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Abstract

Action video game playing has been linked with enhanced cognitive and perceptual abilities
measured via a variety of basic psychological lab tests. However, much less work has examined
such relations in the context of measures with direct real-world workplace relevance. Here we
examined the performance of male United States military personnel on a psychomotor task
battery, part of an official selection test designed to assess aptitude for military aviation. We
found that action video game playing was significantly and positively associated with
performance on this battery. More specifically, increased action video game experience among
Naval Flight Students was linked to both better initial performance as well as more rapid
learning within the psychomotor task. In contrast, when examining the same associations in a
control group for whom the psychomotor task was not occupationally relevant (i.e., not Naval
Flight Students), action video game playing was not reliably associated with psychomotor task
learning. Time spent playing recreational video games with mechanics more similar to the
screening task, flight simulator games, was not related to psychomotor task learning speed in
either group. This pattern suggests that recreational action video game playing may work in
concert with explicit occupational training to support effective learning and successful workplace
outcomes in high-stakes professions.



Everyday impacts of action video game playing — Occupational screening for high-stakes
professions

Introduction

The demands of the 21 century workforce necessitate constant learning and expertise
acquisition on the part of individuals. Indeed, it is estimated that the average US worker today
will change jobs between 12 and 13 times in their lifetime, with about 1 in 4 of those job changes
being part of a broader full career change (unmuld.com, 2022; zippia.com, 2023). Each of these
job changes will, in turn, necessitate a sizable amount of new learning — including everything
from new terminology, to new technology, to entirely new skill sets. This constant pressure for
adaptability calls for a better understanding of the factors that may facilitate such flexibility.

To-date most basic science research examining predictors of this type of adaptability has focused
on individual-level traits or constructs. This includes, for instance, the construct of intelligence,
which has at its core the ability to learn from experience and efficiently adapt to new contexts
(Binet & Simon, 1916; Carroll, 2004; Rohde & Thompson, 2007). Perhaps not surprisingly then,
measures of intelligence, and in particular fluid intelligence, have been shown to be excellent
predictors of success in the workplace (Amdurer et al., 2014; Bertua et al., 2005; Kuncel et al.,
2004). A host of other constructs, many of which are related to or are thought to partially
underpin intelligence, have similarly been shown to be associated with successful careers. These
include working memory and various executive functions (Diamond, 2013; Mashburn et al.,
2023).

There is considerably less work though on specific life experiences (outside of formal education)
that might be related to the ability to learn and develop new abilities. One such experience that
has been put forward is playing first or third-person commercially-available shooter games
(together referred to as “action video games”). In correlational studies, playing action video
games has been associated with better performance in a wide range of cognitive functions,
including in perception, top-down attention, and task-switching (Chisholm et al., 2010; Donohue
et al., 2010; Dye et al., 2009; Green & Bavelier, 2003, 2007; Hubert-Wallander et al., 2011). All
told, meta-analytic work has shown that individuals who, as part of their regular daily life, have
played 3 or more hours per week of action video games for at least 6 months outperform
individuals who report playing fewer than 3 hours of video games by around 2/3™ of a standard
deviation across all measures of cognitive function combined (Bediou et al., 2018, 2023).

Importantly, intervention studies have further established that the relationship between action
video game play and enhanced cognitive function is causal. That is, it is not simply the case that
people who are born with better cognitive functions choose to play action video games
disproportionately. Across a number of studies, individuals (who had rarely or never played



video games previously) were asked to play either action video games (experimental group) or
non-action video games (control group) for 30-50 hours. While both groups showed
improvements on the games they played, those in the action video game group showed
disproportionate improvements in basic vision (e.g., contrast sensitivity) and visual attention
(e.g., as measured by visual crowding, visual search, or multiple object tracking paradigms),
more agile task-switching and multitasking abilities, and better decision-making, amongst other
skills, as compared to the control group that played non-action video games (Feng et al., 2007,
Green et al., 2010; Green & Bavelier, 2003, 2006, 2007; Strobach et al., 2012). Meta-analytic
work has again confirmed the beneficial, causal impact of action video game training on
cognition, with estimates of the benefit being around 1/3" of a standard deviation (Bediou et al.,
2018, 2023; noting that this magnitude depends highly on factors such as the particular cognitive
domain, the amount of training, etc; although see Sala et al., 2018 for an opposing view of the
field).

