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Abstract

Most air traffic controllers (ATCOs) are selected after high school graduation, partly based on cognitive abilities. On
the contrary, French ATCOs are selected after an intensive scientific post-secondary program without undergoing
cognitive assessment. This study examines the potential incremental validity of cognitive predictors in ATCO
training for such proficient applicants. Initial and unit training results were available for 414 and 277 ATCO
students, respectively. All students took cognitive ability tests, encompassing visuospatial processing, quantitative
knowledge, and work samples. We compared a baseline regression model with academic performance as sole
predictor to an extended model with the addition of the cognitive abilities composite score. The R2 of the extended
model increased significantly, by 0.04 (p <.001) and 0.06 (p <.001), respectively, for predicting practical initial and
unit training outcome. In conclusion, even for scientific proficient candidates, cognitive assessment can enhance the
success rate of ATCO training.
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Predictive validity of cognitive abilities for Air Traffic Controllers Selection

among proficient scientific candidates

Introduction

In safety-critical professions, such as those of air traffic controllers (ATCOs), candidates’ selection
undergoes a rigorous process that is closely examined (Eaglestone et al., 2022). Indeed, ATCO training is
costly, complex, time-consuming, and critical as it is essential for ensuring the safe and efficient operation
of the air traffic management system. Meanwhile, the demand for ATCOs is projected to rise alongside the
anticipated growth in air traffic between now and 2040 (FAA, 2021). Currently, this demand is already
manifesting itself in a mismatch between current and required staffing levels, resulting in air traffic
disruptions such as flight delays or re-routings. For example, staffing problems caused 26% of European
flight delays in 2021, with French en-route ATCO staffing shortages accounting for over one-third of this
delay (Eurocontrol, 2022). A comparable situation is observed in the United States, where more than 90
percent of the US ATCOs facilities operate below the Federal Aviation Administration’s recommended
staffing levels (Krolik, 2025). Furthermore, a specific concern in ATCO training is attrition, which refers to
students resigning or being stopped during their training. This results in financial losses, organizational
issues, and potential psychological challenges for the students. Attrition is driven by multiple factors,
including declining motivation, misalignment between the profession and student interests, and
performance failures, among others. These are the reasons behind the long-standing tradition of selection in
aeronautics (DuBois, 1947). Meta-analyses conducted on ATCOs’ selection revealed significant predictive
validities for various cognitive ability predictors (Martinussen et al., 2000; Mouratille et al., 2022).
However, most ATCO predictive validity studies have been conducted on candidates who have recently
graduated from high school (e.g., Mouratille et al., 2022). This study aimed at testing whether cognitive
abilities would predict ATCO training success in a population of scientific proficient students. Indeed, one
could argue that such students may already exhibit high cognitive abilities, potentially limiting the

incremental validity of these measures.

In the general population, cognitive abilities are known to be linked to job performance (Lang &
Kell, 2020; Nye et al., 2022; Ree & Carretta, 2022; Sackett et al., 2024; Salgado & Moscoso, 2019).
Salgado & Moscoso (2019) updated the famous meta-analysis by Hunter and Hunter (1984) and revealed
similar observed correlation values (r = .31 for moderate complexity jobs) between scores on general
cognitive abilities and professional success criteria from 1950 to 1985. Furthermore, it is known that for
complex tasks requiring the processing of new information, like during training of complex cognitive

skills, broad cognitive abilities have the best predictive validity (Ackerman & Beier, 2018). A meta-analysis
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including more than 100,000 participants highlighted that cognitive ability is a substantial prerequisite for
scholastic success measured through course grades (Roth et al., 2015). In U.S. graduate school
environments, Woo et al. (2023) argued in favor of cognitive predictors instead of academic variables such
as Grade Point Average. In the same way, cognitive abilities were found to have incremental validity over
prior educational attainment in British medical schools (Paton et al., 2022) and German psychology schools
(Watrin et al., 2022).

Predictors of a selection process should be chosen according to content and predictive validity.
Content validity relies on job or task analysis, ensuring that the abilities evaluated during selection are
relevant to the job. A recent systematic review of ATCO job analyses (Wium & Eaglestone, 2022)
highlighted diverse methodologies and taxonomies used across air navigation service providers and
working conditions. However, job activities and requirements remain consistent, as ATCOs are responsible
for monitoring and regulating air traffic to ensure safe and efficient aircraft movement. Furthermore, ATCO
is considered among the occupations that require the highest levels of cognitive abilities (Wolfram, 2023).
From a cognitive point-of-view, the central aspect of this occupation is the dynamic process of acquiring,
processing, and sharing information from multiple sources (Goeters et al., 2004). This process involves
concurrent multitasking with potential adaptations based on the integration of new data. Goeters et al.
(2004) highlighted the critical importance of divided attention, selective attention, monitoring, listening
comprehension, vigilance, and perceptual speed. In the context of US ATCOs, visuo-spatial processing,
fluid reasoning, working memory, speed processing, and long-term memory have been regarded as the
most important cognitive abilities (Broach, 2013). As a result, ATCO trainees are usually selected on their
cognitive abilities. For example, the FEAST battery, provided by Eurocontrol and currently used by 56
organizations in the world, comprises numerous cognitive ability tests (FEAST, 2024).

