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ABSTRACT 

 

Author: ALMamari, Khalid, S. MSEd 
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Title: Multiple Test Batteries as Predictors for Pilot Performance: A Meta-Analytic Investigation 

Major Professor: Anne Traynor 

 

 

 A Test Battery (TB) is a measurement method that is designed to assess a variety of ability 

constructs. The extent to which TB predicts future pilot performance has important implications 

for both flying organizations and applicants. The primary emphasis in the existing literature has 

been on scores of individual ability tests, in contrast to the scores of multiple ability tests that are 

typically indexed by composites derived from TBs. The selection literature lacks a focus on 

composite scores, and seldom links to the broad cognitive abilities that predominate TBs. The 

objective of this study was to investigate how the different broad ability constructs of TBs 

influence their predictive validities for pilot performance. Six ability groups were identified as the 

most common ability saturations of pilot selection TBs. On the basis of 89 studies and 118 

independent samples, a series of meta-analyses were conducted to determine the criterion-related 

validity of the six categories of TBs for several criterions of pilot performance.  

 The investigation revealed there was an overall small and positive relationship between 

TBs and flight performance. The six categories of cognitive ability TBs appeared to be valid 

predictors of pilot performance, and at least five of them generalize validity across studies and 

settings. More specifically, three sets of predictor groups were identified according to the 

magnitude of validity estimates. The highest validity group included Work Sample TBs (r=.34), 

the second highest validity group included TBs of Acquired Knowledge, General Ability, and 
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Motor Abilities (r=.19, .18, and .17, respectively), and the lowest validity group included TBs of 

Perceptual Processing and Controlled Attention (r=.14 and .10, respectively).  

 The results also indicated that there was substantial variability in the effect of cognitive 

abilities on flight performance, with evidence of moderators operating in most cases. Five potential 

moderator variables were examined that may moderate the TBs-performance relationship in flying. 

The analysis for the moderator variable of the number of tests in the battery (small battery/large 

battery), regularity of TB use in pilot selection (commonly used/uncommonly used), and criterion 

level of measurement (continuous/ordinal/dichotomous/ contingency table) revealed significant 

moderating effects on the correlations between flight performance and several types of test 

batteries. Other moderators related to year of publication (1987-1999/2000-2009/2010-2017) and 

flying organization (USAF/US Navy/Another military/Civilian) did not significantly influence the 

correlations between TBs and flight performance. The implications of the findings for practice are 

discussed, and recommendations for future research directions are provided. 
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CHAPTER 1: INTRODUCTION 

 Test Batteries (TBs) have a long history of use in pilot selection (e.g., Bates, Colwell, King, 

Siem, & Zelenski, 1997; Carretta, 2000; Damos, 2011; Damos, 1996; Howse, & Damos, 2011; 

Olson, Walker, & Phillips 2009; Paullin, Katz, Bruskiewicz, Houston, & Damos, 2006; Retzlaff, 

King, & Callister, 1995; Russell, Reynolds, & Campbell, 1994). A TB is a measurement method 

that consists of multiple tests/tasks of different abilities (e.g., verbal, quantitative, spatial, 

psychomotor). Several composite scores are commonly constructed by the sum (or weighted sum) 

of multiple tests within the battery. Each composite score has different assessment use and 

utilization (Wong et al., 2012) and varies according to the specific test contents and the higher-

order ability factors that explain its structure (Wee, Newman, & Joseph, 2014; e.g., Acquired 

Knowledge, Perceptual Processing, Motor Abilities, Controlled Attention).  

 Even with the extensive use of the TBs in the pilot selection, a review of the test validation 

literature indicates that researchers tend to focus primarily on specific ability test scores and pay 

less attention to the composite scores derived from multiple TBs. Given the widespread use of TBs 

in the pilot selection, an understanding of the summary and composite scores produced by a certain 

battery is critical for interpreting its psychometric properties and for realizing the importance of 

the underlying constructs (e.g., Aamodt, & Kimbrough, 1985; Bobko, Roth, & Buster, 2007). 

Therefore, in order to clearly understand the validity of composite scores in the selection context, 

it is important to investigate the structure of test battery and to highlight the ability domain that 

influences and explains the derived scores.  Meta-analysis researchers who have dealt with other 

selection methods (e.g., selection interview, work sample tests, situational judgment tests) 

emphasized that the assessment established from these methods cannot be attributed to one single 

ability possessed by applicants. Instead, it is a combination of skills and competencies that jointly 
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contribute to the scores given to applicants, and influence organizations’ employment decisions. 

They have stressed that job-centered methods often do not “cleanly” assess one specific construct, 

and have suggested, in turn, the concept of construct saturation in order to handle such impurity in 

measurement (e.g., Christian, Edwards, & Bradley, 2010; Huffcutt, Roth, & McDaniel, 1996; 

Lievens, & Sackett, 2017; Roth, Bobko , McFarland , Buster, 2008; Roth, Van Iddekinge, Huffcutt, 

Edison, & Schmit, 2005). Several meta-analyses have been developed to assess the construct 

saturations of selection methods such as employment interviews (Huffcutt et al., 1996; Roth et al., 

2005), work sample tests (Roth et al., 2008), situational judgment tests (Christian et al., 2010), but 

to date no research effort has been attempted to address the saturation of cognitive abilities 

dominating selection test batteries. 

 Indeed, there has been almost no direct meta-analysis that has investigated the validity of 

the multiple abilities composite scores for pilot performance. This is a critical oversight as 

understanding the functionality of composite scores in their mixed multidimensional structure 

provides further evidence of the TBs’ construct validity and helps to explain how and why they 

are related to pilot performance. In the context of pilot selection, in which reliance on the TBs’ 

composite scores has significant consequences, addressing the broad ability constructs that saturate 

TBs contributes to our understanding of these constructs and of the relative role they play in 

predicting pilot performance. Hence, this study was designed to meta-analyze the criterion-related 

validity of TBs (i.e., composite scores) for pilot performance, after developing a categorization 

schema for TBs centered on the broad constructs of abilities. 
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1.1 Statement of the Problem 

 The examination of summary and composite scores resulting from batteries of two or more 

tests is essential and has both theoretical and practical implications. It is these composited scores, 

rather than the individual test scores, that are most important for recruiting offices and that are 

used for making the overall assessments and the selection decisions (e.g., Cowan, Barrett, & 

Wegner, 1990). The TBs’ composite scores have more potential for representing the individuals’ 

latent abilities, and therefore warrant the same, if not more, attention as that given to the individual 

ability scores. Gibbons et al., (2012) demonstrated at least four advantages of composite measures 

over individual measures, which include the following (1) they may be more powerful, (2) they 

increase measurement precision, (3) they help to avoid the individual features of a particular test 

that may capitalize on chance, and (4) they limit the number of statistical tests required compared 

to analyzing each component separately.   

 From a meta-analysis perspective, the lack of emphasis placed on the criterion-related 

validity of composite scores may be understood by considering the typical complex structure of 

the aggregated scores. The ability tests incorporated within the TBs vary substantially, such that 

the attempt to compile them into one broad class of predictor would result in a mixture of oranges 

and apples that good meta-analysis makes every effort to avoid (Rosenthal & DiMatteo, 2001). 

Similarly, an attempt to group them into a few broad categories to facilitate data accumulation is 

not always viable and can be extremely challenging. To resolve this categorization dilemma, which 

could impede the attempt to investigate the validity of composite scores meta-analytically, recent 

developments in intelligence models and recent investigations in selection methods may provide 

a frame of reference to support the desired investigation. The abilities taxonomy proposed by the 

Cattell–Horn–Carroll (CHC) theory of cognitive abilities incorporates three strata of abilities that 



14 

cover the ability domains extensively and expansively (McGrew, 2005; Schneider & McGrew, 

2012). This theory is considered the most comprehensive and empirically supported psychometric 

model of the structure of cognitive and academic abilities to date (Alfonso, Flanagan, & Radwan, 

2005).  

 In the CHC theory, cognitive abilities are described as the fundamental construction of 

human intelligence and performance processes. The CHC three-stratum model is an incorporation 

of the two most prominent models in human cognitive abilities: The Cattell–Horn model (Gfluid 

reasoning -Gcrystallized intelligence theory (Gf-Gc); Cattell, 1943; Horn, 1968; Horn & Cattell, 1966) and 

Carroll's three-stratum model (1993). The primary distinction between the two models is the 

inclusion of a general ability factor, g, at Stratum III for the Carroll model but not the Cattell–Horn 

model. In CHC theory, general intelligence (g) is the third stratum of the model (stratum III), 

followed by 16 broad cognitive abilities at the second stratum (stratum II), and 80 or more specific 

cognitive abilities at the first stratum (stratum I; McGrew, 2009). A conceptual model of CHC 

theory organizing the broad cognitive abilities into even broader abilities was found a good fit for 

the categorization of ability batteries required for this study. Likewise, from the literature of meta-

analysis in job selection methods it was possible to draw on the idea of construct saturation, which 

refers to the extent to which a specific construct influences (or saturates) complex measures. The 

term “saturation” was used by Lubinski and Dawes (1992, p. 28) to denote how a given construct 

(e.g., g-saturation, motor abilities-saturation, perceptual processing-saturation) have an effect on a 

complex, multidimensional measure. Because construct saturation can affect validity and sub-

group differences, it can be viewed as a mediator of the relationship between selection method 

factors and these outcomes (Lievens & Sackett, 2017). The importance of such an adaptable 

approach is that it can accommodate the composite scores of heterogeneous abilities tests, and can 
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tolerate the mixed and diverse contents of these scores. This concept supported the investigation 

of other selection methods, such as saturation of employment interviews with cognitive ability 

(Huffcutt et al., 1996), saturation of structured interviews with personality (Roth et al., 2005), 

saturation of work samples (Roth et al., 2008), and situational judgment tests (Christian et al., 

2010) with different ability constructs.  

 With this study, I seek to close this research gap by integrating the body of knowledge 

available for the criterion-related validity of TBs versus the different outcomes of pilot 

performance. Criterion-related validity refers to the evidence of validity collected for a particular 

test by assessing its score’s correlation with a score on an external criterion. Two types of criterion-

related validity are commonly assessed: predictive and concurrent. Predictive validity is defined 

as “the degree to which test scores predict criterion measurements that will be made at some point 

in the future” (Crocker & Algina, 1986, p.224). Concurrent validity is established by comparing 

(i.e., correlating) the test scores on an instrument with scores on another (criterion) measure that 

is measured concurrently in the same subjects (Kimberlin & Winterstein, 2008). I also extend with 

this study the earlier efforts initiated by two comprehensive meta-analyses (Hunter & Burke, 1992; 

1994; Martinussen, 1996) that focused primarily on ability-specific tests used in pilot selection 

(e.g., verbal, quantitative, spatial, information processing). Both studies accumulated the TBs’ 

composite scores under one category group, without much consideration on the orientation of 

ability tests contributed to the composites, or an appraisal of their contents’ saturation with 

predominant ability domains. Hence, the research problem pursued in this work is to assess meta-

analytically the relationships between scores of TBs composites and scores of flights performance 

rating to understand the contribution of cognitive abilities in flight performance. 
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1.2 Purpose of the Study 

 This study responds to the calls for Industrial and Organizational psychology researchers 

to reconnect with the science of mental abilities and measurement theory to gain a better 

understanding of how constructs within the intelligence nexus manifest in the context of work 

(Reeve, Scherbaum, & Goldstein, 2015). The primary objective was to conduct a meta-analytic 

investigation of the validity of test batteries for predicting pilot performance. To achieve this 

objective, a functional approach was used for classifying the TBs, for both practical and theoretical 

reasons. Informed by the CHC theory’s conceptual model of broad abilities (Schneider & McGrew, 

2012), four categories were constructed to correspond to the TBs that were saturated with the broad 

abilities of Acquired Knowledge, Perceptual Processing, Motor Abilities, and Controlled 

Attention. Two more categories were added, one of which corresponded to the TBs saturated with 

General Ability and the other of which correspond to the Work Sample mode of TBs, which is 

administered using a flight simulator. The broad ability-based categories were found to cover a 

large portion of the available test batteries commonly used in pilot selection and assessment. From 

a practical perspective, this framework provided a useful categorization that can be easily 

understood and applied, although it may not be exhaustive. The classification of TBs into six broad 

ability constructs aided the accumulation process of the widely-differing TBs and enabled their 

subsequent analyses. From a theoretical perspective, connecting the TBs with CHC theory-based 

model helps to emphasize more explicit the broad constructs of cognitive abilities, which inform 

our perception on the validities of these abilities as predictors for pilot performance. If the 

measurements provided by TBs upon selection are found to predict the subsequent performance, 

this would be relevant information for both potential students and recruiting offices of flying 

organizations. The assessment resulted from the TBs could be used in decisions about application 
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and admission, and it could also be used in considering modifications that may be required to 

improve student success. The findings could potentially assist in the future development of TBs 

used for screening pilots’ applicants. Such a result could reduce attrition of students from the flight 

training program, and increase competency and safety of trainees.  

 Accordingly, the present study meta-analyzed the criterion-related validity of the six 

identified broad ability construct saturations of TBs, namely, Acquired Knowledge, Perceptual 

Processing, Motor Abilities, Controlled Attention, General Ability, and Work Sample for four 

specific criteria of pilot performance (i.e., flying performance rating, graduate and attrite training, 

academic performance grade, flight simulator performance rating) and one overall criterion (the 

best index of flying performance presented by each study). In order to extend the previous efforts 

without repetition, the search for studies was narrowed down to a few years before the publication 

of the pilot selection test meta-analyses of Hunter and Burke (1994) and Martinussen (1996), more 

specifically, from 1987 to the present.    

 

1.3 Research Hypothesis and Questions 

 This study investigated the criterion-related validity of six categories of TB composite 

scores within the context of pilot selection and assessment using the meta-analysis technique. 

Previous validation research was used to guide the development of the research hypothesis and 

questions (more information is provided in the next chapter). The following hypotheses were 

posited to direct the investigation: 

Hypothesis 1. The six ability saturations of the test batteries (Acquired knowledge, Perceptual 

Processing, Motor Abilities, Controlled Attention, General Ability, Work Sample) will show small 

to moderate mean correlations for predicting pilot performance across four specific criteria (flying 
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performance rating, graduate/attrite training, academic performance grade, flight simulator 

performance rating), and they will generalize validity across samples and settings.  

Hypothesis 2. The six ability saturations of the test batteries (Acquired knowledge, Perceptual 

Processing, Motor Abilities, Controlled Attention, General Ability, Work Sample) will show small 

to moderate mean correlations for predicting the overall criterion of pilot performance (the best 

index of flying performance presented by each study), and they will generalize validity across 

samples and settings. 

 In order to compare the six broad ability saturations of TBs and the four criterions of pilot 

performance, the following research questions were investigated: 

Question 1. Among the six ability saturations of the test batteries, which is the best predictor for 

each specific performance criterion? 

Question 2. Of the six ability saturations of the test batteries, which is the best predictor for the 

overall criterion of pilot performance? 

 In addition, five variables were identified as potential moderators for the associations 

between predictors and criteria: number of tests in the battery, regularity of TB use in pilot 

selection, year of publication, flying organization, and criterion level of measurement. In the 

context of meta-analysis, a moderator variable can be any situational feature or human attribute 

that differentiates between subgroups within the sample (Levine, Spector, Menon, & Narayanan, 

1996).  Moderators analyses help to explain differences in the strength or direction of observed 

relationships between the primary variables of interest (Steel & Kammeyer-Mueller, 2002). The 

search for moderators is warranted when the variability around the mean validity is found to be 

significant, indicating substantial heterogeneity (Tett, Hundley, & Christiansen, 2017). Therefore, 

the following hypotheses and questions about potential moderating variables were formulated:  
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Hypothesis 3. Large test batteries with five or more tests will predict pilot performance better than 

small test batteries with fewer than five tests. 

Hypothesis 4. Test batteries commonly used in pilot selection will predict pilot performance better 

than test batteries that are used less often in pilot selection. 

Hypothesis 5. Validity estimates of the six test batteries will tend to decrease in more recent 

publications (1987-1999, 2000-2009, 2010-2017). 

 For the remaining two moderators, no specific hypotheses were posited due to inadequate 

evidence. Instead, the following questions are posed:  

Question 3. Do the validities of test batteries vary as a function of the flying organization (USAF, 

US Navy, Another Military, Civilian)? 

Question 4. Do validities of test batteries vary as a function of performance criterion level of 

measurement (Continuous, Ordinal, Dichotomous, Contingency table)? 

 

1.4 Operational Definitions of Test Battery Categories   

 This study focused on the relationship between the six broad ability saturations of TBs and 

several criteria of pilot performance. A clear definition of predictor terminology is critical to 

explain their usage in the study. Thus, the following describes the operational criteria exploited for 

categorizing the collected TBs. A more theoretical basis for the classification schema can be found 

in the succeeding chapter.  

1.4.1 Test Battery Saturated with Acquired Knowledge. It is characterized by five main 

features (a) Predominated by verbal tests, (b) Primarily uses verbal and quantitative cognitive tests, 

(c) Often includes aviation or general knowledge tests, (d) May contain fewer spatial and 

perceptual-cognitive tests, (e) Commonly has a paper-and-pencil format. 
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1.4.2 Test Battery Saturated with Perceptual Processing. It is characterized by five main 

features (a) Predominated by nonverbal tests, (b) Primarily uses spatial and perceptual-cognitive 

tests, (c) Often includes visualization and memory tasks, (d) May include fewer verbal and 

quantitative cognitive tests, (e) Commonly administered via computer. 

1.4.3 Test Battery Saturated with Motor Abilities. It is characterized by 5 main features (a) 

Primarily focused on psychomotor coordination tests, (b) Dominated by tasks requiring movement 

of fingers, hands, and legs, (c) Often includes tasks of compensatory tracking and reaction time, 

(d) May involve cognitive tests of different abilities, (e) Commonly performed using advanced 

computer or other specialized apparatus. 

1.4.4 Test Battery Saturated with Controlled Attention. It is characterized by 5 main features 

(a) Always involves dual tasks (or multitasking), (b) Dominated by dual tasks requiring controlled 

attention and sensory processing, (c) Often includes working memory, time-sharing, and shifting 

attention tasks, (d) May include psychomotor dual tasks (tracking with joystick and foot pedals), 

dual cognitive tasks (memory, math), or mixed motor-perception dual tasks (piloting and 

listening), (e) Commonly conducted using advanced computer or specialized apparatus.  

1.4.5 Test Battery Saturated with General Abilities. It is characterized by 5 main features (a) 

Includes mixed types of tests (verbal, nonverbal), (b) No clear domination of specific test 

orientations, (c) Often integrates and incorporates a large number of tests representing multiple 

abilities, (d) May provide intelligence quotient or known for its g-saturation (general intelligence), 

(e) Can be administered in a variety of formats (paper and pencil, computer-based, apparatus-

based). 

1.4.6 Test Battery Saturated with Work Sample. It is characterized by 5 main features (a) 

Always involve a flight simulator, (b) Dominated by tasks simulating actual flying experience, (c) 
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Often requires completing a number of simulated flight maneuvers, (d) May utilize a whole-body 

motion simulator simulating flying a small single-engine aircraft, (e) Commonly performed using 

an advanced motion flight simulator.  
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CHAPTER 2. LITERATURE REVIEW 

 

 This chapter covers topics related to aviation psychology such as aspects of flight training 

programs, suggested models for pilot selection, pilot-related psychometric meta-analysis, 

individual ability tests versus multiple ability tests, categorization of TBs’ composite scores, and 

considerations for the proposed classification schema.  

 

2.1 Flight Training Program 

 Psychological selection tests as predictors of pilot performance have been a subject of 

considerable attention and extensive research effort (e.g., Bates et al., 1997; Howse & Damos, 

2011; Johnston, 1996; Russell et al., 1994; Weissmuller & Damos, 2014). The expanding interest 

in pilot assessment may be linked to historical, economic, theoretical, and practical reasons. The 

training of pilots is long, challenging, and extremely expensive (Carretta et al., 2014; King et al., 

2012) at a cost exceeding $900,000 per aviator (Ostoin, 2007) and ranging from $500 to over 

$3,000 per flight hour (Hunter & Burke, 1992). The U.S. Navy spends up to $880,000 simply to 

provide a student aviator the training required to start flying the type of aircraft he or she is assigned 

to, followed by additional costs for training specific to that platform (Olson et al., 2009). In 

addition to economic factors, Griffin and Koonce (1996) expected that the cost of training pilots 

would continue to escalate as a result of the technological enhancement of aircraft. Despite the 

rigorous selection requirements, training attrition of pilot students continues to be a significant 

concern, with a rate exceeding 25% (Hunter & Burke, 1994) and the average cost for each failure 

ranging from $50,000 to $80,000 (Hunter, 1989; Siem, Carretta, & Mercatante, 1988), reaching as 

high as $1 million in some services (Helm & Reid, 2003). This can be expected due to the strict 

timetable of flight training and the demanding training environment. Attrition is a waste of an 
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opportunity that another applicant could have used and a loss of an investment in training slot costs 

from which no return is expected (approximately $750,000 for a USAF trainee; Williams, 2009). 

Most importantly, if the attrition rate exceeds a certain level, a shortage of pilots will occur, which 

will affect the readiness of flying organizations (Lynch, 1991). 

 

2.2 Suggested Models for Pilot Selection 

 A well-established model for pilot selection is highly sought-after as it would help to solve 

the problem of high attrition rates commonly experienced in training programs, as well as, in the 

long term, contribute to a more effective and resilient organization (Martinussen & Hunter, 2009, 

p. 73). The ongoing validation studies of pilot selection tests show that some abilities are better 

predictors of pilot performance than others. Carretta and Ree (1996) asserted that general 

intelligence is by far the best predictor of pilot training success. Additionally, a model for selection 

containing intelligence tests, psychomotor tests, personality tests, and information processing tests 

has been suggested, with validity coefficients ranging from .20 to .40 (Carretta, 1992). Recently, 

the examination of neurocognitive test batteries for USAF pilot trainees revealed that general 

cognitive ability was the main predictor of pilot performance, and there was little evidence that 

any specific cognitive variable was more important than any other (King et al., 2012). Other 

evidence suggests that perceptual speed, quantitative, and aviation knowledge had the highest 

validity coefficients across different criteria (Johnson, Barron, Rose, & Carretta, 2017). In the 

comprehensive narrative review of pilot selection, Paullin et al. (2006) recommended that the U.S. 