Interestingly, the finding that action video game experience produces benefits not just on the
games themselves, but on basic measures of cognitive function that do not bear direct
resemblance to action video games, runs counter to much of the literature on human learning
(Maniglia & Seitz, 2018). This state of affairs is most tellingly illustrated by the case of
perceptual learning, where the benefits of training are typically reasonably tied to the specifics of
the trained task (Fahle, 2004). For instance, individuals trained to judge offsets of vertically
aligned boxes will improve in that ability (i.e., will be able to do the task with smaller and
smaller offsets), but if the boxes are subsequently changed to be aligned horizontally, they’1l
frequently show no advantage of the previous training (Snell et al., 2015). In other words, the
benefits of training are specific to the trained orientation, failing to generalize to new
orientations. What makes action video game training unique, then, is that individuals show
improvements not just on the action video games themselves, but also on tasks that are far more
dissimilar to action video games than are, for instance, horizontally aligned boxes and vertically
aligned boxes (e.g., psychology lab tasks using letters, dots, lines, gratings, etc.). Indeed, most
theories of learning assume that near transfer or transfer to tasks closely related to the trained one
is much easier to induce than far transfer or transfer to tasks that share fewer characteristics with
the trained one (Barnett & Ceci, 2002; Perkins & Salomon, 1992). As such, it is the degree of far
transfer induced by action video game experience that has made it of interest both from a
theoretical and a practical perspective.

Two possibilities for how action video game-related enhancements manifest have been
considered (Bavelier & Green, 2025). The first possibility is that the rich array of skills
challenged by action video game play taps certain shared constructs with laboratory-designed
tasks and thus directly transfers to different aspects of cognition. This predicts that the benefits of
previous action video game play will be seen right away, from the very moment an individual
encounters a new task. Alternatively, it could be that action video game play facilitates



adaptability or the learning of novel tasks or contingencies — in other words, produces “learning
to learn.” In this case, the benefits of action video game play would be expected to manifest as
faster learning or greater learning gains on new cognitive tasks. Of note, these two mechanisms
are certainly not mutually exclusive and could be simultaneously at play.

While most of the early results in the action video game field were interpreted as direct transfer,
it was also the case that tasks and data analyses were not designed to adjudicate between these
alternatives. As researchers have, in the recent years, started to design tasks to more clearly
differentiate direct transfer and learning to learn, evidence is accruing suggesting that the
learning to learn mechanism accounts for at least part of the benefits that arise from action video
game play. For example, in one recent action video game intervention, participants were
compared on two learning tasks, one a perceptual learning task and the other a cognitive learning
task, after 45 hours of training on either action video games or on control video games (Zhang et
al., 2021). The two groups showed reasonably similar initial performance on the two learning
tasks. However, those individuals who had trained with action video games showed significantly
faster improvements in performance through time. Additional support for the idea that action
video games foster learning to learn has been found in laboratory settings testing perceptual,
visuo-motor control and working memory learning (Bejjanki et al., 2014; Gao et al., 2024; Gozli
etal., 2014).

Yet, despite the fact that the effect sizes produced by action video games are of a magnitude that
they would be predicted to have real-world value, the literature focused on real-world-relevant
outcomes is limited. A few studies point to the potential value of video game play for surgeons,
in particular laparoscopic surgeons (Ou et al., 2013; Rosser et al., 2007; Schlickum et al., 2008).
Yet these studies remain quite scarce and of high heterogeneity. Other studies point to video
game play, and especially action-video game play, as a tool to facilitate learning to read in
children (Pasqualotto et al., 2022; Peters et al., 2021; Puccio et al., 2024). But, virtually none of
the more real-world focused research has examined whether any observed benefits are better
described as direct transfer, learning to learn or a mix of both.