Predictive validity of cognitive ability test scores has been highlighted through meta-analyses of
ATCO selection. By combining 35 independent studies, Martinussen et al. (2000) highlighted low-to-
medium mean correlations (r € [.10, .30]) between training success and various predictors such as
occupational knowledge, mathematical ability, multiple task performance, verbal ability, general ability,
spatial ability, work sample (low-fidelity simulation of real job tasks) and composite scores (weighted
aggregate of multiple test scores). More recently, Mouratille et al. (2022) aggregated 51 studies published
between 1961 and 2021 (N = 65,839 participants) and identified four broad cognitive abilities that showed
large effects in the prediction of success in training (p > .30): quantitative knowledge, processing speed,
working memory, and visuo-spatial processing. Two other cognitive predictors showed large effects,
namely work sample and cognitive composite. Moreover, predictive validity was strongly moderated by

criterion nature. In general, the initial training is more precisely predicted than the unit training by
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cognitive predictors (p = .52 vs p = .20). In the initial training, theoretical and practical grades are often
averaged, although some studies specified the values for each type of assessment. For example, Pecena et
al. (2013) reported small correlation values between cognitive abilities and theoretical grades (r €[.10,
.18]) whereas Carretta and King (2008) found large correlation values (r €[.20, .44]). Interestingly, level of
education exhibited a medium correlation with training success, but the highest level of education required
was high school (Mouratille et al., 2022). In other words, most ATCO predictive validity studies were
conducted on candidates who have recently graduated from high school. Thus, the predictive validity of
cognitive abilities for candidates pre-selected on their scientific proficiency during post-secondary
education remains an open question. Significant predictive validities of cognitive ability test scores have
been found among a restricted population characterized by high cognitive abilities (Brown et al., 2021) or
in high-stakes settings (Sackett et al., 2008). This link is highly stable from adolescence to late adulthood
(Breit et al., 2024). In addition, it is very unlikely to find students with very low levels of cognitive abilities
among those proficient in science (Zhou et al., 2024a), suggesting that such proficiency is associated with
high cognitive ability.

Contrary to the majority of ATCO selections (Eaglestone et al., 2022; FEAST, 2024), the French
ATCO selection process solely relies on scientific knowledge assessments and does not encompass any
cognitive assessment. ATCO candidates are selected after a specific French degree, a two-year
undergraduate degree, called "preparatory classes of higher engineering schools". This post-secondary
education focuses on the learning of advanced scientific knowledge and skills in mathematics, physics,
chemistry, and engineering science. It’s a highly selective and intensive two-year program designed to
prepare students for entrance exams to prestigious higher education institutions known as “grandes écoles”.
For information, in France, 91% of high school students graduate, and only 17% of them gain admission to
preparatory classes (Ministry of Higher Education, Research and Innovation, 2020). Following the first
year of preparatory class, success rate is approximately 75% as exemplified by a 72% rate in 2011
(Ministry of Higher Education, Research and Innovation, 2013). Moreover, approximately 10% of
applicants for the ATCO entrance exam are selected for ATCO training, based on assessments in subjects
such as mathematics and physics, among others. Hence, French ATCO applicants demonstrate a high level
of proficiency in scientific knowledge and academic skills. Each year, around one hundred ATCO students
are recruited with a European Class 3 Medical Certification. Throughout their ATCO training, students
undergo assessments in both theoretical knowledge and practical skills. Practical assessments are carried
out during simulation and are based on a standardized list of competencies requiring some level of
proficiency. Among them, approximately 10% fail during training, mainly due to performance failure. This

rate of 10% can be regarded as low in comparison to other ATCO selections (between 20% and 50%,
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Pecena et al., 2019; Langr et al., 2019). However, these failures lead to potential psychological problems
for students (failure), organizational issues (one ATCO missing in operational center) and financial losses
for the government and taxpayers (for example, training one US ATCO student costs around 250,000 $ for
two and a half years; FAA, 2014). They could be avoided with cognitive screening because some critical
cognitive abilities may not be assessed by scientific knowledge assessments. In other words, the current
selection process primarily evaluates acquired knowledge, particularly the broad ability of domain-specific
knowledge. According to the Cattell-Horn-Carroll (CHC) theory, this ability is defined as 'specialized
declarative and procedural knowledge' (Schneider & McGrew, 2018). However, evidence suggests this
ability weakly predicts ATCO training success within high school populations (p» = .19; Mouratille et al.,
2022). In France, advanced scientific proficiency, assessed after the two-year undergraduate degree in
science, is considered to be a better predictor than scientific proficiency after high school because advanced
scientific proficiency would be underpinned by higher cognitive abilities. For instance, physical scientists
are among the occupations that demand the highest levels of cognitive abilities (Wolfram, 2023).
Nevertheless, declarative knowledge alone might not fully capture the cognitive demands of ATCO training
and work (real-time parallel processing, fast decision-making in unpredictable environments and managing
high-stakes operational environments) even for proficient scientific candidates. Although domain-specific
knowledge constitutes a foundational prerequisite, training success likely requires additional abilities, such
as visuospatial abilities, working memory, attentional control, and stress tolerance (Wium & Eaglestone,
2022). Notwithstanding the ongoing debates (Sackett et al., 2022; Woods & Patterson, 2023), the
assessment of cognitive abilities is regarded as one of the most effective methods for increasing predictive

validity in a selection process (Kulikowski et al., 2025).