Army should focus on measures of cognitive abilities such as spatial ability, mechanical reasoning, 

verbal ability, numerical reasoning, and perceptual speed, as well as a measure of motivation to 

become an aviator. On the whole, although there is some overlap in the types of cognitive abilities 
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that are proposed to be relevant to pilot selection, there is not a single widely agreed-upon model 

explaining their relationships.   

 

2.3 Pilot-related Meta-Analysis 

 Given this lack of consensus in the primary validation studies, meta-analyses of selection 

tests have attracted growing interest as a way to improve the prediction of success in training 

programs and job performance. Such analyses integrate findings and statistics of prior research to 

estimate the population mean correlation (Glass, 1977) and also helps to improve the statistical 

power associated with the predictor-criterion relationship (e.g., Cohn & Becker, 2003). The 

validity generalization approach to meta-analysis (Schmidt & Hunter, 2015) has been the most 

widely used approach in organizational psychology (Kepes, McDaniel, Brannick, & Banks, 2013). 

It serves to establish whether a particular psychological construct, test, or measure has validity in 

predicting job performance, irrespective of situation or setting (DeGeest & Schmidt, 2010). Lately, 

the term has been referred to as “psychometric meta-analysis” in recognition of the fact that the 

methods correct for the biasing effects of statistical artifacts such as unreliability and range 

restriction, whereas other meta-analytic methods typically correct for only sampling error (Ones, 

Viswesvaran, & Schmidt, 2017). These research synthesis methods have had a broad impact in the 

field of industrial/organizational psychology and the related disciplines of human resources 

management (HRM) and organizational behavior (DeGeest & Schmidt, 2010).  

 Oddly, even with the increasing interest in criterion-related meta-analyses, pilot-related 

meta-analyses are still limited and cover only a few aspects of human factors in the flying 

profession. Out of few meta-analyses, only two reviews have studied the selection tests 

comprehensively and expansively (Hunter & Burke, 1994; Martinussen, 1996). The rest of the 
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investigations were limited in scope and focused on specific domains such as personality 

(Campbell, Castaneda, & Pulos, 2009; Castaneda, 2007) and multitasking (Damos, 1993), or 

focused on specific selection test battery such as those used by the Norwegian  Air Force 

(Martinussen & Torjussen, 1998), the U.S Air Force (Lynch, 1991), or the U.K Royal Army 

(Burke, Hobson, & Linsky, 1997). Other meta-analyses were designed to evaluate the effect sizes 

of flight simulator training (Hays, Jacobs, Prince, & Salas, 1992), simulator platform motion 

(Vaden & Hall, 2005), whole-body flight simulator motion (De Winter, Dodou, & Mulder, 2012), 

and crew resource management (O'Connor et al., 2008).  

 The results from pilot-related meta-analyses revealed important findings supporting or 

contradicting several long-held assumptions. For example, in contrast to the emphases given to 

general intelligence as the best stand-alone predictor of pilot performance (Carretta & Ree, 1996), 

Hunter and Burke (1994) and Martinussen (1996) came to the overall conclusion that tests 

measuring general intelligence have lower predictive validity than tests measuring certain specific 

cognitive and psychomotor abilities and biographical information. As regards personality 

constructs, Campbell et al. (2009) showed that the neuroticism and extroversion dimensions of the 

five-factor model of personality, as well as the specific facet of anxiety, were valid predictors for 

pilot performance. On the topic of multitasking, Damos (1993) found that multi-tasking ability is 

more predictive than the single-tasking ability for pilot performance. In their narrative review, 

Paullin et al. (2006) highlighted the role of abilities other than intelligence, such as psychomotor 

ability and information processing skills, as constructs believed to add incremental validity beyond 

that achieved by general intelligence.  

 Relatedly, Hays et al. (1992) examined the effectiveness of flight simulator training, 

showing that the use of simulators produced improvements in training for jet pilots. Another meta-
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analysis conducted to evaluate the effect of simulator platform motion on pilot training transfer 

suggested that simulator motion has a small, positive impact on pilot training transfer (Vaden & 

Hall, 2005). A meta-analysis of training effectiveness of whole-body flight simulators revealed 

that motion appears essential for flight-naive individuals learning tasks, but not for experts learning 

fixed-wing aircraft maneuvering tasks (De Winter et al., 2012). Crew resource management 

(CRM) was also subjected to meta-analysis to evaluate its effectiveness in training. The findings 

generally supported the effectiveness of CRM training, with substantial effects observed on the 

participants’ attitudes and behaviors and medium effects on their knowledge (O'Connor et al., 

2008). Despite the meta-analyses above, the majority were narrow in scope and focused on a 

specific area of aviation components. Comprehensive meta-analyses were only made available by 

Hunter and Burke (1994) and Martinussen (1996), both of which were conducted nearly 25 years 

ago. An updated meta-analysis of the new literature is vital, especially for score types that have 

not been adequately covered in previous reviews such as the composite scores of test batteries.  

 

2.4 Comprehensive Psychometric Meta-Analysis 

 During the past 25 years, there have been two comprehensive meta-analyses published 

relating a wide range of cognitive and non-cognitive test scores to flight performance criteria 

(Hunter & Burke, 1994; Martinussen, 1996). In addition to these two studies, there exists a small 

scale meta-analysis focused exclusively on pilot selection tests of Norwegian Air Force 

(Martinussen & Torjussen, 1998). The summary findings of the three meta-analyses are illustrated 

in Figures 1 – 3.  

 Hunter and Burke’s (1994) meta-analysis reviewed 68 validation studies conducted 

between 1940 and 1990. The combined observed correlations between sixteen categories of 
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predictor test scores and various flight training outcome criteria were investigated for their 

predictive validity. Overall, the 16 types of test scores appeared valid predictors of flight training 

success. Mean correlations of the predictors with outcomes ranged from .20 to .34 for eight 

categories, from .10 to .19 for six categories, and .06 for one category. Figure 1 shows the details 

of these predictor groups (age group was not included; r=-.1). Ten of the 16 categories had limited 

capacity to be generalized across samples and settings; the other 6 had no capacity for 

generalization (general intelligence, verbal skills, fine motor ability, age, education, and 

personality).  

 

 

 

Figure 1. Hunter & Burke’s (1994) meta-analysis 
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 Martinussen (1996) published a newer meta-analysis two year after Hunter and Burke’s 

(1994) study, by collecting studies from 11 different nations. Nine group of predictors were 

constructed out of 66 independent samples from 50 studies. Figure 2 includes the magnitude of 

effect sizes. Results indicated that flight training experience (r=.3) was the best predictor for 

predicting flight training success, followed by three cognitive ability groups with mean validities 

of .24 for each (combined index of cognitive abilities, aviation information, and 

psychomotor/information processing), whereas intelligence tests, academic, and personality tests 

had the lowest mean validities. 

 

 

 

Figure 2. Martinussen’s (1996) meta-analysis 
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 Martinussen and Torjussen’s (1998) small-scale meta-analysis evaluated the utility of the 

Norwegian Air Force selection test battery as a predictor of flight training performance. Based on 

five studies, the 20 tests built-in within the selection battery, were meta-analyzed in relation to 

criteria of pilot performance. It was determined that the best three predictors of success in flight 

training performance were instrument comprehension (r=.26), aviation information (r=.21), and 

mechanical principles (r=.19). A notable finding was that three tests yielded negative mean 

validities (Rotating Patterns, Paper Fonning, Numbers). Figure 3 charts results of the 20 meta-

analyses conducted in this study.  

 

 

 

Figure 3. Martinussen and Torjussen’s (1998) small-scale meta-analysis 
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2.5 Individual Ability Tests versus Multiple Ability Tests 

 The comprehensive meta-analyses of Hunter and Burke (1994) and Martinussen (1996) 

have contributed to our understanding of the individual differences in piloting ability and aided 

our perception of the most central abilities for pilots. This has informed selection policy and 

planning (e.g., Lochner & Nienhaus, 2016; Paullin et al., 2006) and motivated test publishers to 

design batteries based on the results of these studies (Kokorian et al., 2004). Both research articles 

are among the most cited articles in aviation psychology and have been exhaustively described 

and demonstrated (e.g., Damos, 2011; Martinussen & Hunter, 2009, p. 88; McFarland, 2017; 

Paullin et al., 2006; Reinhart, 1998). This is not surprising since there was (and is) no other 

comprehensive meta-analytic examination of the predictive validity of psychological tests for pilot 

performance.  

 Nevertheless, the primary focus of both investigations was given to the individual 

constructs of abilities (e.g., verbal, quantitative, spatial) as they are measured with individual tests 

or group of tests designed for that specific construct. In contrast, the overall indexes of mixed 

abilities (i.e., composite scores) derived from multiple tests were not adequately addressed, 

although they often represent the final product of assessment batteries (Bobko et al., 2007). In 

practice, psychological tests are typically administered as part of a battery, not in isolation. The 

use of multiple tests rather than single tests for overall assessment purposes has frequently been 

advocated. For example, in the case of Wechsler’s intelligence scale, Zachary (1990) stressed that 

the subtests do not exist to measure any specific ability in isolation but to assess something that 

will emerge from the individual’s performance as a whole. 

Similarly, in a critique of Wechsler theory and practice, McDermott, Fantuzzo, and Glutting (1990) 

emphasized the role of the multiple test scores and insisted, “Just say no to subtest analysis.” It is 
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apparent that the cognitive abilities manifestations are entwined such that the attempt to separate 

their assessment into individual test scores may understate the measurement of the overall 

cognitive function. However, integrating the assessments from multiple ability tests into a single 

overall composite score may match the ability interconnections more appropriately. Given the 

complex abilities’ interplay in piloting, Bates et al. (1997) stated that “no single construct, or 

operationalization of variables, fully addresses pilot performance. Rather, a multi-disciplinary and 

multi-modal approach, using significant developments from recent studies, holds the most 

promise.” Nonetheless, when considering the structure of the cognitive system, only a limited 

number of tests are ability-specific, although they are also dependent on the integration of other 

parts of the cognitive system (e.g., Crane et al., 2008; Embretson, 1998; Heaton et al., 2014; 

Hornby, 2003). Hence, the investigation of summary and composite scores stemming from the 

multiple tests batteries is crucial and has important implications.  

 

2.6 One Single Category for Composite Scores 

 From the limited analysis allocated to composite scores of mixed abilities in Hunter and 

Burke (1994) and Martinussen (1996), it was clear that the mean validity estimates of these 

predictor categories were among the best predictor groups, even higher than the intelligence test 

category, which is arguably the best predictor for performance. However, Hunter and Burke (1994) 

disregarded reporting the meta-analyzed validity of the combined index in their published paper 

although they had considered it in the technical report upon which the published article was based. 

The results from the technical report (Hunter & Burke, 1992) found a validity of .19 (N= 34) for a 

group of predictors designated as “Composites/ Batteries” for the scores derived from the 

combination of a number of separate tests. Even so, it appears that they added this index without 
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much interest, as they stated that “the categories of Composite/Battery and Other are included in 

this analysis solely for the sake of completeness of reporting.” Martinussen (1996) meta-analysis, 

on the other hand, designated a special category for “Combined index” for the combination of 

several tests, usually both cognitive and psychomotor, for which the correlations between the 

subtests and the criteria were not reported. The highest mean validity (corrected for 

dichotomization) in the meta-analysis was obtained from this category group (r= .31, N= 14). Apart 

from a very broad definition provided for this index, no clear information was offered about the 

content that shaped the combinations of cognitive and psychomotor abilities.  

 The lack of focus on the predictive validity of the composite scores may be justified given 

their typical complex structure. A composite score is typically formed by a joint contribution of 

several ability tests and, in many cases, represents the best combination of tests in the battery for 

measuring a certain latent construct. Given the multiplicity and diversity of tests involved, the 

attempt to group TBs’ composite scores into a single class of predictor (as was the case in the two 

meta-analyses) may be not meaningful and may reveal little about the construct saturating the 

combined scores. Equally, the attempt to group them into multiple classes of predictors is a 

challenging exercise and necessitates a thorough understanding of the specific and broad structure 

of TBs. It also requires a well-defined classification schema that has room for the variety of ability 

constructs that emerged from TBs’ summary scores. From another perspective, there is also a need 

for an acceptable procedure that accommodates the heterogeneity structure of the aggregated 

scores and takes into account the primary construct saturation of the scores along with any 

secondary constructs that play parts in the background.   

 The recent development in intelligence theory and some recent practices in the meta-

analysis of selection methods may provide solutions for the problems related to TBs categorization 
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and construct impurity. For that reason, a compatible framework was developed to support the 

desired investigation. The broader abilities taxonomy proposed by the Cattell–Horn–Carroll 

(CHC) theory of cognitive abilities (McGrew, 2005; Schneider & McGrew, 2012) were used for 

categorizing test batteries. In addition, the construct saturation concept endorsed by some meta-

analysis researchers in selection methods was found to be a conceivable showcase for the 

possibility of investigating constructs with complex structures (e.g., Christian et al., 2010; Huffcutt 

et al., 1996; Roth et al., 2005, 2008). 

 

2.7 Six Categories for Composite Scores 

 CHC theory identifies g at the top of the hierarchy (stratum III), 16 broad abilities below g 

(stratum II), and around 80 narrow abilities (stratum I) nested within the broad abilities. There are 

intermediate categories between the three strata in several places, and some parts of the taxonomy 

are more settled than others (Schneider & Flanagan, 2015). Due to the complexity of the taxonomy 

and the increasing number of abilities added to the model, the need for an overarching framework 

with which to understand CHC theory as a whole became critical. One proposed model is the 

higher-order groupings of the broad abilities in CHC theory (Schneider, Mayer, & Newman, 2016; 

Schneider & McGrew, 2012; Schneider & Newman, 2015). Reducing the complexity, conceptual 

economy, and clustering abilities of common features were some explanations given for the 

formation of this model. As seen in Figure 4, the model organized through four “big” higher-order 

abilities (Acquired knowledge, Perceptual Processing, Motor Abilities, Controlled Attention) 

integrates the broad abilities defined by the theory (e.g., verbal comprehension, fluid reasoning, 

visual-spatial, psychomotor abilities). Figure 4 also includes two distinct factors of abilities: 

“level” factors and “speed” factors. At the level factors, abilities are defined by the difficulty of 

the task while defined at speed factors by the rate of completing the tasks. Because of the speed-
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accuracy trade-offs in most tasks, the distinction between level and speed is not necessarily a true 

dichotomy (Schneider & Flanagan, 2015).  

 

 

 

 

Figure 4.  Conceptual grouping of broad abilities in the Cattell-Horn-Carroll (CHC) theory 

(Reproduced with permission from Schneider, Mayer, & Newman, 2016). 

  

 Based on this conceptual model suggested by CHC theorists, the four broader abilities were 

found to satisfy a large portion of the classification need for the TBs in this study. This taxonomy 

of cognitive abilities provides a frame of reference, terminology, and a map to position ability 

variables (i.e., composite scores) found in the literature, thereby facilitating construct 

categorization and accumulation. Accordingly, four categories of TBs’ composite scores 

corresponding to the four broad abilities were identified. In addition, a fifth category was 

constructed to correspond to the General Ability, which appears in most intelligence theories, 

including CHC theory. This group category was necessary to accommodate test batteries with g-
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saturation, and those integrating a large number of mixed-type tests. Moreover, a sixth category 

related to work sample was also considered to accommodate the approach of pilot selection 

employed by some flying organizations that use flight simulators as a form of TB. Given the 

variety of abilities and traits that contribute to the overall performance in work sample tests or 

flight simulator (e.g., cognitive, psychomotor, knowledge, personality), this category group was 

termed by its main character as a Work Sample, irrespective of the broad cognitive or 

psychological factors that explain and influence performance. Therefore, six broad construct 

saturations formed the basis for mapping and grouping the multiple tests/tasks batteries collected 

for the meta-analyses: (a) Acquired Knowledge, (b) Perceptual Processing, (c) Motor Abilities, (d) 

Controlled Attention, (e) General Ability, and (f) Work Sample. The operational criteria used for 

classifying the TBs was described in the previous chapter. A brief description of the main features 

of each category of TBs is presented below.  

 

2.7.1 TBs Saturated with Acquired Knowledge 

 In CHC theory, the broader ability domain of Acquired Knowledge includes broad abilities 

such as verbal comprehension, numeracy, literacy, general knowledge, and domain-specific 

knowledge. It corresponds to Cattell’s crystallized intelligence and Horn’s expertise abilities 

domains (Schneider et al., 2016). Knowledge domains cover abilities that are highly valued by 

one’s culture as well as those acquired because of particular interests or vocational requirements 

(Schneider & McGrew, 2012). Many selection test batteries include tests that can be categorized 

under this broad factor. In fact, the traditional test batteries for pilots are typical of this type as they 

emphasize verbal and quantitative abilities as well as specific knowledge such as aviation 

knowledge and instrument comprehension. Examples of TBs saturated with Acquired Knowledge 
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include the Air Force Officer Qualifying Test (AFOQT; pilot composite; Drasgow, Nye, Carretta, 

& Ree, 2010), the Aviation Selection Test Battery (ASTB; PFAR composite; Lopez & Denton, 

2011), and the Multidimensional Aptitude Battery-II (MAB-II; verbal IQ composite; Carretta, 

King, Ree, Teachout, & Barto, 2016). As this group represents the most common form of selection 

test batteries, it was anticipated that it would be an important predictor of pilot performance.  

 

2.7.2 TBs Saturated with Perceptual Processing  

 This broader ability includes two essential skills for pilots: visual-spatial and auditory 

processing abilities. Also, it contains kinesthetic, tactile, olfactory, and gustatory abilities that have 

yet to be supported as distinct abilities (Schneider & McGrew, 2012). Perceptual Processing, along 

with Motor Abilities, both correspond to Cattell’s broad ability of provincial powers (Schneider et 

al., 2016). The importance of these abilities may be realized by inspecting the available test 

batteries that are rarely absent from tests measuring spatial ability or information processing (e.g., 

Carretta, 1987, 1988; Morrison, 1988). Applicable examples for TBs saturated with Perceptual 

Processing include the selection tests of the German Aerospace Center (DLR; composite of 7 

cognitive abilities; Zierke, 2014) and Norwegian Air Force (multiple composites from 20 

psychological tests; Martinussen & Torjussen, 1998). Additionally, the recently validated 

neurocognitive assessment batteries for USAF pilots offer good examples of this ability saturation, 

namely the MAB-II (performance IQ; Carretta et al., 2016), the Microcog (King et al., 2013), and 

the Cogscreen (King, Barto, Ree, Teachout, & Retzlaff, 2011). Several validation studies 

supported the effectiveness of TBs grouped into this category; thus, the expectation was that it 

would show positive relations with outcome criteria.  

 



37 

2.7.3 TBs Saturated with Motor Abilities  

 According to CHC theory, the broad domain of Motor Abilities is composed of 

psychomotor abilities and psychomotor speed. The ability portion of the motor factor refers to the 

capacity to rapidly and fluently perform body motor movements (movement of fingers, hands, 

legs, etc.) independent of cognitive control, while the speed portion refers to the ability to perform 

body motor movements with precision, coordination, or strength (McGrew & Evans, 2004). In 

aviation, the psychomotor ability has enjoyed vast research efforts (Fleishman, 1956) and has been 

recognized as a critical ability for pilot performance (Griffin & Koonce, 1996; Wheeler & Ree, 

1997). Most pilot performance-based selection batteries include tests targeting this ability. This 

category of TBs is best represented by USAF batteries: the Basic Attributes Test (BAT; Carretta, 

Zelenski, & Ree, 2000) and its successor the Test of Basic Aviation Skills (TBAS; Carretta, 2005), 

the U.S. Navy’s performance-based ASTB (Phillips et al., 2011), as well as the Pilot Aptitude 

(PILAPT; Kokorian, Valsler, & Burke, 2016) and MICROPAT (Bartram, 1995), which was 

designed by a British psychologist. Given the importance of psychomotor ability and the numerous 

validation studies available supporting its predictivity for pilot performance, it was expected that 

this predictor group would show significant positive correlations with pilot performance criteria. 

 

2.7.4 TBs Saturated with Controlled Attention  

 The content of the broad domain of Controlled Attention includes fluid reasoning, working 

memory, and processing speed. Findings suggest that processing speed and working memory 

capacity are essential precursors to fluid reasoning (Schneider et al., 2016). Additionally, tests of 

these abilities have long been associated with multitasking capability (Colom, Martínez-Molina, 

Shih, & Santacreu, 2010), which is recognized as an important ability for flying (Barron & Rose, 

2017). There is strong evidence that working memory and fluid reasoning are crucial to the ability 



38 

to perform simultaneous dual tasks (Konig, Buhner, & Murling, 2005). Due to the established link 

between multitasking ability and the broad abilities forming the factor of Controlled Attention, 

this study limited the inclusion of TBs in this category group exclusively to those involving some 

forms of multitasking (e.g., dual cognitive tasks, dual psychomotor tasks). Many TBs include tests 

for assessing this ability, including the WOMBAT (O’Hare, 1997), MICROPAT (Bartram, 1995), 

BAT (Carretta et al., 2000), TBAS (Carretta, 2005), and the U.S. Navy’s Computer-Based 

Performance Test (Delaney, 1992). On the basis of previous validation studies’ results, it was 

expected that TBs saturated with Controlled Attention (i.e., multitasking) would be a valid 

predictor for pilot performance. 