There is thus a clear need for additional work examining the extent to which action video game
experience is associated with direct transfer, learning to learn, or both, in measures of more real-
world relevance. The present work does so by leveraging an experiment performed with active
duty military personnel who repeatedly performed a subset of the Aviation Selection Test
Battery (ASTB) and also completed a survey regarding their video game experience. The ASTB
is a screening tool used by the United States Navy, Marine Corps, and Coast Guard to identify
prospective candidates for officer aviation training programs. A component of the ASTB is the
Performance Based Measures (PBM) battery, which was introduced in 2013 to assess specific
skills and abilities identified as relevant to aviation aptitude (Walker et al., 2007). The purpose of
the PBM is to evaluate candidates’ “physical dexterity, eye-hand coordination, and ability to



divide attention among different tasks” through the administration of increasingly challenging
tracking subtasks performed concurrently with other cognitively demanding tasks (NAMI, 2024).
That military-centered occupations could be an interesting early testbed to examine potential
real-world positive applications of video game training (and or the use of video game expertise
as a predictor of performance) has been suggested by a host of research groups, noting, for
instance, various shared demands between video gaming and those occupations (e.g., need for
speeded decision-making; McKinley et al., 2011; Sharpe et al., 2025).

While the individual subtests of the PBM battery are strong predictors of future aviation training
performance (Sibley, 2024), conventional analyses that only rely on aggregated performance
metrics may miss valuable insights regarding within-task and across-task learning. We therefore
sought to investigate performance on the PBM as a task that not only measures present abilities,
but also captures learning capabilities. To this end, we leverage recent work (Clarke & Hunt,
2025; Cochrane et al., 2023; Cochrane & Green, 2023) that has shown that most tasks where
participants’ experience unfolds through time (e.g., 64 trials of a working memory task or 100
trials of an executive function task) can be thought of, and effectively modeled, as learning tasks.
This, combined with information concerning video game habits, allowed for the examination of
whether previous action video game experience was associated with either immediately better
performance and/or faster learning on the PBM battery. Of note, our dataset included two distinct
participant populations: the first group comprised Naval Flight Students, who were selected for
aviation training based, in part, on their performance on the ASTB. Therefore, this group was
expected to demonstrate higher baseline proficiency in the skills and abilities assessed by the
PBM battery. In contrast, the other group was enlisted service members pursuing aviation-related
roles, who were likely less familiar with the type of skills the PBM battery taps.

In summary, our aim here was to test the extent to which action video game play may facilitate
direct transfer and/or learning to learn in an ecologically valid context. By modeling initial
performance and score progression through these series of tests, we assessed how these aspects
of performance correlated with participants’ action video game history. If greater action video
game play history was found to be associated with better performance at the very start of the
task, this would indicate direct transfer; conversely, if greater action video game familiarity was
found to be linked to a faster progression rate as the task proceeds, this would support learning to
learn (as above, it is important to note that the two effects are not mutually exclusive; both could
be present simultaneously).

Of further interest was the contrast between the effect of action video game familiarity and that
of flight simulator game familiarity. At stake here is the issue of transfer of training. On the one
hand, one may expect flight simulator game familiarity to be more aligned with the skills tested
by the PBM battery than action video game play. At its core the ASTB was designed to select
individuals predicted to be successful in military aviation school. This would in turn result in the



prediction that performance on the PBM battery should be more related to flight simulator game
experience than to action video game experience. On the other hand, the well-documented fact
that training gains tend to be highly specific suggests that flight familiarity may not necessarily
easily transfer to this test. In contrast, the benefits of action video game play have been noted to
transfer to other novel tasks, especially in the perceptual, cognitive and motor domains (Bavelier
et al., 2012; Bavelier & Green, 2025). If so, this would predict action video game experience
may be more related to PBM battery performance than flight simulator game experience.

