) into a desired output that matches its class
identifier (Looney, 1997). The sigmoid or logistic function is a unipolar (0,1) example of
a continuous activation function commonly used today. The equation for this function
and its graph are presented in Equation 21 (Looney, 1997) and Figure 9 (Young, 2002),
respectively. The hyperbolic tangent function (bipolar sigmoid) is its bipolar (-1,1)
continuous counterpart, whose equation and graph are presented in Equation 23 (Looney,

1997) and Figure 10 (Young, 2002), respectively.
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S apcats—b)

(21)

where s is the weighted sum of input features, o i