 

2.7.5 TBs Saturated with General Ability 

 General mental intelligence (g) is the third stratum in the CHC model, which sits at the top 

of all stratum I narrow abilities and stratum II broad abilities (McGrew, 2009). Although the label 

General Ability for this category may imply intelligence (g) tests, the TBs included here are not 

necessarily characterized as measures of intelligence. Some test batteries do provide an 

intelligence quotient summary (e.g., MAB-II, MicroCog), but others do not. Data may even 

include TBs with a score not entirely related to ability domains, such as the Pilot Candidate 

Selection Method (PCSM), which includes a rating for the previous flying experience. So, this 

category is best seen from an integration point of view as many TBs under this category were 

jointly computed for the purpose of integrating scores of different broad abilities (stratum II) and 

providing an overall composite that may increase validity. The type of tests in this group was 

mixed and hybrid with no specific orientation other than General Ability. Examples of TBs defined 

as saturated with General Ability are the PCSM (Carretta, 2011), MAB-II (full-scale IQ composite; 

Carretta et al., 2016), and the MicroCog (King et al., 2013). Since this group of tests contains a 
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variety of ability tests containing some indicators for g, it was expected that it would show 

criterion-related validity of positive magnitude.  

 

2.7.6 TBs Saturated with Work Sample 

 In aviation, the best representation of a work sample is the flight simulator, as it provides 

an environment similar to the actual flying environment, especially with advancements in 

technology. Tirre (1997) differentiated between the “learning sample” (i.e., simulator) and “basic 

attributes” as two distinct approaches for aviator selection. He highlighted the advantage of the 

learning sample as a dynamic measurement of cognitive processing skills. This category differs 

from the other types that were linked to the broad domain of abilities in the CHC model. Instead, 

it was more grounded in the literature on work sample and job analysis methods (e.g., Roth et al., 

2005; Schmidt, Hunter, & Outerbridge, 1986). The work sample in this group was exclusively 

given to the advanced flight simulator and does not include any other forms of actual flying (e.g., 

pre-training familiarization program). In terms of test batteries, the flight simulator is often 

considered as a controlled testing technique whereby the applicant is required to perform tasks 

simulating the job for which he or she is applying (Woychesin, 2002). The applicant’s performance 

is tested in order to estimate the likelihood of success as a pilot candidate. The best available 

example of a simulation-based approach to pilot selection is the Canadian Automated Pilot 

Selection System (CAPSS), which is a computerized moving base simulator of a single-engine 

light aircraft (Spinner, 1991). It consists of four 1-hour sessions that progress in complexity. 

Carretta and Ree (2003) showed that the predictive validity of flight simulators is as high as that 

of general cognitive ability, and it is comparable to the validity of work sample tests found in other 

professions. Accordingly, it was anticipated that TBs of Work Sample methods (i.e., flight 
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simulator) would be a valid predictor for pilot performance, with a magnitude higher than other 

TBs. 

 

2.8 Further Consideration of the Classification Schema 

 It is important, however, to reemphasize that the proposed category schema does not 

necessitate that all tests within a given TB have to be purely measuring the ability domain to which 

they are ascribed. Instead, it requires that the TB is dominated by tests indicative of that higher-

order ability domain with the possibility of having fewer tests from other domains or even beyond, 

such as biodata or personality measures. For instance, a former version of the U.S. Navy/Marines 

selection test battery (ASTB) added the biographical inventory score to the composite pilot 

aptitude rating (PFAR) used in pilot selection (Stricker, 2005). Also, the Pilot Candidate Selection 

Method (PCSM) used by the USAF adds a measure of prior flying experience to the combination 

of two composite scores. Hence, the saturation approach is best viewed as a functional grouping 

consisting of, for the most part, two clusters of abilities within each TB: the majority cluster, which 

represents the tests highly saturated with the corresponding broad ability construct, and the 

minority cluster, which represents tests that may diverge from this line of abilities. 

 Relatedly, a well-accepted psychometric hypothesis maintains that an intelligence index 

may be sourced from TB that includes a sufficient number of mixed types of cognitive ability tests 

(Johnson, Bouchard, Krueger, McGue, & Gottesman, 2004; Johnson, Nijenhuis, & Bouchard, 

2008; Ree & Earles, 1991; Thorndike, 1987; Vernon, 1989). This is seen as evidence for the 

existence of a unitary higher-level general intelligence construct whose measurement is not 

dependent on the specific abilities assessed (Johnson et al., 2008). According to this hypothesis, 

many TBs analyzed here are qualified to be intelligence indices. However, this study does not 

claim that any of its proposed categories represents intelligence, even though several validity 
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coefficients included in the General Ability category are used as intelligence quotients. The strict 

definition of intelligence may not be appropriate for the more flexible and practical framework 

approached in this investigation.  

 Another well-established hypothesis is that cognitive abilities intercorrelate positively. 

Such positive relationships between abilities is explained by the existence of an underlying general 

intelligence factor (Jensen, 1998; Van Der Maas et al., 2006; Van der Maas, Kan, & Borsboom, 

2014). For that reason, many theorists currently advocate a much broader, more multidimensional 

conception of intelligence (Schneider & Newman, 2015). Reeve et al. (2015) highlighted the need 

to return to more specific aspects of the intelligence network that allows for the development of 

assessments that are both theoretically rigorous and relevant to the complex manifestations of 

behavior that practitioners need to understand and predict. In view of this, the suggested categories 

may be seen as an attempt to capture some dimensions of the intelligence network relevant to the 

complex manifestations of pilot behavior, and also correspond to the need for modeling abilities 

predictive of future pilot performance.  

 

2.9 Pilot Performance Criteria 

 Traditionally, the most-used criterion for evaluating pilot selection tests has been 

dichotomous training success (pass/fail, graduate/eliminate, completed/not completed). Studies 

have shown that the criterion chosen make a difference in understanding the relationship between 

selection factors and pilot training performance (Carretta, 1992; Weissmuller & Damos, 2014). 

Carretta (1992) examined several alternate performance criteria based on flying performance data 

(i.e., daily flying, flight check, and academic performance). Results show that different 

performance criteria yield different validity coefficients. Reviews of validation studies of pilot 
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selection tests also indicate that the effacacy of performance criteria varys and different magnitude 

of validity is obtained from different criteria (e.g., Carretta & Ree, 1995; Gibb & Dolgin, 1989; 

Johnston & Catano, 2013; King et al., 2013; Teachout et al., 2013). For that reason, this study 

included the investigation of four specific criteria that were found to be the most examined and 

reported in validation studies. Specifically, the criterion of (a) flying performance rating, (b) 

graduate/attrite training, (c) academic performance grade, and (d) flight simulator performance 

rating were investigated.  

 The four criteria chosen for this study are the most frequently used measures for pilot 

performance. The flying performance rating is arguably the best measure of flight performance as 

it combines pilot’s performance across the daily flying and regular flight checks throughout the 

training program. Successful graduation from training program or failing to graduate for one 

reason or another is another important measure of flight performance. It provides a reasonable 

index for the overall performance of pilot that include flying, academic, simulator, and mental 

attitude. Academic courses at ground schools are essential part of training that teach trainee 

theories of flying, aircraft, and related sciences. Although relying solely on this criterion for 

measuring pilot performance is not sufficient, it does help in giving a partial indicator for 

performance that can be combined with other indexes. A flight simulator provides the simulation 

of actual flying training and gives trainee hands-on experience that imitates real-world operations. 

Despite the expected differences between the two experiences (i.e., actual and simulated), this 

method is useful for assessing flight performance.  

 In order to overcome the limitation of small sample size for some specific criteria and to 

make use of all collected studies, an overall criterion was constructed representing the best index 

of flying performance in each study. Among the performance criteria mentioned above, the most 
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indicative ones for actual flying performance are flying performance rating and graduate/attrite 

training. Flying performance rating was given priority for selection than graduate/attrite training 

due to its favorable level of measurement. This procedure was preferred over the common 

procedure of averaging criteria from the same sample. It was thought that the effect sizes produced 

by this procedure might be more indicative of actual flying performance and produce a more valid 

indication of the association between the test batteries and pilot actual flying performance. For 

example, utilizing the effect size derived from actual flying performance rating might give a better 

indication of pilot performance than a combined effect size computed from averaging flying 

performance rating, flight simulator performance rating, and academic performance. In general, 

the expectation was that the meta-analyzed mean validity would vary as a function of criteria types.  

 

2.10 Development of Moderator Variables  

 Five variables were identified as potential moderators that may impact the associations 

between predictor variables and criterion variables. Hypotheses about potential moderating 

variables are usually formulated to detect any differences in validities attributed to specific group 

characteristics or contextual aspects (e.g., Aguinis, Gottfredson, & Wright, 2011). To establish the 

effect of the moderator, the data are sub-grouped and then reanalyzed separately according to the 

moderator variable (Schmidt & Hunter, 2015). Some assumptions were derived from previously 

related meta-analyses, while others were informed by the general literature on the topic. Following 

is a brief description of each moderator variable.  
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2.10.1 Number of Tests Incorporated in the Battery 

 The primary objective of including multiple tests in the assessment battery is to be able to 

capture a wide-ranging picture of the individuals’ abilities and traits. Ideally, increasing the 

number of tests contributes positively to the overall assessments and supports the psychometric 

properties of the battery. Adding more tests to the battery is a common technique to improve the 

multiple correlations and the prediction strength of the battery (Horst, 1951a; 1951b). However, 

findings in this area are inconsistent. Based on the distribution of the number of tests found in the 

aggregated studies, TBs were coded as either a large test battery (five tests or more) or small test 

battery (fewer than five tests). Cut off point of five tests might be a reasonable point for 

distinguishing between large and small TBs. It was hypothesized that large TBs would predict 

pilot performance better than small TBs.  

 

2.10.2 Regularity of TB Use in Pilot Selection  

 It is fairly reasonable to expect that TBs initially designed for pilot selection would predict 

pilot performance better than TBs intended for purposes other than pilot selection. Martinussen 

(1996) noticed differences in validity trends over time between tests used in pilot selection and 

those not used directly in selection. Although a large number of primary studies collected for this 

study mostly examined TBs used in a selection context, there were a fair number of studies 

involving TBs used for purposes other than selection (screening, experimental). As such, TBs were 

coded as being commonly used or uncommonly used in pilot selection, and it was hypothesized 

that TBs commonly used in pilot selection would predict pilot performance better than TBs that 

were uncommonly used in pilot selection. 
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2.10.3 Year of Publication   

 This variable was tested by Hunter and Burke (1994) and Martinussen (1996), who noted 

that validities tended to decline over time. They indicated, however, that the result may not imply 

an actual decline in predictive validity. Rather, it may be an effect of possible changes in pilots’ 

selection procedures over the years or a deflation caused by a limited variability in the applicant 

population in later studies. Validity decline may also be attributable to potential differences in the 

population of applicants such as educational requirements and previous experience or differences 

in the flying training operational environment such as the criterion predicted (Hunter & Burke, 

1994). The decade of study had the most significant impact among four examined moderators in 

Hunter and Burke (1994). In an attempt to understand this trend, they observed a general decline 

in validity since 1961 in five of the predictor groups. They also noted that the research before 1961 

were dominated by research during World War 11 and had much larger average sample sizes while 

the research in more recent decades were characterized by smaller study samples and thus, larger 

sampling error that may have increased the variability of validity estimates. In order to investigate 

a potential change in the TBs’ validities over time, the primary studies were separated into three 

subgroups, roughly by decade: 1987-1999, 2000-2009, and 2010-2017. It was hypothesized that 

TB validity estimates would tend to decrease over the years of publication. 

 

2.10.4 Flying Organization 

 Hunter and Burke (1994) compared two subgroups of services (Air Force and other) on 

only three predictors. Martinussen (1996) compared three subgroups of military services (Air 

Force, Navy, and Army) on nine predictors and noted some differences in validity. Based on the 

collected data, this study allowed testing for four distinct flying organization groups: U.S. Air 
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Force, U.S. Navy, Another military, and Civilian. Since there was no reason to expect a specific 

trend for validity estimates among the subgroups, no direct hypothesis was posited for this 

moderator. Instead, a research question was proposed for this investigation. 

 

2.10.5 Criterion level of measurement  

 The most frequent criterion in flying-related validation studies is training success, which 

usually takes a dichotomous format (e.g., graduate/attrite, complete/not complete, pass/fail). From 

a statistical point of view, dichotomization of variables leads to a reduction in the correlation such 

that even the 50–50 split leads to an approximately 20% reduction in the correlation (Hunter & 

Schmidt, 2004, p. 36). The second most common criterion usually takes the form of a continuous 

grade or rating for either actual flying performance or academic performance. Ordinal criterion 

has also been attempted by some studies, particularly for those using class rank as an index for 

performance. A less frequent criterion is the contingency table, which may be a favorable option 

in some cases. For instance, two groups of applicants may be formed according to their 

performance on a given test (e.g., 70th percentile) and subsequent comparison with a performance 

index such as the number of mishaps (e.g., less than or greater than five times). Due to the mixed 

results regarding the effect of the criterion level of measurement, there is not a direct hypothesis 

was suggested for this variable. 
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CHAPTER 3. METHOD 

 

 Three important steps were carried out to prepare for the present meta-analysis: (a) 

conducting an exhaustive literature search for the criterion-related validity studies of test batteries 

(TBs) used in aviation, (b) extracting and coding information from these studies, and (c) analyzing 

and summarizing the findings. A brief summary of the study’s procedures is offered below.   

 

3.1 Literature Search 

 A literature search was conducted to identify published and unpublished criterion-related 

validity studies that used TBs for pilot selection or assessment. Due to the existence of two meta-

analyses that had synthesized results of older publications (Hunter & Burke, 1994; Martinussen, 

1996), the search was limited to the period from 1987 to the present. First, an extensive search was 

conducted to locate published and unpublished research. Several search methods were utilized, 

including electronic searches and manual searches. For electronic database searches, a systematic 

search was conducted for publications in Google Scholar, the Defense Technical Information 

Center, PsycINFO, ProQuest, and Google search engine. The keywords used, both individually 

and in combination, were “pilot selection,” “pilot assessment,” “selection tests,” “selection 

battery,” “test battery,” “flight aptitude test,” “flight training program,” “flight screening 

program,” and “pilot performance.” The well-known test batteries used in pilot selection and 

assessments were also used as keywords (“AFOQT,” “ASTB,” “MICROPAT,” “CogScreen,” 

“MicroCog,” “MAB,” and “PILAPT”).   

 Publisher-specific databases (e.g., EBSCOhost, JSTOR, Web of Science, Elsevier Science 

Direct, and Wiley Interscience) were searched to identify any other sources. For unpublished 

dissertation and theses, a search was conducted using specialized databases such as ProQuest 
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Dissertations & Thesis and Theses Canada. For manual searches, the reference lists of the studies 

retrieved were reviewed for additional relevant studies. Furthermore, a manual search was carried 

out of the key journals in aviation, including The International Journal of Aviation Psychology, 

Aviation Psychology and Applied Human Factors, International Journal of Applied Aviation 

Studies, and Military Psychology. The annual conference abstracts presented to the International 

Military Testing Association were manually searched through the website. Moreover, the studies 

included in the Howse and Damos (2011) bibliographic database for the history of pilot training 

selection were inspected for any further resources.  

 

3.2 Inclusion Criteria 

 The abstracts of studies were reviewed; studies that examined the criterion-related validity 

of pilot selection and assessment were considered eligible for inclusion. The objective was to 

identify primary studies whose results were relevant to the validity of TBs for predicting pilot 

performance and whose assessment practices complied with professional standards for test 

validation. Hence, several criteria were specified to direct the review phase of the collected studies. 

Primary studies were considered for inclusion if they fulfilled the following criteria: 

(1) Independent variable was a composite score of at least two tests or two tasks. Primary studies 

that reported only validities from individual tests were excluded;  

(2) Dependent variable was indicative of pilot performance, whether actual or simulated;   

(3) Sufficient information about predictor measure and performance outcome was provided; 

(4) Primary study reported a univariate effect between the independent and dependent variables or 

provided statistics that allowed the calculation of correlations (t test, F test, χ2 values); and 

(5) Sample size was reported. 
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3.3 Coding Procedure  

 Using the search mentioned above and inclusion criteria, the search yielded 170 research 

reports, of which 89 were acceptable for inclusion in the present study. The primary studies 

included in the analysis are summarized in Appendix A grouped by TB type. Some studies 

involved more than one independent sample, each of which was treated separately.  Duplication 

and even triplication of studies was identified (e.g., published paper, technical report, conference 

paper). Many published studies conducted with the U.S. Air Force were found to be preceded by 

technical reports or conference papers. In some cases, this was advantageous, since technical 

reports occasionally provide more information than the published papers. The most complete paper 

was chosen for coding purposes. For example, the published paper of Carretta et al. (2014) was 

preceded by a comprehensive technical report (Teachout et al., 2013). Also, King et al.’s (2013) 

published paper was preceded by a thorough technical report (King, 2012). The basic information 

from the primary studies was first coded (e.g., bibliographic information, sample characteristics). 

Additional information related to whether the sample comprised student pilots (applicants) or 

experienced pilots (incumbents), as well as whether the TB and criterion data were collected using 

a concurrent or predictive design was also included. Potential moderators (five variables) were 

carefully reviewed and coded. Determining the construct saturation of each TB was an important 

coding decision. TBs were categorized only when the primary study included adequate information 

about the tests contained within the battery or when it was clear that TBs manifested a certain 

orientation according to the descriptions provided. In some cases, there was a need for additional 

review of the batteries’ manuals, websites, or other related articles in order to confidently assign 

them to the correct category. For instance, the CogScreen test battery, a widely used selection TB 
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for pilots in civilian organizations, required an additional search to understand the constructs and 

factor structure underlying the nearly 65 scores derived from it (e.g., King et al., 2012).   

 In some primary studies (e.g., Carretta, 2005; Ingurgio & Crawford, 2017; Phillips et al., 

2011), different test combinations were attempted and reported. I chose to select the composite 

commonly used in pilot selection or assessment. When there was no known common composite 

due to the exploratory nature of the study, I selected the composite that was recommended by the 

authors. If it happened that a composite included non-cognitive measure, I chose the composite 

that was less contaminated with measures other than cognitive tests whenever possible. For 

example, Carretta (2011) reported the correlations between flying performance and PCSM 

composite scores with and without personality constructs. Although the correlations involved 

personality constructs were slightly higher, I selected the coefficient without personality 

constructs. This procedure should constrain the scope of the study and limit the examined variables 

to those in the cognitive domain.  For university flight programs, there is usually no special battery 

for the selection of students aside from the regular requirements for college entry. To obtain useful 

information for this study (e.g., Forsman, 2012; McFarland, 2017), I added the composite score of 

standardized tests (e.g., ACT, SAT) to TBs of Acquired Knowledge whenever reported to serve as 

alternatives to the selection battery found in military and airline settings.  

 The moderator of the number of tests in the TBs (small TB/large TB) was not expected to 

be present in two types of TBs, those saturated with Controlled Attention and General Ability. For 

TBs of Controlled Attention (dual tasking), it is clear that handling multiple tasks simultaneously 

is only possible to a certain extent. Thus, I did not expect to find many TBs for the large battery 

(5 tests or more) subgroup. Similarly, it is typical for the TBs of General Ability to contain a large 

number of tests in order to increase measurement precision. Hence, it was not expected to see 
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many TBs in this category for the small battery (less than 5) subgroup. Regarding the moderating 

effect of the regularity of TB use in pilot selection, it was important to understand the context of 

the study and the extent of using the composite scores in pilot selection. Occasionally, 

selection/assessment TBs give multiple composite scores, each of which are used for different 

purposes and decisions. Composite scores that are commonly used in pilot selection were marked 

differently from those that are used less often. For example, the AFOQT provides multiple 

composites, including a pilot composite for pilot selection and a navigator/technical composite for 

navigator and technician selection. If it happened that a study reported both composites (e.g., 

Carretta, 1988; 1992; 1997; Keener, 2003), then the pilot composite was considered to be the 

commonly used battery in pilot selection, and the navigator composite was seen as the 

uncommonly used battery in pilot selection.   

 The study considered four specific types of performance criteria and one global index for 

pilot performance. For the overall index, one single criterion variable was selected from each study 

that was thought to represent the best index for pilot performance presented by that study. Forming 

this global criterion was necessary in order to increase the sample of studies in the meta-analyses 

and to facilitate further analyses of potential moderators. The fairly small number of studies 

aggregated for each specific criterion would not allow practical testing for the moderators. The 

selection of the one ‘best’ criterion from each study followed this order of preference: (1) flying 

performance rating, (2) graduate/attrite training, (3) flight simulator performance rating, and (4) 

academic performance grade. For the flying performance criterion, preference was given 

respectively to (1) continuous-scaled criterion, (2) ordinal-scaled criterion, (3) dichotomous-scaled 

criterion, and (4) contingency table. 
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 Finally, the recommendation in meta-analysis is to have the primary studies coded by 

multiple coders to estimate their level of agreement (Aytug, Rothstein, Zhou, & Kern, 2012). A 

common rule of thumb requires 80% level of agreement between the coders or even higher (Bayerl 

& Paul 2011). In the present study, the complete list of collected studies was coded by the author 

and 35% (31 studies) randomly selected subsample were recoded by a student who is in his third 

year in Ph.D. program in the College of Education. The agreement between the two coding was 

adequate, ranging between 89% to 100% across the coded variables. The agreement was 100% for 

the year of publication, 96% for sample size, and 93% for validity coefficients. The least agreement 

existed for categorization of TBs (89%) and the regularity of TB use in pilot selection (91%). The 

outcome of this appraisal was indicative of a satisfactory level of accuracy that allowed for the 

meta-analysis. The consensus concerning disagreements was sorted out by discussion.   