The main purpose of this study was to investigate the incremental validity of cognitive predictors
for ATCO training within a sample of French ATCO students who have been selected based on the results
of a knowledge-based (mainly science) entrance exam. This is the first published longitudinal study
focusing on this specific population. Performance at the ATCO entrance exam has been collected for each
applicant. Moreover, at the beginning of initial training, all the selected ATCO students had to perform
cognitive ability tests assessing four broad cognitive abilities highlighted by job analysis and meta-analysis:
visuo-spatial processing, quantitative knowledge, working memory and processing speed. Finally, data
related to ATCO training outcomes has been gathered upon completion of the initial training, encompassing
grades on theoretical and practical assessments. For most of the participants, unit training outcomes were

also available. Criterion-related validity evidence will be employed to test three hypotheses:
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1) Hypothesis 1 (H1): Compared to the current selection process (i.e., academic performance),
cognitive predictors will have incremental validity for predicting the theoretical grades during
initial training.

2) Hypothesis 2 (H2): Compared to the current selection process (i.e., academic performance),
cognitive predictors will have incremental validity for predicting the practical grades during
initial training.

3) Hypothesis 3 (H3): Compared to the current selection process (i.e., academic performance),
cognitive predictors will have incremental validity for predicting the pass/fail unit training

outcome.

Method

Participants

The sample consisted of data from 414 ATCO trainees (age M= 215 years, SD = 20; 69% male;
31% female) selected between 2015 and 2021. These ATCO trainees were students at the French National
School of Civil Aviation, the only ATCO school in France. Cognitive abilities were assessed at the
beginning of initial training (after being selected). Since this was a low-stakes assessment, test-taking
engagement indicator was computed based on response time and used in order to discard test-takers
exhibiting disengaged behaviors (Rios et al., 2014). Low score from disengaged behavior would
consequentially be an underestimation of true ability and should be avoided (data of two participants were
discarded). Training outcome data was collected for all trainees during initial training, and was available, at
the time of data collection (i.e. at the beginning of 2025), for 277 of them concerning unit training. For the
remaining, the unit training is still underway and should be completed within two years. This study was
conducted in accordance with the principles expressed in the Declaration of Helsinki.

Material

Predictors included academic performance and cognitive abilities. The academic performance is
based on the ATCO entrance exam. The results of the written tests (mathematics, physics, English, French,
a supplementary test on a variable topic and a bonus optional test; these last two tests differ each year and
can be on aeronautical knowledge or programming) and oral tests (mathematics, physics, English, French)

were averaged and weighted according to the official coefficients (mathematics: 2, physics: 2, English: 3,
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French: 2, compulsory option: 3, all oral tests: 2). This weighted average was then standardized by year of
recruitment and corresponded to the ‘academic performance‘ variable.

Cognitive ability tests

Cognitive abilities were categorized based on CHC theory (Schneider & McGrew, 2018).
Participants took four tests: a visuo-spatial processing test (Gv), a quantitative knowledge test (Gq), a pilot
multitasking work sample test, and a low-fidelity ATC simulation which can also be considered as a
multitasking work sample test. Both work sample tests required mainly two broad cognitive abilities,
namely working memory (Gwm) and processing speed (Gs). Each of the scores were converted into a z-

score by year of recruitment. In addition, one composite score was created by averaging all z-scores.

Visuo-spatial processing (Gv, the narrow ability being speeded rotation SR) was assessed by a static
test. Participants had to identify the angle corresponding to the time reference and the angle value indicated
(see Figure 1). The number of correct items was counted for the 30 questions. Reliability of this test was

computed and can be considered as good (Cronbach’s alpha was 0.83).

Figure 1
Visuo-spatial test.

Angle value Time reference

+45°

(]

Note. The participants were presented with an angle value (either positive or negative) and a direction
(clockwise or anticlockwise). The angle was always read from 0 to A. The objective was to identify the
corresponding angle from the provided choices at the bottom. The correct response is the proposition in a

blue box.
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Quantitative knowledge ability (Gq, the narrow ability being mathematical achievement A3) was
assessed by an arithmetic test. Participants had to solve mathematical operations. The number of correct
items was counted for the 40 questions. Reliability of this test was computed and can be considered as good
(Cronbach’s alpha was 0.84).