Methods
Participants

Active duty military personnel (N = 461) stationed at Naval Air Station Pensacola consented to
participate in this study that took place over two days. Participants were not compensated in any
way for their participation, which was voluntary. Due to scheduling constraints, 183 participants
were unable to return for the second session, which occurred exactly one week after the first. An
additional 13 participants were removed for poor performance. This left 265 participants, of
whom 25 were female. Sex was determined by self-reported survey responses, in which
participants were provided the option of male or female, or to skip responding. Although an
original goal was to examine variations between males and females in learning with relation to
video game playing, the highly skewed proportions led us to be concerned about biased
inferences. As such, we focused our analysis only on the male participants, resulting in a final
sample of 228 participants (Age M = 23.81 years, SD = 3.38). The data we report here is a subset
of that reported in Draheim et al. (2025), in which the authors did not address links between
action video game playing and rates of learning within the PBM. Naval Research Laboratory’s
Institutional Review Board approved this protocol: NRL.2021.0003. This work was not
preregistered.

These 228 participants were in turn categorized as belonging to one of two groups. The first
group (n = 128) comprised Naval Flight Students (referred to below as flight students) who had
been selected for flight training, and had therefore taken the ASTB at least once. The flight
students had not yet started training. The second group (n = 100) comprised enlisted U.S. Navy
and Marine Corps personnel in training for roles as Aviation Ordinancemen, Aviation Structural
Mechanics, and Naval Air Crewmen (referred to below as naive). Overall, 75% of the sample
reported some college experience. Data were available for 116 of the 128 flight students
regarding the time interval between their most recent official ASTB attempt and participation in
this laboratory study. The median time interval was 665 days (SD = 415 days) with a range of
157 - 2491 days. For the sample of naive participants, this was their first exposure to the PBM
battery.

Procedure



Data were collected during two sessions, separated by one week, within a controlled laboratory
environment at U.S. Naval Air Station Pensacola, Florida. The laboratory was equipped with 20
standardized computer stations, each comprising a 24-inch monitor, a Logitech X52 flight
control system (consisting of a left-handed throttle and right-handed stick controller), and stereo
headphones (noting here that this system is quite different from a standard video game controller
or keyboard). Each session lasted approximately three hours, for a total of six hours over two
sessions. Sessions commenced with eye-tracking calibration and two brief eye tracking tasks, not
pertinent to this project. Subsequently, participants were instructed how to log in to the Navy’s
official ASTB testing platform. Participants were then informed that they would complete three
consecutive rounds, or “blocks,” of a modified version of the Aviation Selection Test Battery’s
(ASTB) Performance Based Measures (PBM) battery, described in detail below.

Upon completion of each PBM block, participants received a score and were instructed to write
it down and wait for the rest of the group to finish that block. Participants then engaged in a
group discussion facilitated by the experimenter, focusing on that block’s scores, with the intent
of fostering engagement and motivation. Following the third PBM block, participants completed
a video game survey (see Supplementary Materials) and a battery of cognitive tests not relevant
to this project. The second session largely replicated the general task sequence of the first
session, beginning with the eye tracker setup, followed by three blocks of the PBM, and
commencing with additional cognitive assessments, also outside the scope of this project.

Tasks
The Iterative PBM

The Naval Research Laboratory and Naval Aerospace Medical Institute collaborated to build an
experimental, repeatable version of the Navy’s PBM battery, henceforth referred to as the
Iterative PBM. The intention of this modified version was to investigate within-task learning
across repeated engagement with the psychomotor tracking subtasks. Given this focus, we
excluded the PBM’s direction orientation subtest, but all other subtasks within the Iterative PBM
were identical to those experienced by official ASTB test takers. The original PBM subtest
instructions were adapted to enhance participant comprehension and to explicitly address the
iterative nature of the task.