 

3.4 Effect Size 

 The collected effect sizes from the primary studies were coefficients of validity computed 

as a correlation between composite scores derived from multiple test batteries and a measure of 

pilot performance. The predictors consisted of six types of TBs with different construct saturations: 

(a) Acquired Knowledge, (b) Perceptual Processing, (c) Motor Abilities, (d) Controlled Attention, 

(e) General Ability, and (f) Work Sample. Outcome measures consisted of four specific and one 

overall type of criteria: (a) flying performance rating, (b) graduate/attrite training, (c) flight 

simulator performance rating, and (d) academic performance grade (e) overall criterion for pilot 

performance. As the direction of the rating format of both tests and criteria were not always 

consistent, the sign of correlation coefficients was reverse coded in some cases so as to obtain a 

homogenous interpretation of results for TB-outcome associations. 
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3.5 Analysis Plan 

 The first series of meta-analyses were planned to assess the criterion-related validity of 

each category of TBs for four criteria of pilot performance. A total of 24 meta-analyses would 

have been conducted if the collected data were sufficient for each combination. However, some 

meta-analyses could not be performed due to the absence of studies thus, reducing the analyses to 

21 relations. The secondary meta-analyses were broader in scope in that they relied on one single 

criterion selected from every primary study collected for each type of TB. A total of 6 meta-

analyses were planned, one for each category of TB saturation. The third series of meta-analyses 

tested the effect of moderators. Based on each moderator, subgroups were formed, each of which 

underwent a separate meta-analysis. If the data allowed analysis for all subgroups, a total of (96) 

meta-analyses would have been conducted. However, subgroup analysis could not be completed 

on a number of cases due to insufficient sample size (1) or inapplicability. Hence, the moderator-

based meta-analyses were possible for 74 out of 96 TBs-criteria relationship.  

 

3.6 Meta-Analysis Procedure 

 The study applied the psychometric meta-analysis approach of Schmidt and Hunter (2015). 

This approach assumes random-effect models, which allow for the true effect size to differ across 

studies (Hedges, 1983) and take into account the true differences among studies and participants 

(Schmidt, Oh, & Hayes, 2009). This model considers additional sources of variance between 

studies (Viechtbauer, 2005) and is seen as more appropriate than a fixed-effects model for 

investigations involving high levels of heterogeneity. Given the multiplicity and diversity of the 

tests included in this study, heterogeneity due to systematic differences among studies was 

expected; thus, the random-effects model is a sensible choice to consider the various sources of 

variance between studies. Schmidt et al. (2009) found that meta-analyses based on the random-
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effects model tend to produce more accurate and less biased estimates than meta-analyses based 

on the fixed-effects model. The main feature of the Schmidt and Hunter approach is that it allows 

for correcting for studies’ artifacts (e.g., sampling error, predictor unreliability, criterion 

unreliability, range restriction) to estimate population correlations (ρ; Schmidt, 2015). However, 

sample specific data were insufficient to correct studies for either range restriction or unreliability 

either individually or through artifact distributions. Hence, no correction for attenuation was made 

to the mean validity other than that due to sampling error (i.e., “bare-bones” meta-analysis). The 

estimates, therefore, are likely to be underestimates of the true theoretical relationship between 

composite scores of TBs and pilot performance criteria.  

 In spite of this, the sampling error is considered the most critical artifact that can impact 

the outcomes of a meta-analysis, if not properly controlled. Of the total artifactual variance, 

Koslowsky and Sagie (1994) found that sampling error alone accounted for more than 90% for 

small or medium samples and more than 70% for large samples. Although Schmidt and Hunter 

consider this form of meta-analysis as lacking, other researchers have shown that corrections for 

artifacts could be imprecise with a small number of studies analyzed (Spector & Levine, 1987), 

which was the case for some subset analyses in the present meta-analysis. Data were analyzed for 

all relationships that had been measured in at least two independent samples. Also, given the nature 

of the current study and the relationships estimated, a conservative approach may be more 

justifiable. If the test batteries are found to perform adequately, further work with additional 

artifact corrections would seem in order. The focus on only one artifact will draw more attention 

to the relative importance of each predictor for flight performance and whether they are significant 

predictors, even with underestimated correlations. Furthermore, it would seem unrealistic to see 

that test battery or flying performance measures are perfectly reliable and hence, an estimation of 
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validities in an ideal world in which no statistical artifacts remain is less practically useful than an 

understanding of validities in the observed world. Selection decisions of pilots are made on 

observed scale scores, rather than the theoretical standings of participants on the constructs 

measured by the TBs. Lastly, relying on observed correlations should be more consistent with 

previous meta-analyses in pilot selection tests and more comparable to Hedges’s random-effect 

approach (Hedges & Olkin, 1985; Hedges & Vevea, 1998). Accordingly, all validity estimates (the 

estimated true score correlation) were assessed using the observed (uncorrected) correlation 

coefficients. A “bare-bones” meta-analytic procedure was used to estimate the mean validity, the 

observed variability around the mean, and the variability left over after accounting for variability 

due to sampling error.  

 According to Schmidt and Hunter (2015), a population correlation between predictor and 

criterion variables is best estimated using the following model:  

𝑟̅ =
∑[𝑁𝑖𝑟𝑖]

∑ 𝑁𝑖
 

where 𝑟̅ is the arithmetic mean of all predictor-criterion correlations, ri is the correlation in study i 

and Ni is the number of persons in study i. Similarly, variance (s2) across studies (significance of 

mean effect size) is best estimated using frequency-weighted average squared error, as seen below:  

𝑆𝑟
2 =

∑[𝑁𝑖(𝑟𝑖 − 𝑟̅)2] 

∑ 𝑁𝑖
 

 Variability around the mean correlation is often expressed using confidence intervals and 

credibility intervals (values). Confidence intervals estimate the variability in the mean correlation 

due to sampling error, while credibility values estimate the variability in the individual population 

correlations across studies independent of sampling error (Whitener, 1990). These are the 

estimates of the range of the distribution of the true effect size (ρ1.28 SDρ), which is interpreted 



56 

as 80% of the values in the ρ distribution lying between the lower and upper band of this interval 

(Schmidt & Hunter, 2015). The importance of credibility interval (i.e., prediction intervals) over 

confidence intervals in meta-analysis is frequently emphasized (e.g., Schmidt & Hunter, 2015; 

Koslowsky & Sagie, 1993; Whitener, 1990) as it reflects the underlying population effect sizes 

and contains a percentage of the distribution of a random variable. 

 

3.7 Evaluation of the Results  

 Meta-analysis results were assessed based on (a) the magnitude of mean validity estimates, 

(b) the 95% confidence intervals (CI), (c) the 80% credibility value (CV), and (d) the percentage 

of variance explained according to the 75% rule. Regarding the mean correlations, effect sizes 

suggested by Lipsey and Wilson (2001) were referred to, namely, .10 is small/low, .25 is 

medium/moderate, and .40 is a large/high effect. For the significance of mean correlations, the 

95% CIs were assessed to determine whether they included zero. A non-zero 95% CI indicates 

significant mean correlations. To evaluate the variability of the mean validities across samples 

(i.e., heterogeneity), 80% CVs were examined to see whether they included zero, as a non-zero 

80% CV indicates that validity may be generalizable across settings and samples.  If CI does not 

contain zero, but CV includes zero, that gives an indication of valid effect size but with limited 

validity generalization. Heterogeneity in the mean correlations (ρ) was further assessed using the 

75% rule suggested by Schmidt and Hunter (2015). According to this rule, a search for moderators 

is only warranted if less than 75% of the variance is explained by artifacts. If this value exceeds 

75%, the remaining unexplained variance is most likely due to uncorrected artifacts in the studies 

(including sampling error) and should be ignored. To test the degree of moderating effects, the 

95% CI around the mean validity (ρ) of each group was used (Whitener, 1990). The noticeable 

mean difference and nonoverlapping of confidence intervals were regarded as indicators for 
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moderating effects and non-artifactual difference between the compared true validities. In contrast, 

overlapping CIs were seen as an indicator of an insignificant moderating effect.  

 

3.8 More about Meta-analysis 

 The meta-analysis investigations of organizational sciences predominantly use the 

psychometric meta-analysis methods of Schmidt and Hunter. In Aytug et al.’s. (2012) review of 

meta-analyses practices in organizational research, they found nearly 81% of the meta-analyses 

used Hunter and Schmidt’s methods exclusively, 16% used Hedges and Olkin’s methods, and a 

few meta-analyses (2%) used both methods. Schmidt and Hunter (2015) method tends to work 

best for the Pearson-r correlation-based meta-analysis, whereas the Hedges and Vevea (1998) 

method tends to work best for d effect size-based meta-analysis (Brannick, Yang, & Cafri, 2011). 

One essential strength of the Schmidt and Hunter (2015) method is its assumption of random-

effects models, which have become increasingly popular and are considered the most effective 

approach in reaching the scientific aims of meta-analyses (Erez, Bloom, & Wells, 1996; Hedges 

& Vevea, 1998; Hunter & Schmidt, 2000). In comparison between the two widely used random 

effects models, results indicate that Schmidt and Hunter’s (2015) approach has generally provided 

more accurate results than has Hedges and Vevea’s (1998) approach (Field, 2001; 2005; Hall & 

Brannick, 2002). Hafdahl and Williams (2009) did replicate Field’s (2001) simulation results 

under homogeneous correlation parameters, but those under heterogeneity were found not 

replicable. They showed that a more appropriate z-to-r transformation can improve the modest 

performance of Hedges and Vevea’s (1998).  

 Despite the several strengths of Schmidt and Hunter approach, there has been criticism to 

the method for using untransformed Pearson-r correlations for estimating the average effect size 

of the aggregated effect sizes, which likely to skew the distribution and give biased estimates. 



58 

However, there is a controversy about whether it is better to use untransformed r or r transformed 

to Fisher’s z. According to Hunter and Schmidt (2004), the use of the Fisher z transformation also 

leads to a substantial bias the mean correlation (i.e., overestimation) and may cause serious 

inaccuracies in random-effects meta-analysis models (p. 56). They claim that meta-analysis is 

never made more accurate by using the Fisher z transformation (p. 83). Several simulation studies 

have also supported this conclusion (Field, 2001; 2005; Hall & Brannick, 2002). Moreover, the 

method of Schmidt and Hunter (2015) has been criticized for its weighting choice for computing 

the average effect size and the variance underlying the effect sizes. Contrary to the methods using 

inverse variance weights (e.g., Hedges & Vevea, 1998) or unit weights (e.g., Bonett, 2008), 

Schmidt and Hunter (2015) method uses sample size weights for estimating the overall mean, 

which assigns a greater weight for studies that provide larger sample size. Brannick et al. (2011) 

argued, however, that if we have many large-sample studies, weights become less important and 

any sound weighting scheme will yield the same mean value. They also asserted that it is still 

unknown whether weighting schemes applied to effect sizes in common meta-analyses really 

matter and make any practical difference. 

 

3.9 Supplementary Analysis 

 In order to compare different approaches of meta-analysis and to give the concluded results 

further support, the random-effects model of the Hedges and Olkin (1985) approach to meta-

analysis was applied to the overall criterion data. As in the Schmidt and Hunter approach, this 

approach provides an estimate of both the overall mean effect size and the variability of infinite-

sample effect sizes (Brannick et al., 2011). For the correlation-based meta-analysis, it first 

transforms correlations using Fisher’s z transformation; the calculations are carried out in Fisher’s 

z metric, and then back-transformed to the r metric (Hedges & Olkin, 1985). In their comparisons 
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of three meta-analysis approaches (Hedges & Olkin, Rosenthal & Rubin, and Schmidt & Hunter), 

Johnson, Mullen, and Salas (1995) found that the techniques of Hedges and Olkin and Rosenthal 

and Rubin were quite similar to each other, while the Schmidt and Hunter method diverged from 

the others to a noticeable extent. Specifically, they realized that the Schmidt and Hunter approach 

tended to yield more conservative estimates of the significance of effect sizes and wide variant 

estimates of moderators.  

For the Hedges and Olkin approach applied in this study, the restricted maximum-

likelihood estimator (Viechtbauer, 2005) was used to compute the between-study variance. 

Heterogeneity was assessed using the Q-within test (for statistical significance) and the I2 index 

(for practical significance; Higgins & Thompson, 2002). If the Q statistic is statistically significant 

and if I2 is more than 75%, moderators are likely to be present (Huedo-Medina, Sánchez-Meca, 

Marín-Martínez, & Botella, 2006).  

 

3.10 Publication Bias 

 Additionally, in the same context of the Hedges and Olkin’s (1985) approach of meta-

analysis, publication bias was investigated to assess the sensitivity of the findings. Publication bias 

has an effect when the meta-analyzed studies depart systematically from the typical research on a 

particular topic. Although the study sample included all relevant primary studies that were located, 

regardless of their publication status, four indices of publication bias were examined: funnel plots, 

Begg rank correlation test, Egger weighted linear regression test and fail-safe analysis. The visual 

presentation of the funnel plots was inspected for patterns of asymmetry consistent with 

publication bias (Sterne, Becker, & Egger, 2005). To test funnel plots’ asymmetry statistically, a 

Begg rank correlation test (Begg & Mazumdar, 1994) and Egger weighted linear regression test 
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(Egger, Smith, Schneider, & Minder, 1997) were used to judge potential small-study effects and 

publication bias across studies. Further, the results of the fail-safe analysis were examined to 

determine the additional sample size with zero correlation between TB and criterion scores that 

would have to exist to produce a mean effect size that was not statistically significant (p = .05; 

Orwin, 1983). It indicates the number of missing sample members showing no relationship 

between the predictor and criterion scores that would need to exist to nullify the observed effect.  

 

3.11 Software 

 For the Schmidt-Hunter approach, meta-analyses was performed using a program 

developed specifically for this method (Schmidt & Le, 2004). For the Hedges and Olkin approach, 

the supplemental meta-analysis was performed using the Jamovi program, which is based on the 

R metafor package (Viechtbauer, 2010). 
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CHAPTER 4. RESULTS 

 

 This chapter presents the results corresponding to each hypothesis and research question 

on the predictor–criterion–moderator relationships. Table 1 summarizes the variables examined in 

the study, which included six predictors, five criteria, and five moderators.  

 

Table 1 

Summary of variables investigated in the study 

Predictors (TB category) Criterion (performance) Moderators 

(1) Acquired Knowledge (1) Flying performance rating  (1) Number of tests in the battery 

(2) Perceptual Processing (2) Graduate/attrite training (2) Regularity of use in pilot selection 

(3) Motor Abilities (3) Academic performance grade (3) Year of publication 

(4) Controlled Attention (4) Flight simulator performance  (4) Flying organization 

(5) General Ability (5) Overall flight performance (5) Criterion level of measurement 

(6) Work Sample   

 
 

 Table 2 gives a summary of the hypothesis and questions investigated in the study, which 

included five hypotheses and four questions.  

 

Table 2 

Summary of the research hypothesis and questions  

 Hypothesis/question statement 

Hypothesis 1 The six ability saturations of TBs will show small to moderate mean correlations for 

predicting pilot performance across four specific criteria and they will generalize 

validity across samples and settings.  

Hypothesis 2 The six ability saturations of TBs will show small to moderate mean correlations for 

predicting the overall pilot performance criterion and they will generalize validity across 

samples and settings. 

Question 1 Among the six ability saturations of the test batteries, which is the best predictor for 

each performance criterion? 

Question 2 Of the six ability saturations of the test batteries, which is the best predictor for the 

overall criterion of pilot performance? 

Hypothesis 3 Large test batteries with 5 or more tests will predict pilot performance better than small 

test batteries with fewer than 5 tests. 

Hypothesis 4 Test batteries commonly used in pilot selection will predict pilot performance better 

than test batteries uncommonly used in pilot selection. 

Hypothesis 5 Validity estimates of the six test batteries will tend to decrease in more recent 

publications (1987-1999, 2000-2009, 2010-2017). 

Question 3 Do the validities of test batteries vary as a function of the flying organization (USAF, 

US Navy, Another Military, Civilian)? 

Question 4 Do validities of test batteries vary as a function of performance criterion level of 

measurement (Continuous, Ordinal, Dichotomous, Contingency table)? 
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4.1. Data Description 

 The meta-analysis included 116,806 participants analyzed in 89 studies that reported 

correlations between test battery composite scores (TBs) and pilot performance outcomes. These 

89 studies included 41 journal articles, 27 military technical reports, 11 thesis/dissertations, 10 

conference papers, and 1 conference poster. A total of 78 studies had single samples, 5 studies had 

two samples, 4 studies had 3 samples, one study had 4 samples, and one study had 14 samples 

yielding a total of 118 independent samples. From the 118 samples, 267 independent correlations 

were extracted. Of these, 138, 102, 27, and 18 were correlations with criteria of flying performance 

rating, graduate/attrite training, academic performance grade, and flight simulator performance 

rating, respectively. With regard to the settings where the research was conducted, 52 were from 

the USAF, 16 were from the US Navy, 7 were from the Canadian Force, 18 were from different 

militaries (i.e., 5 from the UK, 2 each from Norway, Italy, and Portugal; 1 each from Germany, 

Turkey, Poland, Korea, India, Chile, and Brazil), 19 were from civilian airlines (the USA, the UK, 

Germany, France, New Zealand, and Hong Kong), and 6 were from university flight programs. 

Validity coefficients (correlation) for some criteria (e.g., extra flying hours) were reverse coded if 

appropriate. Table 3 includes some details of the total number of respondents (N) and the number 

of independent samples (k) upon which each meta-analysis is based. More information about the 

accumulated primary studies can be found in Appendixes A. 

 

4.2 TBs Relationship with Four Outcomes of Pilot Performance 

 First, the validity of each type of TB was meta-analyzed separately for four outcomes of 

pilot performance. Several samples appeared in more than one analysis as some studies reported 

multiple criteria. The results are reported in Table 3. Out of 24 planned analyses (six TBs X four 

criteria), three cases could not be analyzed due to the absence of any sample (Motor Abilities TBs 
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with academic grade, General Ability TBs with simulator rating, and Work Knowledge with 

simulator rating). The estimate of sample weighted-mean validities ranged from -.03 (Controlled 

Attention TBs with academic grade) to .42 (Motor Abilities TBs with simulator rating) across 2 to 

47 independent samples covering total sample sizes between 232 and 60,835. The 95% CI showed 

that the true average validities of all TBs, but one exceeded zero, which support the significance 

of the mean validities, and may suggest an acceptable degree of predictivity. The relation of 

Controlled Attention TBs with academic grade criterion was the only exception to this overall 

result with mean validity of -.03 and 95% CI of [-.11 to.04]. It is also apparent that only a small 

percentage of observed variation in validities is accounted for by sampling error, with only four 

validities satisfied the 75% rule (90% for Controlled Attention TBs with Simulator Raring, 79% 

for General Ability TBs with academic grade, 79% for Work Sample TBs with flying rating, and 

100% for Work Sample TBs with academic grade). None of the remainders of the TBs satisfied 

the 75% rule. This suggested that there was variance left to be explained either by moderators or 

artifacts not corrected for. 
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Table 3 

Meta-analyses of the criterion-related validity of TBs for four criteria of pilot performance 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge         

Flying Rating  47 48697 .14 .05 .043 [.12-.15] [.08-.19] 33 

Graduate/Attrite Training  33 60835 .12 .05 .048 [.10-.14] [.06-.18] 18 

Academic Grade  12 23935 .19 .06 .055 [.15-.22] [.11-.26] 13 

Simulator Rating 2 1634 .17 .17 .03 [.12-.23] [.14-.21] 63 

Perceptual Processing         

Flying Rating  30 26191 .14 .05 .042 [.12-.16] [.09-.19] 39 

Graduate/Attrite Training  16 46407 .11 .05 .044 [.09-.14] [.06-.17] 15 

Academic Grade  6 19525 .21 .02 .016 [.20-.23] [.19-.23] 52 

Simulator Rating 9 1514 .21 .18 .16 [.09-.33] [.00-.42] 17 

Motor Abilities         

Flying Rating  15 6282 .22 .09 .074 [.17-.26] [.12-.31] 28 

Graduate/Attrite Training  25 20965 .14 .09 .077 [.10-.17] [.04-.23] 16 

Academic Grade  0 - - - - - - - 

Simulator Rating 3 1158 .42 .074 .06 [.34-.50] [.34-.50] 33 

Controlled Attention          

Flying Rating  16 11350 .09 .12 .11 [.03-.15] [-.05-.23] 10 

Graduate/Attrite Training  13 18026 .07 .05 .045 [.04-.10] [.01-.13] 26 

Academic Grade  2 7373 -.03 .06 .053 [-.11-.04] [-.10-.03] 9 

Simulator Rating 4 232 .34 .124 .04 [.22-.46] [.29-.39] 90 

General Ability          

Flying Rating  24 20830 .17 .06 .051 [.15-.20] [.11-.24] 29 

Graduate/Attrite Training  11 26724 .14 .08 .072 [.10-.19] [.05-.23] 7 

Academic Grade  4 14292 .23 .02 .008 [.21-.25] [.22-.24] 79 

Simulator Rating 0 - - - - - - - 

Work Sample          

Flying Rating  6 1282 .35 .07 .031 [.29-.40] [.31-.39] 79 

Graduate/Attrite Training  4 871 .34 .25 .24 [.10-.59] [.03-.65] 6 

Academic Grade  3 635 .24 .02 0 [.21-.26] [.24-.24] 100 

Simulator Rating 0 - - - - - - - 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD =standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; VE= 

variation in the observed correlations attributable to sampling error. 

 

 The 80% credibility limits assist in evaluating how generalizable the TBs are outside of the 

study as it concerns other settings and samples. Of the 21 validities, only two associations related 

to Controlled Attention TBs included zero in the 80% credibility intervals specifically, with flying 

rating [-.05 to.23] and academic grade [-.10 to.03] which suggest that TBs of Controlled Attention 

do not effectively predict these two criteria. A comparison between criteria showed that 
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graduate/attrite training was the least well-predicted criterion across TB categories, except for 

Work Sample, which had an academic grade criterion as the least well-predicted criterion. 