Two multitasking work sample tests, or low-fidelity simulations, were used to assess working
memory (Gwm), related to controlled attention. Given the dynamic aspect of the tasks, both work sample
tests also partly assessed processing speed (Gs). During the ATC work sample (see Figure 2), participants
had to guide two airplanes moving dynamically and simultaneously into two mazes by giving them
instructions (relative headings) in the LABY Microworld (Imbert et al., 2014). Thus, participants had to
divide their attention to deal with both aircraft at the same time. Airplanes should follow a defined trajectory
with obstacle avoidance. Performance was calculated on the basis of the time spent outside this defined
trajectory. This delay was summed up and reversed. Thus, a higher score corresponded to a better
performance like all other predictors. Reliability of this test was computed and can be considered as

guestionable (split-half reliability value of 0.67 with a Spearman-Brown Correction).

Figure 2

ATC multitasking work sample test.

Note. In this example, the participant was required to give instructions to two aircraft moving
simultaneously (in red), using the menu on the bottom right (-20 is equal to a left turn of 20 degrees, +20 to

a right turn of 20 degrees). Aircraft begin their flight on the green line and must end in the blue rectangle.

The pilot work sample, labelled the Priority Management Task, was organized in six successive stages
(Matton et al., 2016). Participants had to complete simultaneously four concurrent subtasks that were

successively added (from only one subtask at the first stage to four subtasks at the fourth stage):
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Monitoring, Tracking, Detecting and Calculating (see Figure 3). These tasks are cognitively similar to those
performed in an aircraft. The ‘Monitoring task® consisted in maintaining the levels of four gauges within an
interval by using a first joystick. The ‘Tracking task® consisted in keeping a cross positioned in a moving
circle in an area bordered by a large circle, through the second joystick. The ‘Detecting task® consisted in
detecting the presence of three target letters in a block of nine letters. The ‘Calculating task® consisted of
simple arithmetic problems (e.g., deducing a distance from given speed and time). At each stage,
instructions indicated that each subtask was equally important, and the number of concurrent subtasks
increased from stage 1 (Monitoring subtask only) to stage 4 (all four subtasks concurrently). Two final
stages varied the assigned priorities of the four subtasks. All the characteristics of the subtasks were the
same for each participant. Each subtask required an action from the participant every 15 s at the same time.
A score was computed on the basis of the mean performance of stage 3, 4, 5, and 6. Reliability of this test
was computed and can be considered as good (split-half reliability value of 0.83 after a Spearman-Brown
Correction).

Figure 3

Pilot multitasking work sample (Priority Management Task).

RIT|K|HRVIN|C|H

Note. In Stage 1, participants were required to monitor four gauges (Task M). In Stage 2, they were tasked
with simultaneously completing Tasks M and T, task T being a tracking task. In Stage 3, Task D, which
involved detecting letters, was introduced. In Stage 4, participants were required to solve simple arithmetic
problems (Task C) while completing the previous three tasks. During Stage 5 and 6, priorities of each task
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were modified (in this figure, each task has the same priority, 25%). Throughout the task, the participants
were presented with an instantaneous performance display (P).

Training outcomes

Data of the training outcome of all these ATCO students were collected after completion of initial
training and unit training for the majority of them. Three different criteria were collected, two of which
relate to the initial training (theoretical and practical part) and are continuous, and one relates to the unit
training and is dichotomous. In our sample, all training failures were due to performance-related issues.
Voluntary withdrawals were extremely rare and did not impact the analyses, as the few concerned

participants were excluded from the dataset.

For the theoretical criteria, all initial training theoretical and practical exams have been averaged
and z-scored by each class of students. Therefore, potential differences in exam difficulty across years were
considered. At the end of the unit training, one final on-the-job exam is carried out and if the trainee
succeeds, he becomes a certified ATCO. This criterion has the value ‘Success® if the trainee successfully
completed the unit training or the value ‘Failure® if the trainee was required to stop or repeat the unit
training.

Procedure
The assessment was carried out in computer rooms during the first month of each class. For three
hours, participants carried out the four tests. At the beginning of the testing sessions, participants were

provided instructions, and their consent was obtained. Training outcomes were provided by the Air Traffic

Management department of the school.

Figure 4

Timeline of this longitudinal study.

©2aaaaaql j.[@aaq) 2

Note. In Day 1, French ATCO students begin their initial training (after a selection process based on
scientific knowledge assessments). During the first month of training, psychotechnical testing is carried out.

Then, theoretical and practical competencies are assessed throughout the following two years. At the end of
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Year 2, ATCO students are assigned to their operational center, after which unit training begins. During this
unit training, competencies are continually assessed but the content, the frequency and the number are
subject to variation depending on the center. After completing the unit training (its duration ranges from 1
to 5 years, depending on when the instruction team deems the student ready), ATCO students graduate and

become “First Controller” (Certified Professional Controller).

Statistical analyses

Firstly, descriptive statistics were computed. Pearson correlations were computed for both
continuous outcomes and point biserial correlations for dichotomous variables. Correlation values were

categorized using the following rule: r > .28 = large, r > .15 = medium, r > .07 = small (Bosco et al., 2015).