The Iterative PBM encompasses six subtests administered sequentially during each block:
dichotic listening test (DLT), vertical tracking test (VTT), 2-dimensional aviation tracking
subtask (ATT), two-handed tracking subtask (ATTVTT; see Figure 1), two-handed tracking with
dichotic listening subtask (ATTVTTDLT), and two-handed tracking with emergency scenarios
subtask (ATTVTTSCN). In the initial block of each session (i.e., blocks 1 and 4) participants



receive self-paced instructions and a 30-second unscored practice period for each subtest, with
the exception of the ATTVTTSCN, which mirrors the official test procedure by omitting
practice. Abbreviated instructions, with no practice, are provided in subsequent blocks (blocks 2
and 3) of each day. The duration of the scored portion of each subtask varies, as shown in Table
1. The following section provides details about each subtask within the Iterative PBM. Further
information regarding the official PBM tasks and their validation can be found in Phillips et al.
(2011) and Walker et al. (2007).

Iterative PBM Subtask Phase Time to complete
Instructions Self-paced
Dichotic Listening (DLT) Practice 30 seconds
Scored 120 seconds
Instructions Self-paced
Vertical Tracking (VTT) Practice 30 seconds
Scored 60 seconds
Instructions Self-paced
2-Dimensional Airplane Tracking (ATT) Practice 30 seconds
Scored 60 seconds
Instructions Self-paced
Two-Handed Tracking (ATTVTT) Practice 30 seconds
Scored 120 seconds
Two-Handed Tracking + Dichotic Instruc‘tlons Self-paced
Listening (ATTVTTDLT) Practice 30 seconds
Scored 180 seconds
Two-Handed Tracking + Emergency Instructions Self-paced
Scenario (ATTVTTSCN) Scored 120 seconds

Table 1. One block of the Iterative PBM showing the context in which our 4 subtasks of interest
(ATT, ATTVTT, ATTVTTDLT and ATTVTTSCN) were administered. Participants performed six
such blocks, three on their first day of testing and three on their second day of testing.
Instructions and practice were only given during the first block of each day (block 1 and 4);
condensed instructions and no practice were given on blocks 2, 3, 5, and 6.

Dichotic Listening (DLT)

During the dichotic listening test (DLT), participants wear stereo headphones and listen to
auditory stimuli consisting of serially presented letters and numbers. During the task, participants
keep their left hand on the throttle and their right hand on the stick and are instructed to
selectively attend to only one ear for 30 second blocks of time. They respond to odd numbers by
pressing the throttle button and even numbers by pressing the stick button. Within this Iterative
PBM, the DLT is administered initially for 120 seconds to familiarize participants with the
subtask, because it is performed later in the Iterative PBM with a tracking subtask. DLT
performance data were collected, but fall outside the scope of this analysis.



Figure 1. Task schematic. Hlustration of the ATTVTT task which combines vertical tracking with 2-d
tracking. The target is the yellow airplane and the tracker is the red crosshair.

Vertical Tracking (VTT)

The vertical tracking subtask (VTT) requires participants to track a yellow airplane moving
along the Y-axis on the left hand side of the display (see the leftmost section of Figure 1). During
the instruction phase, participants are directed to place their left hand on the throttle, which
controls the movement of the red crosshair, and to attempt to precisely track the movement of the
yellow airplane. The yellow airplane’s trajectory involves bouncing off the top and bottom
boundaries of the display and changing vertical direction after being tracked closely for a
specified duration (note that specific information is withheld to maintain the integrity of the
operational test). Following self-paced instructions and a 30-second unscored practice period,
participants complete 60 seconds of tracking. During this period, the speed of the yellow airplane
(i.e., task difficulty level) increases at the 20 and 40-second marks.