Academic grade criterion along with simulator rating were the best-predicted criteria across each 

of three TBs. The mean validity magnitudes of Acquired Knowledge TBs were generally lower 

than the other type of TBs across the four criteria, although they were positive. Taken together, 

while TBs with different broad ability saturation were predictive of pilot performance across 

different outcomes, the strength of the relationship varied noticeably. Results suggested 

nongeneralizable validity for Controlled Attention TBs with flying rating and academic grade (CV 

included zero), and generalizable validity without further moderator analysis for the four relations 

that exceeded the 75% of explainable variance (Controlled Attention TBs with simulator rating, 

General Ability TBs with academic grade, Work Sample TBs with flying rating, and Work Sample 

TBs with academic grade). The remains 14 validities were likely to be moderated, and thus, the 

search for possible moderators is appropriate. Accordingly, Hypothesis 1 was only partially 

supported. 

 

4.3 TBs Relationship with Global Index of Pilot Performance 

 Second, the validity of each category of TBs in relations with one single outcome of pilot 

performance selected for each independent sample (e.g., the best index presenting actual flying 

performance) was meta-analyzed. The results are reported in Table 4. Running the analyses by TB 

category demonstrated that sample weighted-mean correlations ranged from .10 (Controlled 

Attention TBs) to .34 (Work Sample TBs) across 9 to 68 independent samples covering between 

1,655 to 93,209 participants. Consistent with the previous finding, the highest estimated mean 

validity among the six predictors was exhibited by Work Sample TBs (.34). For the rest of TBs, 
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the highest validities were obtained for TBs of Acquired Knowledge (.19) and General Ability 

(.18) whereas the lowest was obtained for TBs of Controlled Attention (.10) and Perceptual 

Processing (.14). According to the 95% CI, all validity estimates were significant. Some 

similarities were noticed in the 95% CI between TBs of Acquired Knowledge [.17-.21], General 

Ability [.15-.20], and Motor Abilities [.13-.20], which suggest that their respective mean validities 

were relatively comparable. Because the 95% CI for Controlled Attention TBs and Perceptual 

Processing TBs were lower and yielded little or no overlap with the 95% CI of other TBs, the 

results suggested that they were less predictive of pilot performance.  

 

Table 4 

Meta-analyses of the criterion-related validity of TBs for one overall index of Pilot 

Performance 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

Controlled Attention 29 20438 .10 .10 .09 [.06-.14] [-.02-.22] 14 

General Ability 31 34289 .18 .07 .06 [.15-.20] [.10-.25] 20 

Work Sample 9 1655 .34 .21 .19 [.21-.48] [.09-.59] 10 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD=standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; 

VE= variation in the observed correlations attributable to sampling error. 

 

 None of the TBs categories satisfied the 75% rule, and hence, all met the criteria for 

conducting the moderator analysis. Only a small percentage of observed variation in validities was 

attributable to sampling error, the highest percentage being the 33% found for Perceptual 

Processing TBs. However, from the previous analysis, we knew that the explained variance of 

Work Sample TBs exceeded 75% for two of the three investigated outcomes. This indicated that 

most of the variability noted here on the global criteria was likely to be an effect of the third criteria 

(graduate/attrite training). The 80% CV for all TBs but one did not include zero, suggesting 
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generalized validity across samples. The exception was noted for Controlled Attention TBs with 

80% CV of [-.02 to.22]. This part of analysis concludes that all TBs with different ability 

saturations significantly predict the global index of pilot performance. Because none of the TBs 

satisfied the 75% rule, this indicated that there was variance left to be explained either by 

moderators or artifacts that were not corrected for. Hence, Hypothesis 2 was only partially 

supported. 

 

4.4 Moderator Analysis of TBs/Pilot Performance 

 The preceding analysis showed that sampling error associated with TBs’ validities 

explained less than 75% of the variance in mean correlations across performance criteria. Thus, 

moderator analyses were carried out, attempting to understand the systematic variability in the 

mean validities. After subgrouping the data according to the moderator variables, series of analysis 

were performed on each TB-pilot performance relation using the global criteria of pilot 

performance. The investigation could not be conducted in a few instances due to inapplicability of 

a particular moderator to a certain predictor score, or inadequacy of the primary study sample. 

 

4.4.1 Moderating Effect of Number of Tests in the TBs 

 This analysis examined whether the validity of TBs differed depending on the number of 

tests incorporated in the battery. TB was coded as being a “small” battery if it included two to four 

tests and a “large” battery if it included five tests or more. It was possible to test this moderator 

only for three TB categories (Acquired Knowledge, Perceptual Processing, and Motor Abilities). 

Hence, a total of six correlations were analyzed for this moderator (three TBs multiplied by two 

subgroups). As seen in Table 4, the three types of TBs correlated meaningfully with pilot 
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outcomes, regardless of whether the battery is small or large. The mean validity of small battery 

subgroups versus large battery subgroups were .25 and .15, respectively, for Acquired Knowledge 

TBs, .09 and .14 for Perceptual Processing TBs, and .26 and .12 for Motor Abilities TBs. There 

was an interesting trend in that small TBs appeared to show higher validity than large TBs in 

Acquired Knowledge and Motor Abilities. For Perceptual Processing, large TBs had higher 

weighted validity than small TBs, although the sample was relatively small (10 studies, N = 3,923). 

The 95% CI of both TBs’ subgroups did not overlap in TBs of Acquired Knowledge and Motor 

Abilities, and barely overlapped in Perceptual Processing TBs ([.06-.12] for small vs. [.12-.16] for 

large). This indicated significant moderating effect for this variable. Overall, Hypothesis 3 was 

inadequately supported as only one category of TBs showed a higher validity estimate for the large 

battery than the small battery. 

 

 

Table 5 

Moderating effect of the number of tests incorporated in the battery (two subgroups) 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

Small Battery (fewer than 5 tests) 28 33529 .25 .12 .12 [.21-.29] [.10-.40] 5 

Large Battery (5 tests or more) 40 59680 .15 .04 .04 [.14-.17] [.11-.20] 34 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

Small Battery (fewer than 5 tests) 10 3923 .09 .04 0 [.06-.12] [.09-.09] 100 

Large Battery (5 tests or more) 37 44774 .14 .05 .04 [.12-.16] [.08-.20] 30 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

Small Battery (fewer than 5 tests) 20 7669 .26 .11 .10 [.21-.31] [.14-.38] 100 

Large Battery (5 tests or more) 19 16719 .12 .09 .08 [.09-.16] [.02-.22] 15 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation corrected 

only for sampling error; SDr=sample-size-weighted observed standard deviation of correlations; 

SD=standard deviation of true-score correlations corrected for sampling error; CI=confidence interval 

around the mean true-score correlation; CV=80% credibility interval; VE= variation in the observed 

correlations attributable to sampling error. 
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4.4.2 Moderating Effect of the Regularity of TBs Use in Pilot Selection 

 This analysis examined whether TBs commonly used in pilot selection were associated 

with higher validity than those that are seldom used, or were unique to a particular primary study. 

TBs were coded as being commonly used if they were designed and administered for pilot selection 

and uncommonly used if they were designed for different purposes. It was possible to test this 

moderator for all TBs saturations with the exception of Work Sample TBs. Hence, a total of 10 

validities was analyzed for this moderator (five TBs multiplied by two subgroups). The results are 

summarized in Table 6. TBs’ subgroups (commonly used/uncommonly used) across the five 

ability saturations were valid predictors for pilot performance except for the uncommonly used 

subgroup of Controlled Attention TBs where both 95% CI and 80% CV included zero. Mean 

validities varied from .11 to .21 for the commonly-used subgroup and from .04 to .13 for the 

uncommonly-used subgroup. As may be expected, TBs that are commonly used in pilot selection 

were more predictive of pilot performance than TBs that are uncommonly used in pilot selection 

across the different ability saturations, except for Perceptual Processing TBs. Despite this result, 

the effect of this moderator was only significant in the case of Acquired Knowledge TBs according 

to the 95% CI. The rest of the TBs saturations showed overlapped intervals, which suggested 

insignificant differences between the mean of the two subgroups. This indicated that even TBs 

uncommonly used in the context of pilot selection might be useful predictors. Taken together, 

Hypothesis 4 was reasonably supported as most of the tested TBs saturation showed higher 

validities for the commonly-used subgroup than the uncommonly-used subgroup, although few 

differences were significant, perhaps because the subgroup sample sizes were small. 
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Table 6 

Moderating effect of the regularity of TBs use in pilot selection (two subgroups) 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

Commonly used 47 67291 .21 .10 .09 [.18-.24] [.09-.33] 67 

Uncommonly used  21 25918 .13 .04 .02 [.11-.14] [.10-.15] 66 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

Commonly used 9 3631 .11 .06 .04 [.07-.15] [.06-.16] 60 

Uncommonly used  38 45066 .14 .05 .04 [.12-.15] [.08-.19] 100 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

Commonly used 34 23774 .17 .11 .11 [.13-.20] [.03-.30] 11 

Uncommonly used  5 614 .13 .11 .07 [.03-.23] [.04-.22] 62 

Controlled Attention 29 20438 .10 .10 .09 [.06-.14] [-.02-.22] 14 

Commonly used 21 12742 .14 .10 .09 [.09-.18] [.02-.25] 17 

Uncommonly used  8 7696 .04 .08 .07 [-.01-.10] [-.05-.14] 18 

General Ability 31 34289 .18 .07 .06 [.15-.20] [.10-.25] 20 

Commonly used 12 14835 .21 .08 .07 [.17-.25] [.12-.30] 13 

Uncommonly used  19 19454 .15 .04 .03 [.13-.17] [.12-.19] 55 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD=standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; 

VE= variation in the observed correlations attributable to sampling error. 

 

4.4.3 Moderating Effect of Year of publication 

 Because the studies included in the database cover a wide time frame (1987–2017), the 

year of publication was analyzed as a possible moderator variable, three groups were formed for 

the 30-year period: (1987-1999), (2000-2009), and (2010-2017). This moderator was tested on all 

TBs categories with no exception. Hence, a total of 18 validities was analyzed for this moderator 

(six TBs multiplied by three subgroups). As reported in Table 7, across the 18 mean validities, 

only one validity included zero (a subgroup of 2010-2017 in Controlled Attention). This suggested 

that TBs with different ability saturations are robust predictors for pilot performance over the 

years. Examining the 95% CI revealed that only Work Sample TBs did not show overlapping 

between the three subgroups while the remainder TBs had overlapped subgroups of publications, 

which gave an indication for insignificant mean differences. 
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Table 7 

Moderating effect of the year of publications (three subgroups) 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

1987-1999 32 49088 .22 .10 .10 [.19-.26] [.10-.34] 6 

2000-2009 10 14360 .19 .08 .07 [.14-.24] [.10-.28] 11 

2010-2017 26 29761 .13 .05 .04 [.11-.15] [.08-.17] 37 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

1987-1999 13 14225 .12 .04 .02 [.10-.14] [.09-.15] 67 

2000-2009 11 10656 .15 .07 .06 [.11-.19] [.07-.23] 21 

2010-2017 23 23816 .14 .05 .04 [.11-.16] [.09-.19] 35 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

1987-1999 18 11509 .17 .08 .07 [.13-.20] [.07-.26] 22 

2000-2009 16 10600 .13 .11 .10 [.08-.19] [.00-.26] 12 

2010-2017 5 2279 .32 .13 .11 [.21-.43] [.17-.47] 11 

Controlled Attention 29 20438 .10 .10 .09 [.06-.14] [-.02-.22] 14 

1987-1999 12 3849 .22 .12 .10 [.15-.28] [.09-.35] 21 

2000-2009 11 9041 .10 .06 .05 [.07-.14] [.04-.17] 30 

2010-2017 6 7548 .04 .07 .06 [-.02-.09] [-.04-.11] 18 

General Ability 31 34289 .18 .07 .06 [.15-.20] [.10-.25] 20 

1987-1999 8 6106 .19 .09 .08 [.13-.25] [.08-.29] 16 

2000-2009 5 10321 .19 .06 .06 [.14-.25] [.12-.26] 13 

2010-2017 18 17862 .16 .05 .04 [.14-.19] [.10-.22] 33 

Work Sample 9 1655 .34 .21 .19 [.21-.48] [.09-.59] 10 

1987-1999 3 554 .55 .17 .16 [.36-.75] [.35-.76] 9 

2000-2009 2 557 .32 .02 0 [.30-.34] [.32-.32] 100 

2010-2017 4 544 .15 .13 .10 [.02-.28] [.024-.27] 42 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD=standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; VE= 

variation in the observed correlations attributable to sampling error. 

 

 When looking closely at validity estimates it appears that the strength of the relationships 

between the TBs and pilot performance tended to decrease gradually in TBs of Acquired 

Knowledge, Controlled Attention, and Work Sample. No clear trend was noticed for TBs of 

Perceptual Processing, Motor Abilities, and General Ability. To gain insight about the types of 

changes that have occurred over the years, correlation analysis was performed with the year of 

publication. The results showed negative correlations for TBs of Acquired Knowledge (-.23; 

P>.05), Perceptual Processing (-.06; P>.05), General Ability (-.30; P>.05), and Work Sample 

(-.65; P>.05), indicating decreases in validity over the years. For Motor Abilities and Controlled 
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Attention TBs, the correlations were positive (.23 and .13; P>.05; respectively) indicating growth 

over the years. However, none of the tested correlations were significant. Hence, there is little 

support for Hypothesis 5. 

 

4.4.4 Moderating Effect of Flying Organization 

 This analysis examined whether the validity of TBs differed depending on the flying 

organization. Four subgroups were identified: USAF, US Navy, another military, and civilian. 

There was not enough data to tests this moderator in three instances: subgroups of US Navy in 

General Ability TBs, US Navy in Work Sample TBs, USAF in Work Sample TBs. Hence, a total 

of 21 correlations were analyzed for this moderator (six TBs multiplied by four subgroups –3). 

Table 8 includes the complete results. It was interesting to see all TBs showing significant 

validities across the 21 relations with no single exception. Concerning mean differences between 

flying organizations, results of the 95% CI indicated no significant differences between the four 

subgroups on any TBs. This suggests that all ability saturations of TBs are a robust predictors of 

pilot performance across settings. The largest mean validity estimates were found for subgroups 

of the civilian and another military in Work Sample TBs (r=.34 for both) while the smallest 

estimates were found for USAF subgroup in Controlled Attention TBs (r=.06). USAF subgroups 

had the smallest validity estimates among the four subgroups in three occasions: Acquired 

Knowledge TBs, Motor Ability TBs, and Controlled Attention TBs. Overall, all categories of TBs 

showed significant criterion-related validity for pilot performance across the four examined 

subgroups of flight organizations. The pattern of validities among subgroups did not support 

significant differences between them. 
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Table 8 

Moderating effect of flying organization (four subgroups) 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

USAF 39 65171 .15 .04 .03 [.14-.16] [.11-.19] 32 

US Navy 16 24085 .29 .11 .11 [.24-.35] [.15-.43] 4 

Another Military 8 3335 .18 .08 .06 [.13-.24] [.10-.26] 37 

Civilian 5 618 .15 .06 0 [.10-.20] [.15-.15] 100 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

USAF 28 44824 .13 .04 .03 [.12-.15] [.09-.17] 38 

US Navy 3 1211 .13 .02 0 [.11-.15] [.13-.13] 100 

Another Military 3 1241 .10 .03 0 [.06-.14] [.10-.10] 100 

Civilian 13 1421 .26 .17 .15 [.16-.35] [.07-.45] 27 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

USAF 10 16478 .12 .07 .06 [.08-.16] [.04-.20] 14 

US Navy 5 2018 .27 .06 .04 [.21-.33] [.21-.33] 52 

Another Military 14 4446 .29 .14 .13 [.22-.36] [.13-.45] 14 

Civilian 10 1446 .17 .11 .08 [.10-.24] [.07-.27] 53 

Controlled Attention 29 20438 .10 .10 .09 [.06-.14] [-.02-.22] 14 

USAF 7 16243 .06 .05 .04 [.03-.09] [.01-.11] 21 

US Navy 7 2572 .23 .10 .08 [.16-.30] [.13-.34] 26 

Another Military 5 501 .29 .10 .05 [.20-.38] [.23-.35] 80 

Civilian 10 1122 .28 .13 .10 [.20-.36] [.15-.41] 43 

General Ability 31 34289 .18 .07 .06 [.15-.20] [.10-.25] 20 

USAF 26 32815 .17 .06 .06 [.15-.20] [.10-.25] 19 

US Navy 0 - - - - - - - 

Another Military 2 622 .27 .11 .09 [.12-.41] [.15-.38] 25 

Civilian 3 852 .15 .06 .03 [.08-.22] [.12-.18] 83 

Work Sample 9 1655 .34 .21 .19 [.21-.48] [.09-.59] 10 

USAF 0 - - - - - - - 

US Navy 0 - - - - - - - 

Another Military 7 1505 .34 .22 .21 [.18-.50] [.08-.60] 78 

Civilian 2 150 .34 .07 0 [.25-.44] [.34-.34] 100 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD=standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; VE= 

variation in the observed correlations attributable to sampling error. 

 

 

 

 

 

 

 

 

 



74 

4.4.5 Moderating Effects of Criterion’s level of measurement 

 This analysis focused on the criterion level of measurement and tested its possible effect 

on the relations between predictor groups and criterion. Four subgroups were constructed: 

continuous, ordinal, dichotomous, and contingency. Data were not adequate to perform five 

analyses from 24 possible analyses (six TBs multiplied by four subgroups). Thus, 19 total analyses 

was conducted. The results are presented in Table 9. Across different criterion level of 

measurement, validity estimates of TBs categories were significantly positive in 18 analyses with 

magnitude ranging from .03 (ordinal/Controlled Attention) to .62 (dichotomous/Work Sample). 

The criterion subgroup of the ordinal mode in Controlled Attention TBs did not show valid 

prediction nor did it generalize validity. This was suggested by the inspection of the 95% CI and 

the 80% CV where both included zero. Inspecting the 95% CI of the four subgroups within each 

category of TBs indicated that there were not any significant mean differences.  

 As may be expected, TBs validities based on continuous-scaled criteria demonstrated better 

prediction of pilot performance than dichotomous-scaled criteria in five categories of TBs. The 

only exception was the case of Work Sample TBs where it had validity for dichotomous-scaled 

criteria (only two studies, N=150) larger than continuous-scaled criteria (k = 7, N = 1,505). 

Similarly, prediction of continuous-scaled performance was better than that of ordinal-scaled 

performance across four categories of TBs. The exception to this conclusion was observed with 

Perceptual Processing TBs. The comparison between TBs of ordinal- and dichotomous-scaled 

criterion resulted in mixed finding. Three instances were in favor of TBs of dichotomous-scaled 

criterion (Acquired Knowledge, General Ability, and Controlled Attention) and two instances were 

in favor of ordinal-scaled criterion (Perceptual Processing and Motor Abilities). TBs used 

contingency table criteria for pilot performance were very few to allow valid assessments (only 
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two cases both of which had only two studies each). In general, results suggest robust mean validity 

of TBs categories across criterion levels of measurement. 

  

Table 9 

Moderating effect of criterion level of measurement (four subgroups) 

Type of Test Battery k N  SDr SD 95% CI 80% CV %VE 

Acquired Knowledge 68 93209 .19 .09 .09 [.17-.21] [.07-.30] 8 

Continuous 40 37255 .26 .11 .10 [.23-.29] [.13-.39] 89 

Ordinal 6 23188 .13 .02 .01 [.11-.14] [.11-.14] 59 

Dichotomous 18 29878 .15 .03 .02 [.13-.16] [.12-.18] 49 

Contingency  2 1254 .08 .02 0 [.05-.12] [.08-.08] 100 

Perceptual Processing 47 48697 .14 .05 .04 [.12-.15] [.08-.19] 33 

Continuous 24 6235 .13 .08 .05 [.10-.16] [.07-.19] 64 

Ordinal 5 21985 .14 .04 .04 [.11-.18] [.09-.19] 13 

Dichotomous 9 18963 .13 .02 0 [.12-.14] [.13-.13] 100 

Contingency  0 - - - - - - - 

Motor Abilities 39 24388 .17 .11 .10 [.13-.20] [.03-.30] 12 

Continuous 14 5604 .23 .09 .08 [.18-.27] [.13-.32] 28 

Ordinal 2 915 .20 .07 .06 [.10-.30] [.13-.27] 38 

Dichotomous 18 16135 .13 .09 .08 [.09-.17] [.02-.23] 14 

Contingency  2 576 .13 .09 .06 [.01-.25] [.05-.21] 46 

Controlled Attention 29 20438 .10 .10 .09 [.06-.14] [-.02-.22] 14 

Continuous 14 4295 .21 .11 .09 [.16-.27] [.10-.33] 26 

Ordinal 2 7240 .03 .05 .05 [-.04-.10] [-.03-.09] 10 

Dichotomous 9 8671 .10 .06 .05 [.06-.13] [.04-.16] 33 

Contingency  0 - - - - - - - 

General Ability 31 34289 .18 .07 .06 [.15-.20] [.10-.25] 20 

Continuous 19 6291 .19 .11 .09 [.14-.23] [.07-.30] 25 

Ordinal 3 15707 .16 .02 .01 [.14-.18] [.14-.18] 50 

Dichotomous 8 11715 .19 .07 .06 [.14-.23] [.11-.26] 14 

Contingency  1 - - - - - - - 

Work Sample 9 1655 .34 .21 .19 [.21-.48] [.09-.59] 10 

Continuous 7 1344 .28 .14 .12 [.17-.38] [.12-.43] 23 

Ordinal 0 - - - - - - - 

Dichotomous 2 311 .62 .21 .20 [.33-.92] [.36-.88] 5 

Contingency  0 - - - - - - - 

Note. k=number of independent studies; N=total sample size; = mean true-score correlation 

corrected only for sampling error; SDr=sample-size-weighted observed standard deviation of 

correlations; SD=standard deviation of true-score correlations corrected for sampling error; 

CI=confidence interval around the mean true-score correlation; CV=80% credibility interval; VE= 

variation in the observed correlations attributable to sampling error. 
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4.4.6 Supplementary Analysis 

 As a supplementary analysis, the Hedges and Olkin (1985) approach to meta-analysis was 

conducted separately for each ability category of TBs using the overall criterion. As shown in 

Table 9, the estimates of weighted-mean correlations were .39, .25, .23, .18, .17, and .16 for TBs 

saturated with Work Sample, Motor Abilities, Controlled Attention, General Ability, Acquired 

Knowledge, and Perceptual Processing, respectively. The 95% CIs indicates that we can be quite 

confident the true average validities of all TBs are positive, exceeding zero. The Q-within tests 

were significant, and the I2 statistics showed that most of the observed variability in validity 

estimates were due to true differences, not sampling errors. Thus, further moderator analyses are 

justified. The overall conclusion of this approach appeared consistent with the former Schmidt and 

Hunter (2015) approach. However, two important differences need to be highlighted here. First, 

higher magnitudes of validities were noted for TBs of Motor Abilities and Controlled Attention. 