Secondly, multiple linear regressions were modelled for both continuous criteria and a two-stage
hierarchical logistic regression was modelled to predict the unit training outcome®. In the first step, the
variable ‘Academic performance® was introduced. In the second step, two models were tested: either the
introduction of the composite score (Model 2a), or the introduction of all individual variables (Model 2b).
A chi-squared goodness-of-fit test was applied after each step to check the incremental validity of the step
and R? (or McFadden’s R2 for logistic regression) was used to measure the explained variance. The best
model was chosen based on the Akaike information criterion (AIC). The change in total explained variance
allowed to test the three hypotheses (Cohen, 1988). This change can be high (AR? > .25), moderate (AR? >
.09), low (AR2 > .01) or non-existent (AR2 < .01).

Thirdly, k-fold cross-validation (k = 5) was applied to the regression models to test the model
generalization (de Rooij & Weeda, 2020). Cv package with root mean squared error (RMSE) metric and
boot package with area under the curve (AUC) metric were used for linear and logistic regressions,
respectively.

In addition, the confusion matrix was calculated with a threshold selected to maximize sensitivity

given a minimal value of specificity using the cutpointr package.

Results
Initial examination of the data concerning statistical assumptions (normality, multicollinearity, and
homoscedasticity) was performed before applying the analyses and no violation was observed (all Variance

Inflation Factors were < 1.2). Extreme outliers were also checked with the car package in R. The

! As the classes were unbalanced, the Firth method was tested (Wang, 2014) but no difference was measured.
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outlierTest() function identified two outliers in our dataset. However, these outliers correspond to instances
of “failure” in our unit training outcome variable. Given the low frequency of failures, we chose to retain
these data points as our objective is to understand factors associated to failure.

Table 1 shows the correlations between all variables. Academic performance correlated
significantly only with theoretical grades in initial training, but not with practical grades or with the unit
training outcome. All cognitive variables correlated significantly with initial training grades (except for
quantitative knowledge and theoretical grades). All cognitive variables correlated significantly with unit
training outcome. Effect size ranged from small to medium. Of the 412 students, 370 successfully
completed the initial training (90%) and 42 failed (10%). Of the 370 students who completed the initial
training, 256 successfully completed the unit training (92%), 21 failed (8%) and 93 were still in unit
training. Control analyses were done to compare participants who finished the unit training and those who
did not, and no significant difference was observed on our predictors. All the analyses undertaken in this
study were also performed with gender as a control variable, with interaction effects and without extreme
outliers, however it did not provide any substantial additional information. For the sake of conciseness,

analyses with gender variable, interaction effects and without extreme outliers were not reported.

Table 1

Descriptive Statistics and Intercorrelations

Variables N M SD 1 2 3 4 5 6 7 8
1. Academic 412 002 101 —

performance

2. Visuo-spatial 412 1176 533 .05 —

processing

3. Quantitative 412 16.65 644 .09 S51%**

knowledge

4. ATC work sample 412 163.70 69.57 -01 .26*** .31*** —
5. Pilot work sample 412 58.58 9.87 .07 .49*** Al*** 35%**

6. Composite score 412 -0.01 0.73 .07 .77%** 76*** @H*** 77***

7. Initial training —

Theoretical grades 397 0.04 095 .14** 14*> -01 .12 12* 13* —

8. Initial training -

Practical grades 397 0.05 093 .08 .14** 10* .16** .19*** 20*** 59*** =

9. Unit training
outcome

217 — — =02 12* 15*  18%* 23%** 23F*k 2Fkk  5x**
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Note. N: number of participants, M: mean, SD: standard deviation. Pearson correlations except for
correlations with unit training outcome (point-biserial). Two-tailed tests. * p < .05, ** p < .01, *** p<
.001

Initial Training - Theoretical grades

Table 2 shows the results of the linear regression analyses conducted to predict the theoretical
grades during the initial training. In Model 1, academic performance was associated with higher theoretical
grades (5 = 0.15, p = .002) and was explaining 2% of the variance. In Model 2a, composite score was
added to the model and accounted for 2% of the variance in theoretical grades above and beyond academic
performance (p < .01). Composite score was associated with the criterion (8 = 0.14, p = .005). Therefore, in
line with our expectations, cognitive predictors added incremental predictive validity for theoretical grades
compared to academic performance alone (H1). In Model 2b, all cognitive abilities scores were introduced
and accounted for 4% of the variance above and beyond academic performance (p < .001). Visuo-spatial
processing (# = 0.16, p < .01) was significantly associated with higher theoretical grades. Unexpectedly,
quantitative knowledge was also associated but in the opposite direction (f = —0.12, p = .04). By removing
only one of the 397 participants (who had very low theoretical grades and a very high quantitative
knowledge score), this surprising result disappeared, and the association was no more significant (5 =
—0.11, p = .05). The best model in terms of AIC was Model 2b, the one with all individual scores of
cognitive abilities (1039 < 1042) in which academic performance and visuo-spatial processing were
significant predictors of theoretical grades. For the three models, RMSE and cross-validation RMSE were

equivalent, generalizability of the three models can be expected.

Table 2.
Linear regression models for theoretical grades during initial training.
Model 1 Model 2a Model 2b
Predictors B p B p B p

1. Academic performance  0.15[0.06 — 0.25] .002 0.14[0.05-0.24] .003  0.15[0.05-0.25] <.01

2. Composite Score 0.14[0.04 - 0.24] .005

. . . 0.16 [0.04 —0.28
3. Visuo-spatial processing [ ]

4. Quantitative knowledge -0.12 [-0.24 — -0.01]
5. ATC Work Sample 0.08 [-0.03 - 0.18]
6. Pilot Work Sample 0.07 [-0.04 - 0.19]
R2 .02 .04 .07

AR2 02 (p<.01) .04 (p < .001)

<0
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AIC 1048
RMSE 0.90
Cross-validation RMSE 0.91

1042
0.90
0.90

15

1039
0.89
0.90

Initial Training - Practical grades

Table 3 shows the linear regression analyses for predicting the practical grades during the initial

training. In Model 1, explaining 1% of the variance, academic performance was not associated with higher

practical grades. In Model 2a, composite score was added to the model and accounted for 4% of the

variance in practical grades above and beyond academic performance (p < .001). In addition, the

relationship between the composite score and the criterion was significant (# = 0.21, p < .0001). Thus,

evidence is found to support H2. In Model 2b, all cognitive abilities scores were introduced and accounted

for 5% of incremental variance above and beyond academic performance (p <.001). The pilot multitasking

work sample test was significantly associated with higher practical grades (8 = 0.13, p = .03). However, the

best model in terms of AIC was Model 2a, the one comprising only the composite score (1053 < 1058). For

the three models, RMSE and cross-validation RMSE were equivalent (or even better for Model 2b),

generalizability of the models can be expected

Table 3.
Linear regression models for practical grades during initial training.
Model 1 Model 2a Model 2b

Predictors B p B p B p
1. Academic performance  0.10[-0.00-0.19] .06 0.08[-0.02-0.18] .10 0.08[-0.01-0.18] .10
2. Composite Score 0.21[0.12-0.31] <.001
3. Visuo-spatial 0.07 [-0.05-0.19] .28
processing
4. Quantitative knowledge 0.01[-0.10-0.13] .82
5. ATC Work Sample 0.08 [-0.02 -0.19] .12
6. Pilot Work Sample 0.13[0.01-0.24] .03
R? .01 .05 .06
AR2 .04 (p <.001) .05 (p <.001)
AIC 1069 1053 1058
RMSE 0.92 0.91 0.90
Cross-validation RMSE 0.93 0.92 0.82
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Unit Training Outcome

Table 4 shows the results of the logistic regression analyses conducted to predict the unit training
outcome. In Model 1, explaining none of the variance, academic performance was not associated with unit
training outcome. In Model 2a, composite score was added to the model and accounted for 6% of the
variance in the unit training outcome above and beyond academic performance (p < .001). The association
between the composite score and the criterion was significant (OR = 2.89, p <.001). Thus, evidence is
found to support H3. In Model 2b, all cognitive abilities scores were introduced and accounted for 9% of
incremental variance above and beyond academic performance (p = .001). The pilot multitasking work
sample was significantly associated with unit training outcome (OR = 1.98, p =.01). The best model in
terms of AIC was Model 2a (139 < 142), the one with only the composite score. However, Model 2b has a
better explained variance than Model 2a, probably due to the greater number of variables. For Model 2a
and Model 2b, AUC and cross-validation AUC were equivalent, generalizability of both models can be

expected contrary to Model 1.

Table 4.
Logistic regression models for unit training outcome.
Model 1 Model 2a Model 2b

Predictors OR p OR p OR p
1. Academic performance 0.93 [0.60 — 1.46] 75 091[058-1.45] .70 0.90[0.56-1.45] .65
2. Composite Score 2.89[1.67-5.40] <.001
3. Visuo-spatial processing 1.04[0.55-2.05] .89
4. Quantitative knowledge 1.34[0.77-2.37] .30
5. ATC Work Sample 1.40[0.85-2.31] .18
6. Pilot Work Sample 1.98[1.20-3.33] .01
R? .00 .06 .09
AR2 .06 (p <.001) .09 (p =.001)
AlC 153 139 142
AUC 49 .75 .75

Cross-validation AUC 43 73 73
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Optimal cut-off and operational impact

Based on the best model found for unit training outcome (Model 2a, the one with the composite
score), an optimal cut-off value of -0.63 was computed. In other words, all participants with a composite
score greater than -0.63 had a greater probability of success during unit training compared to those with a
composite score lesser than -0.63. By applying this cutoff to our sample, the success rate increased from
92.4% to 95.3% (see Table 5), which would avoid three failures out of 100 ATCO trainees during unit
training. Success rate among the potentially non-selected applicants would have been 82.2%, which is
much lower than actual success rate. However, this highlights also the relatively high proportion of false

negatives.