The validity estimates increased from.17 to .25 for Motor Abilities TBs and from .10 to .23 for 

Controlled Attention TBs. More importantly, in addition to the higher magnitude noted for 

Controlled Attention TBs, the 95% CI around its mean was far from zero [.18–.28], which differs 

largely from the previous result that found a small validity estimates of .10 with barely non-zero 

95% CI [.06–.14] and zero 80% CV [-.02–.22]. This supports the validity of this predictor as pilot 

performance.  
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Table 10 

Reanalyzing TBs-criterion relationships using Hedges and Olkin’s approach and testing 

publication bias  

 k N 𝑟̅  SDr 95% CI z I2 Q Rank r R-Z Fail-safe N 

AK 68 93209 .17 .01 [.15-.20] 14.6** 89.8 901.2** .16 -.46 44144** 

PP 47 48697 .16 .02 [.13-.19] 9.6** 87.6 160.8** .37** 4.53** 9317** 

MA 39 24388 .25 .02 [.20-.29] 10.7** 89.9 359.0** .16 2.35* 1083** 

CA 31 34289 .23 .03 [.18-.28] 8.6** 88.6 226.6** .04 2.33* 3506** 

GA 29 20438 .18 .02 [.15-.22] 9.9** 87.1 157.4** -.11 -.41 7524** 

WS 9 1655 .39 .09 [.21-.57] 4.2** 92.1 125.2** .11 -.33 725** 

Note. k=number of independent studies; N=total sample size; 𝑟̅= average validity from the random effects 

meta-analysis; SDr= standard deviation of the validity corrected for sampling error; CI=confidence 

interval around the mean correlation; I2=percentage of variance beyond sampling error; Q=chi-square 

test for homogeneity of observed validities; Rank r= Rank correlation test for funnel plot asymmetry 

(Kendell’s Tau); R-Z=Regression test for funnel plot asymmetry; Fail-safe N= the sample size would 

have to exist to bring the difference in validity between predictor and criterion down to = .05; 

AK=Acquired Knowledge; PP=Perceptual Processing; MA=Motor Abilities; CA=Controlled Attention; 

GA=General Ability; WS=Work Sample.  

** P.01, * P.05  

 

 

4.4.7 Publication Bias 

 The evaluation of publication bias revealed different conclusions from different analyses.  

As shown in Figure 5, most of the funnels plots are not visually symmetric. Deviations from 

funnel-shaped distribution can be observed in several TBs’ categories such as Perceptual 

Processing and Motor Abilities. The symmetric shape may be somewhat detected for Acquired 

Knowledge and General Ability TBs. Statistical tests of funnel plots using Begg rank correlation 

indicate that all TBs categories were nearly symmetric, with Perceptual Processing being the only 

exception. Thus, there was no evidence of publication bias for five of six TBs. Based on Egger 

weighted linear regression test, three types of TBs found to be symmetric (Acquired Knowledge, 

General Ability, Work Sample) and three TBs found to be asymmetric (Perceptual Processing, 

Motor Abilities, Controlled Attention). Thus, there were evidence of publication bias for three TBs 

but no evidence for the other three. Last, the fail-safe N analysis for each TBs’ predictor indicated 

that many null studies would need to be located for the two-tailed p-value to exceed 0.05. 

Specifically, fail-safe N was 44,144 for Acquired Knowledge TBs, 9,317 for Perceptual Processing 
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TBs, 7,524 for Motor Ability TBs, 3,506 for Controlled Attention TBs, 1,083 for General Ability 

TBs, and 725 for Work Sample TBs. This means that there would have to be from 725 (Work 

Sample) to 44,144 (Acquired Knowledge) null studies included in the present study with zero 

difference in validities to bring the difference in validities down to insignificant magnitudes. 

According to the significant results established by this test, effect sizes are not expected to be 

confounded by publication. For the sake of completion, forest plots parallel to funnel plots are 

shown in Figure 6. 
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Figure 5 (a). Funnel plot of Acquired Knowledge TBs Figure 5 (b). Funnel plot of Perceptual Processing TBs 

  
Figure 5 (c). Funnel plot of Motor Abilities TBs Figure 5 (d). Funnel plot of Controlled Attention TBs 

  
Figure 5 (e). Funnel plot of General Ability TBs Figure 5 (f). Funnel plot of Work Sample TBs 
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Figure 6 (a). Forest plots of Acquired Knowledge TBs Figure 6 (b). Forest plots of Perceptual Processing TBs 

  

Figure 6 (c). Forest plots of Motor Abilities TBs Figure 6 (d). Forest plots of Controlled Attention TBs 

  

Figure 6 (e). Forest plots of General Ability TBs Figure 6 (f). Forest plots of Work Sample TBs 
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CHAPTER 5. DISCUSSION 

 

 This meta-analysis has provided the most comprehensive statistical review of the 

relationship between composite scores of test batteries and pilot performance criteria to date. The 

aim was to determine the mean validity of six distinct types of ability batteries for predicting pilot 

performance across four specific criteria (flying performance rating, graduate/attrite training, 

academic performance grade, flight simulator performance rating), as well as one global criterion. 

Additionally, five variables were examined as possible moderators influencing predictor–criterion 

associations (number of test in the battery, regularity of TBs use in pilot selection, the year of 

publication, the type of flying organization, the scale/type of criterion). This examination 

represents an extension of earlier meta-analyses conducted more than two decades ago assessing 

the criterion-related validity of single-construct psychological tests as predictors for pilot 

performance. The categorization schema of TBs utilized in this study based on broad ability 

constructs is novel, and this is one of the only occasions in which ability battery composite scores 

have been subjected to verification in a meta-analysis context. It was clear that different ability 

saturations of TBs identified primarily on the basis of the CHC model can provide practically 

useful levels of statistical prediction of several important criteria of flight performance. Despite 

the small magnitude of mean validities, the six categories of TBs correlated meaningfully with the 

criteria of pilot performance, and five of them showed a possible generalization of validity across 

samples and organizations. The idea that some abilities would play a greater role in pilot 

performance than others has been confirmed by the fact that different categories of TB ability 

saturations yielded different mean validities. Researchers and practitioners, therefore need to take 

into consideration the broad ability saturation underlying each computed TB composite score. 
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Findings of this study thus inform the debate surrounding the effectiveness of ability batteries for 

predicting pilot performance. 

 

5.1 Prediction of Four Pilot Performance Outcomes 

 The investigation of the criterion-related validity of six broad ability constructs of TBs for 

four outcomes of pilot performance supports the validity of TBs and establishes their importance 

as predictors of pilot performance. Out of 21 examined relations between TBs and criteria, only 

two relations related to Controlled Attention TBs had some validity issues (with flying rating and 

academic grade). The remaining 19 relations gave significant evidence for predicting pilot 

performance. Differences are noted in the magnitude and the respective 95% CI and 80% CV. 

Overall, criteria of academic grade and simulator rating were associated with higher mean 

correlations as compared to flying rating and graduate/attrite training. The academic grade was the 

best-predicted criterion by TBs of Acquired Knowledge, Perceptual Processing, and General 

Ability. Findings of previous meta-analyses suggested that initial ability scores are more valid 

predictors of training success criteria than criteria based on subsequent job performance (Hirsh et 

al. 1986; Hunter, 1986; Hunter & Hunter, 1984; Pearlman et al., 1980). Academic performance in 

flight training is probably the closest criteria for training success in other professions, and hence 

the present finding is in consistent with previous studies finding. Also, simulator rating was the 

best-predicted criterion by TBs of Motor Abilities and Controlled Attention. The relatively high 

validity noted for these two ability batteries may be understood considering the nature of their 

tests/tasks that require competencies like those needed for piloting ability (e.g., speed of 

processing, attention, time-sharing, compensatory tracking; e.g., Gibb & Dolgin, 1989; Johnston, 

1996; Taylor et al., 1994; Tsang & Shaner, 1998). 
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 Another notable finding is the lower validity magnitude of TBs’ associations with 

graduate/attrite training criterion as compared to flying performance rating criterion (M= .15 vs. 

M= .19). This trend is somewhat expected given the typical dichotomized scale of graduate/attrite 

criterion which tends to “underestimate” correlations coefficients (Cohen, 1983). Some interesting 

findings were observed concerning the variability in validity magnitudes for a the different types 

of TBs. For example, for the flying rating criterion, TBs of Motor Abilities and General Ability 

demonstrated the second highest predictive validities (𝑟̅=.22 and .17, respectively). Same result 

was also noticed for both TB types using the graduate/attrite training criterion, with mean validity 

of .14 for both. Additionally, due to the nature of the constructs of Acquired Knowledge and 

Perceptual Processing, it was projected that Acquired Knowledge TBs will predict academic 

grades better than other criteria, and Perceptual Processing TBs will predict flying rating better 

than other criteria. Results showed that both types of ability batteries had as the cademic grade as 

their best-predicted outcomes. This finding may be understood when considering the high 

educational prerequisites required for selecting pilots (e.g., GPA, standardized test scores), which 

increase their likelihood to be successful academically, regardless of their ability orientations.  

 The findings also suggest that the academic performance criterion might not be sensitive 

enough for detecting the different types and levels of cognitive abilities that are essential for pilots, 

and there is need to include different specific criteria of pilot performance to understand the TBs’ 

relative utility. Controlled attention TBs were found to be a more effective predictor for pilot 

performance than criteria of graduate/attrite training and simulator rating and, to some extent, 

academic grade. Unstable findings for this category, however, could be linked to the possibility 

that TBs included in this category were more diverse and wider in scope, which may increase 

variability around the mean. Overall, results were consistent with studies emphasizing the role of 
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criterion type in validation studies, and those stressing the importance of balancing predictor–

criterion relations such that broader predictors are matched with broader criteria and specific 

predictors are matched with specific criteria (Ones & Viswesvaran, 1996; Reeve et al., 2015).  

 

5.2 Prediction of Overall Pilot Performance Outcome 

The mean validities of TB ability categories predicting a single global index for pilot performance 

ranged from .10 (Controlled Attention TBs) to .34 (Work Sample TBs), all of which had 80% CV 

greater than zero except for Controlled Attention. Three groups of predictors may be identified 

according to the magnitude of validity estimates: the highest validity group containing TBs of 

Work Sample (.34), the medium validity group containing TBs of Acquired Knowledge, General 

Ability, and Motor Abilities (.19, .18, and .17, respectively), and the lowest validity group 

containing TBs of Perceptual Processing and Controlled Attention (.14 and .10, respectively). 

Similarities were noted between the three types of TBs in the medium validity group. Because 

flight simulators are often associated with high costs and advanced technology, selection tests that 

are dominated by one of these three broad abilities are more likely to be acquired and attained. 

Psychomotor ability tasks also tend to rely on advanced equipment such as apparatus and 

computer-based instruments, which may be not attainable for some organizations. Hence, the TBs 

of Acquired Knowledge and General Ability become the more accessible type of batteries. 

Fortunately, these two types of ability are the most frequently used and employed in pilot selection 

batteries. The current finding gives further support for the continuing utility of these types of TBs, 

which have at least modest predictive power. 

 Concerning the smaller magnitude of correlations for Perceptual Processing TBs, it may 

be linked to the high cognitive demand required by ability batteries of these types as well as the 

multidimensional scope of measurement covered by these TBs with narrow abilities and process, 
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which may impact participants’ performance. Many neurocognitive tests batteries consist of a large 

number of tests/tasks that measure wide-ranging constructs of cognitive functioning (e.g., King et 

al., 2011; King et al., 2013). Nevertheless, TBs of Perceptual Processing is still not that distant 

from the “medium validity” group, with correlation estimate supporting their validity 

generalization. The finding regarding TBs of Controlled Attention (𝑟̅=.10; CV= [-.02-.22]) is 

especially noteworthy because many primary studies have shown that this category (i.e., 

multitasking tasks) is important predictors of pilot performance (e.g., Barron, & Rose, 2017; 

Hoover, & Russ-Eft, 2005; Morgan et al., 2013). The inconsistent result noted for this group in the 

current study may be attributed to the mixed measures of dual tasks that were included in this 

category, with no attempt to further sorting them out to a more specific type of multitasking (e.g., 

cognitive dual tasks, psychomotor dual tasks, ca ombination of perceptual-motor tasks). Another 

possibility is that an outlier value exists in the data that may have influenced the validity estimate 

of Controlled Attention TBs. The inspection of the forest plot of this category suggests that the 

King et al. (2013) primary study may be the most influential outlier. It is recommended that more 

single studies on the validity of Controlled Attention TBs to be conducted for specific 

combinations of abilities so as to allow further categorization of constructs and processes included 

in these batteries.  

 Overall, findings based on a single global criterion lead to positive conclusions about the 

validity of the different types of TBs in predicting pilot performance, with possible 

generalizability. Although progress has been made in understanding the validity of cognitive 

abilities for predicting pilot performance, results of meta-analyses have shown that the observed 

validities of cognitive abilities are modest (in the .10s to .30s range) at best (Hunter & Burke, 
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1994; Martinussen, 1996). Results of this study appear consistent with this overall finding, with 

different conclusions realized for the validity of each type of TB. 

 

5.3 Flight Simulator as both a Predictor and a Criterion 

As noted earlier, the flight simulator score (i.e., work sample) was found to be the best predictor 

across three specific criteria (flying rating, graduate/attrite training, and academic grade) and one 

overall criterion of pilot performance. With mean validities of .35 for flying performance, .34 for 

graduate/attrite training, .24 for academic performance, and .34 for the overall index, and the 

respective 80% credibility values lying clearly above zero, the conclusion that validity 

generalization of this predictor exists across different samples and situations is supported. The 

robustness of flight simulator as a predictor can be realized across four criterion-based meta-

analyses, and seven moderator-based meta-analyses, where it yielded the largest validity estimates 

among other predictors, with 80% credibility values greater than zero. The findings suggest that 

simulator is the best “stand-alone” predictor of pilot performance among TB categories. This result 

is consistent with Carretta and Ree’s (2003) conclusion, which identified flight simulators as a 

strong predictor of pilot performance. Also, it matches the suggestion of Schmidt and Hunter’s 

(1998) review, which established that intelligence measures and work sample tests, as well as their 

combination, are the best predictors for job performance. 

 Considering flight simulator as a criterion, the analysis showed that that validity estimates 

of different TBs categories for flight simulator rating were generally of high magnitude. This is 

especially true for TBs of Perceptual Processing, Motor Abilities, and Controlled Attention, but it 

is true to a lesser extent for TBs of Acquired Knowledge. However, it should be noted that all 

studies that used flight simulator as a criterion were concurrent validity studies, and involved only 
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experienced pilot samples, not student trainees. A possible explanation for the notable high validity 

in simulator-based studies is the testing condition of simulation, which is not expected to be as of 

the actual flying situation in terms of difficulty, complexity, and stress involved. Simulation tasks 

tend to be easier, less complex, and involve less stress than the actual flying tasks. Hence, such 

result supports the increased use of simulation in validation studies and recognize simulation as a 

criterion that has the potential to provide a sound index of flying performance, especially as 

simulation technology advances. Nevertheless, the financial and training factors that discourage 

using flight simulator performance as a criterion are reasonably understood.  

It is important to note, however, that the present meta-analysis of flight simulator as a 

predictor was based on only three to six independent samples across the specific criterion and total 

of nine samples for the global criteria (N= 1,655). Similarly, the meta-analysis of flight simulator 

as a criterion was based on only two to nine independent samples for each type of TB with sample 

sizes ranging from 232 to 1,634. The interpretation of results, therefore, needs to be taken with 

caution.  

 

5.4 Number of Tests in the Battery 

 Analyzing the validity of TBs across different subgroups provided further support for their 

validities as significant predictors for pilot performance. Based on the number of tests in the 

battery, the two constructed subgroups (small battery/large battery) produced small to moderate 

mean validities across three types of TBs and demonstrated generalized validity. Comparing the 

magnitude of mean validities obtained from the heterogeneous tests in this study with those 

obtained from homogenous tests in the previous meta-analyses reveals some differences. For 

example, TBs of Motor Abilities in the present study showed mean validity of .26 and .12 for large 

battery and small battery subgroup respectively, both of which are values below the validity of .32 
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reported in Hunter and Burk (1994) for Gross dexterity (an index of psychomotor ability) and 

around the mean validity of .20 reported by Martinussen (1996) for a combination of psychomotor 

and information processing. The heterogeneous tests examined here for composite scores of 

multiple tests may give more accurate estimates for the higher order Motor Abilities saturating 

TBs whereas homogenous tests examined in previous analysis from ability-specific tests may give 

more accurate estimates for that specific abilities. Practitioners may trust that TBs with higher 

numbers of tests are more effective at predicting performance than those with lower numbers of 

tests due to the misbelief that more is better. The results of the current meta-analyses on large 

samples counter this belief. It was contrary to the expectation, to find in the present study that 

small battery subgroup showed higher mean validity than the large battery group in two types of 

TBs. This result suggests being more mindful about not only the number but also the content 

representativeness of tests when designing ability batteries. Clearly, performing many additional 

tests in the battery does not necessarily improve predictions about pilot performance. 

 

5.5 Regularity of TB Use in Pilot Selection 

 The regularity of a TB’s use in pilot selection was analyzed as a possible moderating 

variable. The results indicated significant mean validities and significant 80% credibility values 

across TBs types for both constructed subgroups (commonly used, uncommonly used) except for 

one case. This finding supports TBs’ validities irrespective of the direct purposes underlying their 

designs and constructions. As hypothesized, the commonly-used TBs in pilot selection yielded 

higher mean validity than the uncommonly-used TBs. It was interesting to see Perceptual 

Processing TBs contrasting this pattern of expected validities. Among the five examined categories 

of TBs, only the subgroup of uncommonly used in Controlled Attention had a mean validity of .05 

fall in the 95% CI and the 80% CV that included zero. These results imply that flying organizations 
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may be encouraged to utilize the available ‘off the shelf’ batteries for pilot selection when 

specialized batteries are not available. For the unexpected finding related to Perceptual Processing 

TBs, a possible explanation is a difference in sample size between the two subgroups (k= 9 for 

commonly used, k= 38 for uncommonly used). Adding more studies of commonly used TBs of 

Perceptual Processing may provide a fairer comparison with the quality of uncommonly used TBs. 

Moreover, the continued efforts being made to improve the Perceptual Processing domain to 

incorporate the recent advancement in intelligence models (Hoelzle, 2008), especially those linked 

to CHC theory (Alfonso et al., 2005), may have yielded newly-designed, and so less commonly-

used, tests with high predictive power. 

 

5.7 Year of Publication 

 Because the studies collected for this meta-analysis covered nearly 30 years of research, 

the expectation was to detect some changes in validity estimates. Based on three created subgroups 

of the year of publication, the trend was not clear enough to draw a firm conclusion about TBs’ 

validities over time. Although TBs of Acquired Knowledge, Controlled Attention, and Work 

Samples did show some decline in mean validities over year, the differences between the three 

decades were not significant. This trend became clearer when correlation analysis was used to 

assess relationships. Results showed negative correlations between the year of publication and 

validity coefficients of TBs of Acquired Knowledge, Perceptual Processing, General Ability, and 

Work Sample, and positive correlations with TBs of Motor Abilities and Controlled Attention. As 

discussed by Martinussen (1996) who also noticed a similar negative trend, this finding does not 

necessarily indicate a true decline in criterion-related validity but might be an effect of pilot 

selection procedure changes over the years. Such trends can also be attributed to the reduction of 

the selection ratio or the variation among applicant populations over the years. Because this study 
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did not attempt to correct for range restriction, it is difficult to explain the noted decline in the 

validity of these scores’ use for pilot selection over the years. 

 

5.6 Flying Organization 

 Subgroup analysis of flying organization shows that different saturation categories of TBs 

are valid predictors across organizations with no observed exception. By the 80% CVs, there is 

empirical evidence to conclude that there is validity generalization of TBs for predicting pilot 

performance across four distinct services (USAF, US Navy, another military, civilian). The 

magnitude of the coefficients differed between the four flying organizations. Apparently, USAF 

subgroup had lower validity estimates than for other subgroups in at least three categories of TBs 

(Acquired Knowledge, Motor Abilities, Controlled Attention). The subgroup of another military, 

on the contrary, had higher validity estimates in three categories of TBs (Motor Abilities, General 

Ability, Controlled Attention). Comparison between the two US services revealed that TBs of 

General Ability and Acquired Knowledge were the best predictor for USAF pilot performance 

(𝑟̅= .17 and .15, respectively) while Acquired Knowledge and Motor Abilities (𝑟̅= .29 and .27, 

respectively) were the best predictor for US Navy/Marine pilot performance. However, the 

magnitude of the effect sizes generally suggests these tests are more useful for screening US 

Navy/Marines than Air Force pilots. Additionally, Perceptual Processing TBs appeared to be an 

especially important predictor for pilot performance within civilian organizations (𝑟̅= .26) as 

compared to other flying organizations. Nevertheless, as some correlations were obtained from 

small numbers of studies (e.g., 2, 6), related findings should be interpreted with caution. Overall, 

there is evidence for validity generalization for the ability batteries across organizational settings. 