Table 5

Contingency table after application of optimal cutoff .

FAILURE  SUCCESS

REJECT 11 (4%) 51 (18.4%)

SELECT  10(3.6%) 205 (74%)

Note. Rows denote hypothetical selection outcome based on the threshold of -0.63 with Model 2a; columns

denote actual unit training outcomes.

Supplementary analyses were carried out on a subset of en-route participants to understand the
profile of false negatives; the majority of our participants being assigned to five en-route centers. Training
duration was significantly higher (p < .01) for the false negative (successful but rejected) participants
compared to other participants in the same center. False negative participants required three months longer
(M = 86 days, SD = 211, N = 35) than the average compared to other participants (M = -1 day, SD = 185, N
=135).

Discussion

The objective of this longitudinal study was to test the incremental validity of cognitive abilities to
predict ATCO training outcome for trainees pre-selected for their scientific academic proficiency. Indeed,

414 French ATCO students participated to a psychotechnical assessment with an experimental design, no
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psychotechnical assessment being done during French ATCO selection. At the beginning of the training,
they completed a psychotechnical assessment that included tests measuring visuospatial processing,
guantitative knowledge, short-term memory, and processing speed. These specific cognitive abilities have
been selected based on job analysis and meta-analysis. Then, initial training and unit training outcomes
were collected. Psychotechnical predictors and academic performance were included in logistic regression
to predict training outcomes. Our hypotheses were that cognitive predictors would have incremental
validity compared to the current selection process (academic performance) for initial training and unit
training outcomes. Our results provide evidence to support our hypotheses and demonstrate that, even for
scientifically proficient applicants, cognitive abilities exhibited incremental validity beyond academic
performance to predict both initial and unit training. Indeed, explained variance of training outcome was
low (between 3% and 9%) but significantly increased with the addition of a cognitive abilities” composite
score to the baseline regression model comprising only academic performance. This explained variance is
close to the one provided by the meta-analysis of Sackett et al. (2024), which showed a low-to-medium

correlation of general cognitive ability with job performance in the 21st century (r = .22).

Cognitive abilities are known to predict ATCO training success (Martinussen et al., 2000;
Mouratille et al., 2022) but students included in these meta-analyses were typically selected based on their
performance in cognitive ability assessments and possession of at least a high school diploma. The present
regression models’ accuracies were equivalent to those of previously published validation studies. For
example, 7% of variance were explained by cognitive ability assessment in a US sample of 260 candidates
(Byrne & Broach, 2017) or 6% in a European sample of 225 candidates (FEAST, 2019). In the present
study, as cognitive ability tests were not used to select ATCO trainees, data were not subject to range
restriction concerning cognitive abilities among the population of interest. Therefore, our findings indicated
that cognitive ability differences among scientific proficient applicants were predictive of a complex
training such as air traffic control. This generalizes findings reported with less proficient applicants.

The composite score emerged as the best predictor of the practical grades during the initial and unit
training (H2 and H3). These findings were consistent with those highlighted by the meta-analyses
(Martinussen et al., 2000; Mouratille et al., 2022) and generalize them to scientific proficient students.
Indeed, cognitive composite scores may reflect executive functions (Agelink van Rentergem et al., 2020;
Salthouse, 2005) and their incremental predictive validity highlights their importance for cognitively
demanding jobs. In other words, among scientific proficient students, individual differences in executive
functions exist and are significant predictors of success in highly demanding positions. In addition, when
individual variables were introduced, only multitasking work sample tests were significant. A similar result
was reported by Carretta and King (2008) with a low-fidelity ATC work sample test having incremental

validity over the Armed Services Vocational Aptitude Battery. Our work sample tests required multitasking
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abilities which are strongly influenced by executive functions (Himi et al, 2019). Moreover, individual
differences in multitasking are related to working memory and attention control (Redick et al., 2016;

Cowan et al., 2024) and already have been proven to predict job performance (Damos, 1993).

Based on Cattell-Horn-Carroll theory (Schneider & McGrew, 2018), short-term working memory
(Gwm) is supposed to be the broad cognitive ability underlying multitasking (Himi et al., 2023; Vergauwe,
von Bastian et al., 2022). Indeed, working memory is ‘the ability to maintain and manipulate information in
active attention‘ (Schneider & McGrew, 2018, p.). The main related narrow ability is attentional control, that
is the flexible control of attention to focus on relevant stimuli while ignoring distractions (Schneider &
McGrew, 2018). It enables goal pursuit despite distractions and maintains focus amid competing thoughts
(Burgoyne & Engle, 2020). During practical training and unit training, students engage in realistic scenarios,
either through simulations or real-life situations. A good performance during these realistic situations
requires the handling of multiple tasks simultaneously. An ATCO can manage dozens of aircraft at the same
time and must have an efficient working memory and attentional control. Attentional control is known to be
critical in ATC (Redding et al., 1992) and, in a more general way, has been identified as a fundamental
element underlying individual differences in cognitive abilities (Mashburn et al., 2024). Indeed, large effects
were measured for working memory and work sample predictors in both meta-analyses, the same is
observed in pilot selection (ALMamari & Traynor, 2019). In the present study, medium effects were

measured for both multitasking work samples when analyzed individually.

The cognitive composite score was also significantly associated with the theoretical grades
criterion (H1), but the model composed of all individual variables was more accurate. The best variable of
this model was academic performance. In other words, a candidate with a high initial scientific knowledge
is more likely to achieve high grades on theoretical assessments during the initial training. Moreover, a
significant relationship between visuo-spatial processing and theoretical grades was observed. This ability
has proven to be predictive of success in ‘Science, Technology, Engineering and Mathematics® (STEM)
learning (Buckley et al., 2018). Indeed, during the ATCO initial training, STEM courses are taught and

need to be mastered to achieve high grades on theoretical assessments.

Quantitative knowledge had no predictive value in any model whereas this cognitive ability is a
strong predictor in both ATCO meta-analyses and pilot selection (Johnson et al., 2017). This unexpected
result can be explained by the specificity of our restricted sample. Indeed, scientific proficient students
have already proven their competencies in quantitative knowledge. Thus, assessing this cognitive ability

does not add incremental validity for this specific population of candidates.
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Practical applications of present findings promote the use of cognitive ability testing, specifically
through complex dynamical tests, even for applicants that have been pre-selected on their academic
scientific proficiency. The failure rate could be reduced if pre-selected applicants were additionally
evaluated based on their cognitive performance. This would reduce training costs, turnover rate and
potentially safety concerns. However, in selection psychology even though false positives need to be
lowest, false negatives must also be kept at an acceptable level. Indeed, especially when the pool of
potential candidates is limited, there may be a preference for minimizing the risk of mistakenly rejecting
candidates who could have succeeded. Our findings indicate a relatively high proportion of false negatives
(82.2% of rejected applicants) while the proportion of false positive was quite low (4.6%). This failure rate
would be particularly low compared to other ATCO schools (Langr et al., 2019). Therefore, if the pool of
applicants is sufficiently large, selecting scientific proficient students with the highest cognitive ability

performance assessed through complex multitask environments is a beneficial approach.

Several limitations are present in this study. The sample was relatively small, however, our sample
size was equivalent to those used in studies such as Pecena et al. (2013) and Carretta and King (2008).
Nevertheless, the data collection for the ATCO trainees who are still in unit training, would enable to
confirm present findings even if cross-validation results provide evidence to support the hypothesis that the
models can be generalized. Moreover, the use of an unrestricted sample regarding academic training
performance, such as in Hoermann et al. (2018), would be the most suited research approach but is
unfortunately not realistic, given the cost of ATCO training. In this case, data may be corrected for range
restriction (Pfaffel et al, 2016). However, data from all candidates were not available due to GDPR
concerns. In addition, since this study focused on the incremental validity of cognitive abilities in pre-
selected candidates, the range-restriction correction was not necessary. Another limitation concerns the
ATC work sample test and his reliability. The value of 0.67 is marginal and could be due to the innovative
nature of the test. This is the first time they have “controlled” airplanes and the difficulty levels are perhaps
too different. However, the other work sample test has a good reliability and has a better correlation. It
could be interesting to make ATC work sample test more reliable, with a potential gain in predictive

validity.

Another limitation is related to the training criteria. Thanks to European ATCO licensing, training
criteria are standardized in all European countries. In the present study, ATCO trainees were successful or
not based on this standardized training criteria. Training criteria were assessed by two assessors trained to
increase inter-rater reliability, although it is recognized that this reliability may not be optimal, even in

training settings (Speer et al., 2023; Zhou et al., 2024b). Nevertheless, as their operational performance
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remains unknown, job performance could be a more relevant criterion (Allen et al., 2023). A last limitation
could be the assessment context, which is different from an actual selection process. Indeed, applicants
typically train themselves to increase their likelihood to be selected. However, this training is known to
increase cognitive ability test scores (Hausknecht et al., 2002). This gain in score may have a positive

(Hermes et al., 2023), or a negative impact (Matton et al., 2009) on the validity of the test scores.

Conclusion

This study establishes that cognitive ability assessments (particularly working memory, processing
speed, and executive control functions) significantly predict air traffic controller training success, even
among scientifically proficient candidates. This is the first longitudinal study focusing on this specific
population and including initial and unit training outcomes. Crucially, individual differences in these
cognitive abilities explain significant variance in complex skill acquisition beyond domain-specific
knowledge, demonstrating their valuable role in high-stakes multitasking environments. These findings
confirm the incremental validity of cognitive assessment over knowledge-based selection across diverse
populations. It is reasonable to assume that emerging developments in air traffic management, such as the
integration of unmanned aircraft systems and multiple remote tower operations, will further heighten the

importance of these cognitive functions.
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