This is impan ortant conclusion supports the main finding, giving it a further degree of constancy.  
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5.7 Criterion Level of Measurement 

 Subgroup analysis of this moderator indicated that the continuous-scaled criterion mode 

was predicted better than the dichotomous- scaled or ordinal-scaled criterion modes by four types 

of TBs (Acquired Knowledge, Motor Abilities, Controlled Attention, and General Ability). One 

exception was in favor of an ordinal-scaled criterion (Perceptual Processing TBs), and another 

exception was in favor of a dichotomous-scaled criterion (Work Sample TBs). By the 80% CVs, 

it is possible to conclude that across 23 TBs-criterion’ mode relations there is evidence for validity 

generalization of TBs’ categories for predicting pilot performance. Only the subgroup of ordinal 

scale criteria that was predicted by Controlled Attention TBs deviated from this general effect (N= 

2, 𝑟̅= .03). This suggests that TBs are robust predictors of pilot performance across criterion levels 

of measurement. The results support the conclusion that different criterion scaling yielded different 

magnitudes of correlations with the TB predictor scores. However, sa tatistically meaningful 

moderating effect caused by this variable cannot be asserted. 

 

5.8 Supplementary Analysis 

 Utilizing two meta-analysis approaches in this study supports the overall conclusion and 

complements the findings. Both are commonly-used approaches of meta-analysis in organizational 

psychology. The overall results support the criterion-related validity of the six types of TBs. The 

lack of generalizability noted for TBs of Controlled Attention based on the Schmidt and Hunter 

(2015) approach was met with a high magnitude of validity coefficient and a 95% CI clearly 

distanced from zero based on the Hedges and Olkin (1985) approach. The notable changes in 

validity estimates of Controlled Attention TBs presents an example for the potential strength and 

weakness in meta-analysis approaches, and the importance of combining more than one approach 

in the investigation. It is not uncommon to observe conservative estimates of effect size by the use 
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of Schmidt and Hunter (2015) approach, which was documented by some comparative studies as 

an impending drawback for this approach (e.g., Johnson et al., 1995). In contrast, the strength of 

estimating parameters using inverse variance weights as Hedges and Olkin (1985) approach was 

advantageous in this case. Applying this method provides weights that directly specify the degree 

of precision due to uncertainty attributable both to sampling error and to underlying variability in 

the population effect sizes (Brannick et al., 2011). Regarding publication bias, the multiple 

techniques used for the analyses indicated mixed findings. Taken together, the results revealed a 

reasonable degree of unbiased publication, supportive of the TBs’ validities.   
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CHAPTER 6: IMPLICATIONS, LIMITATION, AND CONCLUSIONS 

 

6.1 Practical Implications 

 In view of the limited number of meta-analyses in aviation, the reliance has been mostly 

on in-house validity studies or findings from other primary studies that may be only partially 

relevant, assuming generalizability to any context of pilot selection and assessment. The findings 

presented here are useful because they provide support for the use of at least five types of TBs 

across different settings, based on a large-scale meta-analysis of primary validity studies. Large 

samples were used in the current analysis (based on the overall criterion) ranging from 20,438 to 

93,209 for the typical tests batteries and 1,655 for Work Sample tests, which are exceptionally 

high to the extent that allows drawing trustworthy conclusions. The results indicated that six 

categories of test batteries are valid predictors for pilot performance and five of them generalize 

validity. This finding supports the evidence for the use of TBs in pilot selection regardless of 

service being selected for, the organization, or the country. More importantly, the results support 

the use of TBs for pilot selection with varying degree of validity attributed to the ability saturation 

dominated the batteries.  

 In general, the six broad ability saturations showed a fair degree of validity which 

evidenced from the meta-analysis of subgroups across different moderator variables. For the 

overall criterion, the rank of TB predictors as per the mean validities was as follows: Work Sample 

(.34), Acquired Knowledge (.19), General Ability (.18), Motor Abilities (.17), Perceptual 

Processing (.14), and Controlled Attention (.10). Although five of these estimates are considered 

small/low effect size (𝑟̅= below than .25; Lipsey & Wilson, 2001), there are important inferences 

may be gained from the results. The implication of this finding is to increase the attention given to 
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flight simulator as it showed the best single predictor of pilot performance. The second group of 

predictors that should be maintained and continued to be emphasized when designing selection 

tests is those saturated with Acquired Knowledge, General Ability, and Motor Abilities. For the 

third group containing TBs of Perceptual Processing and Controlled Attention, their utilities are 

also evidenced, and they may be employed as additional predictors for pilot performance. 

 Another finding with practical implications was determined by moderator analyses. 

Testing the number of tests in the TBs revealed that TBs containing two to four tests performed 

better than those containing five or more tests. Because a large number of tests incorporated in the 

battery did not greatly improve prediction, the focus should be directed to the quality and content 

of the tests rather than quantity. This should help to reduce the costs typically associated with 

constructing and maintaining psychometric measures. Also, the result regarding the validity of 

some TBs that are uncommonly used in pilot selection supports their use in pilot selection and 

provides an effective solution for organizations that do not have in-house designed batteries or 

those that want additional measures of pilot abilities. Another finding with practical implications 

is that, in all cases, the magnitude of the validity was larger in flying performance rating studies 

than in studies that used graduation or attrition from training as a binary outcome. Consequently, 

the effect of performance criterion type in moderating the TBs’ relations with outcome criteria 

necessitates being thoughtful about the most appropriate criteria for a given validation study. 

Moreover, these findings highlight the importance of meta-analysis in aviation psychology and 

provide positive evidence for the continued and expanded use of TBs for pilot selection. It 

extended our understanding of the impact of the broad ability saturations of TBs on the prediction 

of pilot performance across different criteria. The present results also suggest that for specific TBs, 

additional factors may also serve to moderate the criterion-related validity. Thus, additional 
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research will be needed to examine further the factors that moderate criteria-related validity of 

TBs. 

 

6.2 Limitation 

 Despite the notable strengths of this study, several limitations exist that need to be 

addressed. First, the study might be biased in that it included only primary studies that were 

published in the English language. There might be important primary studies published in another 

language than English that would have contributed to the overall finding if they were viable for 

inclusion. However, the fact that this study included data from more than 89 primary studies 

minimize this bias and gives the present findings some degree of practical generalizability. Second, 

the results were not corrected for measurement artifacts, which certainly left wide room for 

variance to be explained. Future meta-analyses are encouraged to correct for most relevant 

artifacts. Related to this point, one reason for disregarding the correction of measurement artifacts 

in this study was the lack of information provided by the primary studies that would facilitate the 

correction process (e.g., range restriction ratio, predictor reliability, criterion reliability, or 

dichotomization ratio). It is suggested that future primary validity studies include complete 

information about the psychometric properties of the measures and criteria. Additionally, even 

with the attempt in this study to examine four important criteria for pilot performance, future 

studies should explore even more specific criteria to see whether the pattern of validity coefficients 

also holds for more specific outcome criteria (e.g., extra flying hours, mishaps, attrition from 

service with specific reasons, career progress). 

 Third, some moderator analyses were based on a relatively small number of studies, which 

may bias the mean validity estimates. Some subgroups may have been underrepresented with 

sample sizes as low as two or three, or in some cases not even represented. Additional primary 
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studies are recommended to be carried out to supply future meta-analysis with more 

comprehensive data. Fourth, the categorization of TBs was based on the broader abilities proposed 

by CHC theory. Even with the strong psychometric basis underlying the structure of the abilities 

in the model, the four “big” factors used in this study were a practical operationalization and are 

still in need of rigorous empirical investigation. Also, categorization was based on qualitative 

inspection and the thorough understanding of constructs saturating the test battery. A quantitative-

based classification method could provide a stronger basis for categorization of batteries into 

construct saturation types.  

 Fifth, another limitation is that the presence of military samples was much higher than that 

of civilian samples (N= 19), which may raise a concern regarding the degree to which results 

generalize to civilian settings. However, the moderator analysis result about flying organization, 

in fact, supports the validity generalization of TBs across organizations. Sixth, a final limitation is 

that some other potential moderators were not considered in this study (e.g., sample nationality, 

aircraft type, administration format of the battery, gender representation, mean age). Testing for 

such moderators may increase the explained variance and strengthen the validity generalization 

concluded from the study. Counter to these limitations; the present meta-analysis also has several 

strengths. First, this study is one of the first attempts to verify the generalizability of criteria-related 

validity of multiple tests batteries for pilot selection. It is also one of the first attempts to link test 

batteries with CHC theory in a meta-analytic investigation. Second, the present meta-analysis 

benefited from recent meta-analytic practices in industrial/organizational psychology research as 

it utilized the concept of construct saturation for investigating the complex and multidimensional 

constructs underlying composite of test batteries. Also, it applied two widely-used approaches of 

meta-analysis to inform the decisions made throughout this investigation. Third, the primary 
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studies collected for this meta-analysis included TBs with several broad ability saturations, used 

in many types of flight organizations in several countries across an extended, recent timeframe. 

The results concluded in this study should be far more precise than those of any single primary 

study. 

 

6.3 More Recommendations and Research Opportunities  

 The results of this study can be beneficial to aviation psychology practitioners and 

researchers by providing further insight and understanding of cognitive abilities that contribute to 

successful training and flying performance. Aviation organizations may utilize some of the 

findings provided by this study to lessen attrition rates in flight programs through changes to their 

selection test batteries. The conclusions of the study may also be a base for through future 

investigations of specific broad and narrower cognitive ability predictors of ab-initio pilots. The 

following are some additional recommendations and research opportunities from the present study 

that also cover implications for practice.    

(1)  The meta-analysis in this study focused on test batteries saturated with six broad categories 

of cognitive ability in which five of them mapped with a broad model of CHC theory. No attempt 

was made to extend the model investigation to include the 16 broad cognitive abilities of Stratum 

II or the narrower abilities of Stratum I. It is recommended that further meta-analysis is extended 

to more specific cognitive abilities identified by the CHC model to evaluate their association with 

pilot performance. Additionally, each category group of the broad ability saturation was examined 

individually as a predictor for flight performance. Assigning each TB to one broad ability construct 

may not indicate the full potential of a composite score as a predictor, and may not capture the true 

value of each TB as an indicator of flight performance. Rather than focusing on single composite 

scores, it is recommended that future research could validate conclusions about how the cognitive 
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abilities within the TB group are potentially intercorrelated and work together to predict flight 

performance.  

(2)  Prior meta-analytic research on the CHC model-based cognitive abilities as predictors of 

flight performance has been scarce. This study has indicated the importance of cognitive ability 

constructs saturating the accumulated test batteries for flight performance. In order to advance our 

understanding of the role of complex constructs in the prediction of pilot performance, more 

research with different methodology and scope may be needed to validate the use of these broad 

abilities with flight training. The present study relied on qualitative judgment to categorize the 

composite scores to the identified groups of ability saturations. Conclusions regarding the 

validities of TBs would be more credible if a quantitative method (e.g., factor analysis) were 

available to determine more reliably the higher-order construct of each TB. 

(3)  For a given predictor construct, practitioners may consult this study to understand the 

expected validity of each type of TB as a predictor of pilot performance. For example, the results 

of this study indicated that the criterion-related validity for the TBs saturated with Acquired 

Knowledge was higher than that saturated with Motor Abilities. Such knowledge is important for 

the designers of selection tests and may inform their choice of cognitive abilities to incorporate.  

Relatedly, TBs of Controlled Attention as a predictor for flight performance require further 

attention. The current analysis indicated that scores in this group were statistically significant as a 

predictor of flight performance, but evidence for validity generalization was not sufficient. If 

studies continued to show significant associations between scores of Controlled Attention TBs and 

flight performance, that should support the use of this type of battery for pilot selection.  

(4)  Researchers should be thoughtful about the structure of composite scores of cognitive 

abilities, and the suitability of particular performance criteria. Different TBs may be most strongly 
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related to different types of performance criteria, e.g., TBs saturated with Acquired Knowledge 

would be expected to perform better with future academic grade as a criterion, while TBs saturated 

with work sample would be expected to perform better with flying performance rating as a 

criterion. Thus, attention should be paid to the possibility that certain composite scores may have 

lower validity for predicting some criteria of pilot performance, and that other composite scores 

might be more valid predictors for these criteria.  

(5)  It is recommended that meta-analysis researchers make use of the six test score ability 

categories proposed by this study. It can serve as a common framework to communicate research 

findings and validity evidence of composite scores derived from test batteries.  

(6)  Sufficient details of construct information should always be reported. Researchers are 

encouraged to communicate information about the specific contents of TBs composites as well as 

intercorrelations with the constructs/subtests. Moreover, the limited information on statistical 

artifacts limited the possibility to provide more precise estimates of true validity in this study. A 

better practice for reporting data is recommended, especially statistics related to predictor and 

criterion variables, and necessary for artifact corrections such as means, standard deviations, 

reliability coefficients, range restriction ratios, and dichotomization ratios. 

(7)  The present meta-analysis used four specific criteria for pilot performance as well as one 

overall pilot performance rating index. Future investigations may approach pilot performance 

differently through longitudinal designs by examining pilot performance over some time. 

Assessment of students' progression throughout their training program may generate useful 

knowledge of the relative importance of cognitive abilities for each stage of training. For example, 

it could be determined that particular ability is a significant predictor for the initial phase of flight 
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training while another ability is a more useful predictor at later stages after gaining some 

experience.  

(8)  Based on the findings of this study, the administrators of aviation organizations are 

encouraged to incorporate the most predictive type of TBs in their selection test batteries. 

Composite scores derived from these TBs could be used to assess the potential for student 

successes in the flight training program and subsequent performance as an operational pilot. The 

use of TBs that were validated by this study may even be beneficial for increasing retention in 

flight training programs.  

(9)  Another recommendation is addressed for the administrators of the University flight 

program. It is common for University to admit students to flight programs based on educational 

criteria such as GPA, SAT scores, or ACT scores with no measurement of specific cognitive 

abilities that are relevant to flying performance. The findings in this study provide evidence for 

universities to consider introducing more relevant screening tests as a criterion for flight program 

admission.  

(10)  There is a need for more data. More primary studies on the criterion-related validity of TBs 

for pilot performance would yield more stable estimates of the mean. Some of the moderator results 

reported in this study were based on relatively small subsets of studies. Similarly, there is a lack 

of literature in which the differential prediction of test battery scores for various groups (e.g., sex, 

age, ethnicity) are examined. Additional research could be conducted to investigate the utility of 

test batteries for predicting different groups of pilots’ flight performance. Validation studies in 

civilian settings, particularly university flight programs, are highly sought after. The current meta-

analysis included studies mainly obtained from military settings with fewer from civilian settings. 
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It was not possible to include “university flight program” in the moderator analysis of flying 

organizations due to the inadequate number of studies.  

(11)  Specific recommendations from a selection standpoint for youth programs targeting flying  

as a potential career are to (a) emphasize the importance of cognitive abilities as selection criteria 

for flight programs, (b) determine specific cognitive abilities that serve as significant predictors of 

pilot performance among young people, (c) familiarize participants with common TBs used in 

pilot selection, and (d) provide opportunities for training directed to the most wanted cognitive 

abilities for pilots. 

 

6.4 Conclusion 

 The aim of the present study was to determine the mean validity of TBs with six distinct 

broad ability saturations (Acquired Knowledge, Perceptual Processing, Motor Abilities, 

Controlled Attention, General Ability, Work Sample) for predicting pilot performance across four 

specific criteria (flying performance rating, graduate/attrite training, academic performance grade, 

and flight simulator performance rating), as well as one overall criterion. Five variables were also 

considered as possible moderators and were analyzed individually (based on the number of test in 

the battery, the regularity of TBs use in pilot selection, the year of publication, the type of flying 

organization, and the scale/type of criteria used). This examination pursued relevant research 

questions from both a theoretical and an applied point of view. It represents an extension of earlier 

meta-analyses conducted more than two decades ago assessing the predictive validity of 

psychological tests for pilot performance. To my knowledge, the TB broad ability saturations 

categorization utilized in this study was used for the first time in a meta-analysis context, and this 

is one of the only occasions in which composite scores from multiple test batteries have been 

subjected to verification by meta-analysis. The overall conclusion of the research showed that TBs 
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with several different ability saturations can be valid predictors of pilot performance and that five 

of them generalize validity across samples and organizations for predicting pilot performance. 

Results also showed varying degrees of validity among different types of TBs, which contribute 

to the debate about the relative importance of TBs for predicting pilot performance. 
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Appendix A. A summary of the extracted information from the collected studies  

 

(1) Test batteries saturated with Acquired Knowledge 

 

Author(s)/Year Organization Battery Composite Criterion N r Size Regularity Context Experience 

Arth et al. (1990) USAF AFOQT Pilot Dichotomous 695 0.21 Large Common Training Novice 

Baisden (1992) US Navy  ASTB AQT Continuous 13755 0.36 Small Common Training Novice 

Baisden (1992) US Navy  ASTB AQT Continuous 421 0.30 Small Common Training Novice 

Barron et al. (2016) USAF AFOQT Pilot Dichotomous 3140 0.10 Large Common Training Novice 

Barron et al. (2016) USAF AFOQT Pilot Ordinal  1662 0.11 Large Common Training Novice 

Bartram & Baxter 

(1996) 

Cathay Pacific 

Airways 
Selection Battery Aptitude and GMA Dichotomous 29 0.23 Small Uncommon Training Novice 

Blower & Dolgin 

(1991) 
US Navy  ASTB AQT/FAR Continuous 557 0.12 Small Common Training Novice 

Blower (1992) US Navy  ASTB FAR Contingency  836 0.07 Small Common Training Novice 

Blower (1998) US Navy  ASTB AQT Continuous 936 0.34 Small Common Training Novice 

Boyd et al. (2005) USAF MAB Verbal IQ Ordinal 2105 0.14 Large Uncommon Training Novice 

Carretta & Ree (1994) USAF AFOQT Pilot Ordinal 678 0.20 Large Common Training Novice 

Carretta & Ree (1995) USAF MAB Verbal IQ Continuous 7563 0.19 Large Common Training Novice 

Carretta (1987a) USAF AFOQT Pilot Continuous 151 0.09 Large Common Training Novice 

Carretta (1987b) USAF AFOQT Pilot Continuous 526 0.13 Large Common Training Novice 

Carretta (1988) USAF AFOQT Pilot Continuous 110 0.07 Large Common Training Novice 

Carretta (1992) USAF AFOQT Pilot Dichotomous 696 0.13 Large Common Training Novice 

Carretta (1997) USAF AFOQT Pilot Dichotomous 9239 0.16 Large Common Training Novice 

Carretta (1997) USAF AFOQT Pilot Dichotomous 237 0.14 Large Common Training Novice 

Carretta (2005) USAF AFOQT Pilot Continuous 994 0.22 Large Common Training Novice 

Carretta (2011) USAF AFOQT Pilot Continuous 776 0.27 Large Common Training Novice 

Cowan et al. (1990) USAF AFOQT Pilot Dichotomous 1124 0.10 Large Common Training Novice 

Damitz et al. (2003) 
German Major 

airline 
DLR 

Performance 

Competence 
Continuous 73 0.29 Large Common Training Novice 

Delaney (1992) US Navy  ASTB FAR Continuous 480 0.27 Small Common Training Novice 
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Author(s)/Year Organization Battery Composite Criterion N r Size Regularity Context Experience 

Forgues (2014) 
Canadian 

Force 
Selection Battery CFAT Simulator  1007 0.21 Small Common Training Novice 

Forsman (2012)  
University 

program 

Proposed test 

Battery 
Mixed abilities Continuous 18 0.03 Large Uncommon Training Novice 

Gibb (1990) US Navy  ASTB FAR Continuous 415 0.28 Small Common Training Novice 

Gress & Willkomm 

(1996) 
German AF Selection Battery Cognitive abilities Continuous 267 0.30 Small Common Training Novice 

Griffin (1998) US Navy  ASTB FAR Continuous  434 0.25 Small Common Training Novice 

Herniman (2013) 
Canadian 

Force 
CFAT CFAT score Continuous 75 0.11 Small Common Training Novice 

Ingurgio & Crawford 

(2017) 
US Army  SIFT Cognitive Continuous 463 0.30 Small Common Training Novice 

Johnston & Catano 

(2013) 

Canadian 

Force 
CFAT CFAT Continuous 319 0.06 Small Common Training Novice 

Keener (2003) USAF AFOQT Pilot Dichotomous 6498 0.18 Large Common Training Novice 

King, et al. (2013) USAF MAB Verbal IQ Ordinal 12924 0.12 Large Uncommon Training Novice 

King, et al. (2013) USAF MicroCog Reasoning/Calculation Ordinal 5582 0.12 Small Uncommon Training Novice 

Martinussen & 

Torjussen (1998) 
Norwegian AF Selection Battery Verbal Ability Dichotomous 159 0.19 Small Common Training Novice 

McFarland (2017) 
University 

program 
ACT 

Overall composite 

score 
Continuous 96 0.08 Small Uncommon Training Novice 

Morrison (1988) US Navy  ASTB FAR Continuous 405 0.19 Small Common Training Novice 

Morrison (1991) US Navy  ASTB AQT Dichotomous 702 0.08 Small Common Training Novice 

NAMI (1991) US Navy  ASTB AQT Continuous 1425 0.06 Small Common Training Novice 

Olea & Ree (1994) USAF AFOQT g index Continuous 1867 0.18 Large Uncommon Training Novice 

Phillips et al. (2001) US Navy  ASTB FAR Continuous 248 0.35 Small Common Training Novice 

Rani & Chaturvedula 

(2009) 
Indian AF Selection Intelligence index Contingency 418 0.12 Small Common Training Novice 

Ree (2003b) USAF AFOQT Pilot Continuous 322 0.31 Large Common Training Novice 

Roomsburg (1990) USAF AFOQT Pilot Dichotomous 996 0.22 Large Common Training Novice 

Roomsburg (1990) USAF AFOQT Pilot Dichotomous 1185 0.11 Large Common Training Novice 

Roomsburg (1990) USAF AFOQT Pilot Dichotomous 812 0.13 Large Common Training Novice 

Roomsburg (1990) USAF AFOQT Pilot Dichotomous 764 0.16 Large Common Training Novice 

Stauffer & Ree (1996) USAF AFOQT Pilot Dichotomous 1228 0.16 Large Common Training Novice 

Street & Dolgin (1994) US Navy  ASTB FAR Ordinal 237 0.27 Small Common Training Novice 

Street et al. (1993) US Navy  ASTB FAR Continuous 159 0.25 Small Common Training Novice 
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Author(s)/Year Organization Battery Composite Criterion N r Size Regularity Context Experience 

Stricker (2005) US Navy  ASTB FAR Dichotomous 1415 0.10 Small Common Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 10 0.23 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 77 0.19 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 149 0.04 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 289 0.12 Large Uncommon Training Novice 

Teachout et al. (2014) 
USAF MAB Verbal IQ Continuous 302 

-

0.03 
Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 357 0.20 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 379 0.08 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 359 0.08 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 345 0.08 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 157 0.19 Large Uncommon Training Novice 

Teachout et al. (2014) 
USAF MAB Verbal IQ Continuous 179 

-

0.01 
Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 166 0.08 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 233 0.16 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Verbal IQ Continuous 295 0.29 Large Uncommon Training Novice 

Williams et al. (2000) US Navy  ASTB FAR Continuous 1660 0.36 Small Common Training Novice 

Woycheshin (2001) 
Canadian 

Force 
CFAT CFAT score Simulator 627 0.12 Small Common Training Novice 

Zierke (2014) 
European 

Major airline 
DLR Knowledge tests Dichotomous 402 0.14 Small Common Training Novice 
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(2) Test batteries saturated with Perceptual Processing 

 

Author(s)/Year Service  Battery Composite Criterion N r Size Regularity Context  Experience  

Adamson et al (2010) 
General 

Aviation Pilots 
CogScreen 

Cognitive speed of 

processing  
Simulator 51 0.56 Large Uncommon Exploratory Experienced 

Arendasy et al. (2007) 
German 

Luftwaffe 

Selection 

Battery 
Cognitive tests  Simulator 99 0.39 Large Common Training Novice 

Arth et al. (1990) USAF AFOQT Navigator  Dichotomous 695 0.10 Large Uncommon Training Novice 

Baker (1989) USAF AFOQT Navigator  Continuous 275 0.21 Large Uncommon Training Novice 

Barron & Rose (2017) USAF SynWin Single Tasking  Continuous 370 0.03 Small Uncommon Training Novice 

Blower & Dolgin 

(1991) 
US Navy  ASTB Manikin/Baddeley  Contingency  557 0.13 Small Common Training Novice 

Boyd et al. (2005) USAF MAB Performance IQ Ordinal 2105 0.14 Large Uncommon Training Novice 

Carretta & Ree (1994) USAF BAT 
Information 

Processing composite  
Ordinal 678 0.03 Small Common Training Novice 

Carretta (1988) USAF AFOQT Navigator  Continuous 110 0.29 Large Uncommon Training Novice 

Carretta (1992) USAF AFOQT Navigator  Ordinal 696 0.08 Large Uncommon Training Novice 

Carretta (1997) USAF AFOQT Navigator  Dichotomous 9239 0.13 Large Uncommon Training Novice 

Carretta (1997) USAF AFOQT Navigator  Dichotomous 237 0.17 Large Uncommon Training Novice 

Carretta, 2005) USAF AFOQT Navigator  Continuous 994 0.21 Large Uncommon Training Novice 

Cowan et al. (1990) USAF AFOQT Navigator  Dichotomous 1124 0.08 Large Uncommon Training Novice 

Emery (2011) 
University 

program 
CogScreen 

Factor of General 

Speed/Warking 

Memory 

Dichotomous 52 0.28 Large Uncommon Training Novice 

Endsley & Bolstad 

(1994) 
Northrop Experimental Memory  Simulator 25 0.07 Small Uncommon Exploratory Experienced 

Forgues (2014) 
Canadian 

Force 

Selection 

Battery 
Perceptual speed  Simulator 1007 0.09 Small Common Training Novice 

Herniman (2013) 
Canadian 

Force 

Critical 

Reasoning 

Battery 

Total score Continuous 75 0.07 Small Common Training Novice 

Keener (2003) USAF AFOQT Navigator  Dichotomous 6498 0.13 Large Uncommon Training Novice 

King, et al. (2013) USAF MAB Performance IQ Ordinal 12924 0.12 Large Uncommon Training Novice 

King, et al. (2013) USAF MicroCog 
General Cognitive 

Functioning score 
Ordinal 5582 0.20 Large Uncommon Training Novice 

Kole (2006) 
University 

program 
CogScreen 

General Speed/ 

Working Memory  
Continuous 39 0.38 Large Uncommon Exploratory Novice 
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Author(s)/Year Service  Battery Composite Criterion N r Size Regularity Context  Experience  

Lehenbauer (2004) 
Commercial 

Airline 
CogScreen 

Visual Associative 

Working Memory  
Continuous 398 0.11 Small Uncommon Training Novice 

Martinussen & 

Torjussen (1998) 
Norwegian AF 

Selection 

Battery 
Spatial Ability  Dichotomous 159 0.19 Small Common Training Novice 

Morrison (1988) US Navy  ASTB 

Complex Visual 

Information 

Processing 

Continuous 406 0.11 Small Common Training Novice 

Olson (2002) 
University 

program 
CogScreen 

General Speed/ 

Working Memory  
Continuous 23 0.62 Large Uncommon Exploratory Novice 

Phillips et al. (2001) US Navy  ASTB 
Emergency Scenario 

Test 
Continuous 248 0.16 Small Common Training Novice 

Taylor et al. (2000) 
Private-

Licensed pilot 
CogScreen 

General Speed/ 

Working Memory  
Simulator 100 0.57 Large Uncommon Exploratory Experienced 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 10 0.44 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 77 0.06 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 149 0.16 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 289 0.14 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 302 0.14 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 357 0.17 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 379 0.13 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 359 0.00 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 345 0.15 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 157 0.13 Large Uncommon Training Novice 

Teachout et al. (2014) 
USAF MAB Performance IQ Continuous 179 

-

0.01 
Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 166 0.04 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 233 0.05 Large Uncommon Training Novice 

Teachout et al. (2014) USAF MAB Performance IQ Continuous 295 0.09 Large Uncommon Training Novice 

Tham (1995) 
University 

program 

Proposed 

Battery 

Visual attention 

battery 
Simulator 24 0.47 Large Uncommon Exploratory Novice 

Tolton (2014) 
general 

aviation pilots 
CogScreen 

General Speed/ 

Working Memory  
Simulator 54 0.28 Large Uncommon Exploratory Experienced 

Van Benthem & 

Herdman (2016) 

general 

aviation pilots 
CogScreen 

Factor of General 

Speed/Working 

Memory  

Simulator 54 0.46 Large Uncommon Exploratory Experienced 

Wingestad (2005) 
Major offshore 

helicopter  

Selection 

Battery 
Pilot Prognosis Simulator 100 0.51 Large Uncommon Exploratory Experienced 
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Author(s)/Year Service  Battery Composite Criterion N r Size Regularity Context  Experience  

Zierke (2014) 
European 

Major airline 
DLR Cognitive Abilities  Dichotomous 402 0.14 Large Common Training Novice 
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(3) Test batteries saturated with Motor Abilities 

 

Author(s)/Year Service  Battery Composite Criterion N r Size Regularity Context  Experience  

Adamson et al. 

(2010) 

General 

Aviation Pilots 
CogScreen 

Perceptual-Motor 

Speed 
Simulator 51 0.28 Large Uncommon Exploratory Experienced 

Bartram & Baxter 

(1996) 

Cathay Pacific 

Airways 
MICROPAT SYNVAL Dichotomous 29 0.29 Large Common Training Novice  

Bartram & Dale 

(1991) 
UK Army MICROPAT P-Score  Dichotomous 81 0.11 Large Common Training Novice  

Bartram (1987) UK Army MICROPAT P-Score Dichotomous 243 0.13 Large Common Training Novice  

Blower & Dolgin 

(1991) 
US Navy  ASTB-PB 

Horizontal 

Tracking/Absolute 

Difference  

Contingency  557 0.19 Small Common Training Novice  

Burke et al. (1997) 
British Army 

Air Corps 

Selection 

Battery 
Pilot Aptitude Index Dichotomous 341 0.35 Small Common Training Novice  

Burke et al. (1997) 
British Royal 

Air Force 

Selection 

Battery 
Pilot Aptitude Index Dichotomous 849 0.20 Small Common Training Novice  

Burke et al. (1997) 
Turkish Air 

Force 

Selection 

Battery 
Pilot Aptitude Index Dichotomous 570 0.23 Small Common Training Novice  

Carretta & Ree 

(1994) 
USAF BAT 

Psychomotor 

coordination 
Ordinal 678 0.16 Small Common Training Novice  

Carretta (2005) USAF TBAS 5-Tests Composite Continuous 994 0.10 Large Common Training Novice  

Carretta (2011) USAF TBAS TBAS Continuous 776 0.28 Large Common Training Novice  

Delaney (1992) US Navy  ASTB-PB 
PMT task 

(Stick/Rudder/Throttle) 
Continuous 480 0.26 Small Common Training Novice  

Forgues (2014) Canadian Force 
Selection 

Battery 
Psychomotor Ability  Simulator 1007 0.45 Small Common Training Novice  

Griffin (1998) US Navy  ASTB-PB 
PMT task (stick & 

Rudar) 
Continuous  434 0.36 Small Common Training Novice  

Hörmann et al. 

(1999) 

China Civil 

Aviation  

DLR-

Chinese 

Psychomotor 

coordination 
Continuous 125 0.27 Small Common Training Novice  

Hörmann et al. 

(1999) 

China Civil 

Aviation 

DLR-

Chinese 

Psychomotor 

coordination 
Continuous 200 0.27 Small Common Training Novice  

Keener (2003) USAF BAT 9-Tests Composite Dichotomous 6498 0.08 Large Common Training Novice  

Kokorian et al. 

(2003) 
UK RAF PILAPT PILAPT Dichotomous 165 0.55 Large Common Training Novice  

Kokorian et al. 

(2004) 
Chile Military PILAPT PILAPT Dichotomous 67 0.36 Large Common Training Novice  

Kokorian et al. 

(2004) 
Italy Military PILAPT PILAPT Dichotomous 90 0.50 Large Common Training Novice  
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Author(s)/Year Service  Battery Composite Criterion N r Size Regularity Context  Experience  

Kokorian et al. 

(2004) 

Portugal 

Military 
PILAPT PILAPT Dichotomous 117 0.27 Large Common Training Novice  

Kokorian et al. 

(2008) 
UK Civilian PILAPT PILAPT Dichotomous 76 0.40 Large Common Training Novice  

Kokorian et al 

(2008) 

Brazilian Air 

Force 
PILAPT PILAPT Dichotomous 224 0.45 Large Common Training Novice  

Kole (2006) 
University 

program 
CogScreen Motor Coordination  Continuous 39 -0.05 Small Uncommon Exploratory Novice  

Lance et al. (1993) USAF BAT 10-Tests Composite Dichotomous 2451 0.10 Large Common Training Novice  

Lance et al. (1996) USAF BAT 6-Tests Composite Dichotomous 2147 0.09 Large Common Training Novice  

Lehenbauer (2004) 
Commercial 

Airline 
CogScreen 

Factor of Motor 

Coordination 
Continuous 398 0.08 Small Uncommon Training Novice  

Martinussen et al. 

(2004) 

Norwegian Air 

Force 

Selection 

Battery 
Total Index Continuous 99 0.20 Large Common Training Novice  

O'hare (1997) 
New Zealand 

Soaring Pilot 
WOMBAT 

Perceptual-Motor 

Coordination 
Contingency 26 0.55 Small Uncommon Exploratory Experienced 

Phillips et al. 

(2001) 
US Navy  ASTB-PB ATT/VTT Continuous 310 0.27 Small Common Training Novice  

Rani & 

Chaturvedula 

(2009) 

Indian AF 
Selection 

Battery 
Flying Aptitude Scores Contingency 550 0.11 Large Common Training Novice  

Ree (2003a) USAF TBAS 4-tests Composite  Continuous 551 0.33 Small Common Training Novice  

Ree (2003b) USAF TBAS 

Airplane 

Tracking/Horizontal 

Tracking  

Continuous 322 0.22 Small Common Training Novice  

Stauffer & Ree 

(1996) 
USAF BAT 

Psychomotor 

Coordination 
Dichotomous 1228 0.11 Large Common Training Novice  

Street & Dolgin 

(1994) 
US Navy  ASTB-PB 

PMT task 

(stick/rudder/throttle) 
Ordinal 237 0.33 Small Common Training Novice  

Surrador et al. 

(2013) 

Portuguese Air 

Force 

Selection 

Battery 

Perceptual-motor 

Coordination 
Continuous 43 0.37 Small Common Training Novice  

Taylor et al. (2000) 
Private-

Licensed pilot 
CogScreen Motor Coordination  Simulator 100 0.21 Small Uncommon Exploratory Experienced 

Wheeler & Ree 

(1997) 
USAF BAT 

General psychomotor 

tracking ability 
Continuous 833 0.22 Large Common Training Novice  

Zierke (2010) German DLR DLR Psychomotor Abilities Dichotomous 402 0.11 Small Common Training Novice  
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(4) Test batteries saturated with Controlled Attention 

 

Author(s)/Year Service Battery Composite Criterion N r Regularity Context Experience 

Barron & Rose (2017) USAF SynWin 
Memorization/Math/Visual 

Monitoring 
Continuous 370 0.23 Uncommon Training Novice  

Bartram & Dale 

(1991) 
UK Army MICROPAT Dual Task Dichotomous 81 0.06 Common Training Novice  

Blower & Dolgin 

(1991) 
US Navy  ASTB-PB PMT/DLT Dichotomous 641 0.10 Common Training Novice  

Carretta (1988) USAF AFOQT Encoding Speed  Continuous 110 0.20 Common Training Novice  

Carretta (2005) USAF TBAS Dual Tracking/Listening  Continuous 994 0.09 Common Training Novice  

Delaney (1992) US Navy  ASTB-PB PMT/DLT Continuous 480 0.28 Common Training Novice  

Emery (2001) 
University 

program 
CogScreen Divided Attention  Dichotomous 52 0.29 Uncommon Training Novice  

Gibb (1990) US Navy  ASTB-PB Dual Tracking Continuous 373 0.20 Common Training Novice  

Griffin (1998) US Navy  ASTB-PB Third PMT/DLT Continuous  434 0.36 Common Training Novice  

Hörmann et al. (1999) 
China Civil 

Aviation 

DLR-

Chinese 
Multiple Tasks  Continuous 125 0.23 Common Training Novice  

Hörmann et al. (1999) 
China Civil 

Aviation 

DLR-

Chinese 
Multiple Tasks  Continuous 200 0.49 Common Training Novice  

Keener (2003) USAF BAT Time Sharing Dichotomous 6498 0.08 Common Training Novice  

King et al. (2013) USAF CogScreen Tracking/Delayed Memory Ordinal 7003 0.02 Uncommon Training Novice  

Kokorian et al. (2008) UK Civilian PILAPT Capacity Battery  Dichotomous 76 0.28 Common Training Novice  

Kokorian et al. (2008) 
Brazilian Air 

Force 
PILAPT Capacity Battery Dichotomous 224 0.33 Common Training Novice  

Kokorian et al. (2008) Italy Military PILAPT Capacity Battery Dichotomous 90 0.36 Common Training Novice  

Kole (2006) 
University 

program 
CogScreen Divided Attention Continuous 39 0.02 Uncommon Exploratory Novice  

Lance et al. (1993) USAF BAT Scanning/Allocating Dichotomous 946 0.11 Common Training Novice  

Lehenbauer (2004) 
Commercial 

Airline 
CogScreen Tracking Dual Task Continuous 398 0.18 Common Training Novice  

Park & Lee (1992) Korian AF 
Selection 

Battery 
Tracking/Memory Dichotomous 63 0.29 Common Training Novice  

Phillips et al. (2001) US Navy  ASTB-PB PMT/DLT   Continuous 248 0.16 Common Training Novice  

Ree (2003b) USAF BAT Emergency Scenario Continuous 322 0.13 Common Training Novice  

Street & Dolgin 

(1994) 
US Navy  ASTB-PB DLT/PMT (S) Ordinal 237 0.31 Common Training Novice  
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Author(s)/Year Service Battery Composite Criterion N r Regularity Context Experience 

Street et al. (1993) US Navy  ASTB-PB Dual PMT/DLT Continuous 159 0.34 Common Training Novice  

Surrador et al. (2013) Portuguese AF 
Selection 

Battery 
Psychomotor/Audio/Visual  Continuous 43 0.39 Common Training Novice  

Taylor et al. (2000) 
Private-

Licensed pilot 
CogScreen Dual Tracking Simulator 100 0.39 Uncommon Exploratory Experienced 

Tolton (2014) 
general 

aviation pilots 
CogScreen Dual Tracking Simulator 54 0.26 Uncommon Exploratory Experienced 

Van Benthem & 

Herdman (2016) 

general 

aviation pilots 
CogScreen Visual attention Simulator 54 0.48 Uncommon Exploratory Experienced 

Van Benthem & 

Herdman (2016) 
Licensed pilots CogScreen Dual Task Simulator 24 0.05 Uncommon Exploratory Experienced 
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(5) Test batteries saturated with General Ability 

 

Author(s)/Year Service Battery Composite Criterion N r Regularity Context Experience 

Baker (1989) USAF PCSM Pilot/BAT/flying exp. Continuous 275 0.34 Regular Training Novice  

Boyd et al. (2005) USAF MAB Full scale IQ Ordinal 2105 0.14 Irregular Training Novice 

Carretta & Ree (1994) USAF AFOQT All 16 subtests Ordinal 678 0.24 Irregular Training Novice  

Carretta (1990) USAF BAT & AFOQT Exploratory Composite Dichotomous 430 0.21 Regular Training Novice  

Carretta (1990) USAF BAT & AFOQT Exploratory Composite Dichotomous 455 0.20 Regular Training Novice  

Carretta (2000) USAF PCSM Pilot/BAT/flying exp. Dichotomous 1268 0.34 Regular Training Novice  

Carretta (2011) USAF PCSM Pilot/BAT/flying exp. Continuous 776 0.29 Regular Training Novice  

Duke & Ree (1996) USAF PCSM Pilot/BAT/flying exp. Continuous 1082 0.27 Regular Training Novice  

Emery (2001) 
University 

program 
CogScreen LRPV Dichotomous 52 0.32 Irregular Training Novice 

Ingurgio & Crawford 

(2017) 
US Army  SIFT  Total score Continuous 463 0.33 Regular Training Novice  

Keener (2003) USAF PCSM Pilot/BAT/flying exp. Dichotomous 6498 0.19 Regular Training Novice  

King et al. (2013) USAF MAB Full scale IQ Ordinal 12924 0.16 Irregular Training Novice 

Lance et al. (1993) USAF BAT Exploratory Composite Dichotomous 2451 0.09 Regular Training Novice  

Lehenbauer (2004) 
Commercial 

Airline 
CogScreen LRPV Continuous 398 0.09 Irregular Training Novice 

Martinussen & 

Torjussen (1998) 

Norwegian 

AF 
Selection Battery 7-tests Composite  Dichotomous 159 0.09 Regular Training Novice  

Ness (1997) USAF PCSM Pilot/BAT/flying exp. contingency 576 0.29 Regular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 10 0.39 Irregular Training Novice 

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 77 0.15 Irregular Training Novice 

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 149 0.13 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 289 0.15 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 302 0.06 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 357 0.22 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 379 0.13 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 359 0.04 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 345 0.01 Irregular Training Novice  
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Author(s)/Year Service Battery Composite Criterion N r Regularity Context Experience 

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 157 0.19 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 179 -0.02 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 166 0.07 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 233 0.13 Irregular Training Novice  

Teachout et al. (2014) USAF MAB Full scale IQ Continuous 295 0.23 Irregular Training Novice  

Zierke (2014) 

European 

Major 

airline 

DLR 11-tests Composite Dichotomous 402 0.19 Regular Training Novice  
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(6) Test batteries of Work Sample 

  

Author(s)/Year Service Battery Criterion N r Status Context Experience 

Darr (2009) Canadian Force CPASS Continuous 403 0.31 Common Training Novice  

Gress & Willkomm (1996) German AF Simulator Continuous 267 0.44 Common Training Novice  

Herniman, 2013) Canadian Force CPASS Continuous 75 0.15 Common Training Novice  

Hoermann & Goerke (2014) 
Lufthansa’s Flight Training 

Center 
Simulator Dichotomous 88 0.29 Common Training Novice 

Johnston & Catano (2013) Canadian Force CPASS Continuous 319 0.06 Common Training Novice  

Maciejczyk et al. (1995) Polish Airforce  Simulator Continuous 64 0.32 Common Training Novice  

Reweti et al. (2017) 
Different Civilian 

organizations  
PC Simulator Continuous 62 0.43 Uncommon Exploratory Experienced 

Spinner (1991) Canadian Force CPASS Dichotomous 223 0.76 Common Training Novice  

Woychesin (2002) Canadian Force CPASS Continuous 154 0.35 Common Training Novice  

 

 

 



 

 

 