2-Dimensional Airplane Tracking (ATT)

In the 2-dimensional airplane tracking subtask (ATT) participants are tasked with tracking a
yellow airplane moving in straight lines, across two dimensions (horizontally, vertically, and
diagonally), in the main part of the display (see Figure 1). Participants are instructed to position
their right hand on the control stick, which controls the movement of the red crosshair. The
stick’s Y-axis controls are inverted, such that moving the stick forward moves the crosshair
upwards on the display, while pulling the stick back moves the crosshair downwards on the
display. The yellow airplane moves in straight lines and reflects off the display boundaries, and it



also changes direction after being tracked closely for a specified duration. Following self-paced
instructions and a 30-second unscored practice period, participants complete 60 seconds of
tracking. During this period, the speed of the yellow airplane increases at the 20 and 40-second
marks.

Two-handed Tracking (ATTVTT)

The two-handed tracking subtask (ATTVTT) requires participants to simultaneously perform the
VTT and ATT, as shown in Figure 1, with the left hand on the throttle and right on the stick.
Participants are given instructions, followed by a 30-second practice period, and 120-second
scored phase where the speed of the airplanes increase at the 40 and 80-second marks.

Two-handed Tracking with Dichotic Listening (ATTVTTDLT)

The two-handed tracking with dichotic listening subtask (ATTVTTDLT) requires participants to
do the ATTVTT while simultaneously performing the DLT. Participants are given instructions,
followed by a 30-second practice period, and 180-second scored phase where the airplane speeds
increase at the 60 and 120-second marks.

Two-handed Tracking with Emergency Scenarios (ATTVTTSCN)

The two-handed tracking with emergency scenarios subtask (ATTVTTSCN) requires
participants to perform the ATTVTT while simultaneously responding to three randomly
presented emergency scenarios. These scenarios require rapid execution of specific response
sequences, involving a combination of button presses and knob adjustments, as explained during
the instructional phase. Participants are given instructions, followed by a 120-second scored
phase where the airplane speeds increase at the 40 and 80-second marks.

The DLT and VTT subtasks are not included in the model presented in the results, as they were
simple enough that most participants performed near asymptotic performance, leaving little room
for learning to be observed.

The performance measure used for each of the Iterative PBM’s tracking subtasks was the
Euclidean distance between the target and the crosshair. This distance, which we will hereafter
refer to as tracking error, was recorded at a rate of 5 samples per second. These errors were
downsampled by dividing each of the subtasks’ difficulty levels’ recording durations into 10
equally-spaced time windows, thereby leading each subtask for each block to be reflected by 30
tracking error values. Across all difficulties, subtasks, and blocks, each participant thus had 900
tracking error values (i.e., 10 tracking errors for each of 3 difficulties, on 5 subtasks with 6
blocks each).

Surveys



The video game survey was modelled after the Bavelier lab video game questionnaire (Bavelier,
2022) and used to capture experience with specific genres of video games during adulthood and
childhood. As such, the survey included two overarching questions: the first asked participants to
respond based on their gaming activities during the last 12 months, while the second question
directed participants to respond based upon their gaming activities from ages 3 - 13. For each
question, participants were told “for each type of game, specify the number of hours played per
week when you played the most” and listed nine independent genres of video games, including
the same eight game genres as Bavelier’s (First/Third-Person Shooters, Action-RPG/Adventure,
Sports/Driving, Real-Time Strategy/MOBA, Turn-Based/ Non-Action Role-Playing/Fantasy,
Turn-Based Strategy/Life Simulation/Puzzle, Others) in addition to Flight Simulator Games.
Participants were given six ordinal options to choose among for responses: “Never,” “Less than
one hour”, “Between 1 and 3 hours,” “Between 3 and 5 hours,” “Between 5 and 10 hours,” and
“More than 10 hours,” which we coded as a 0 to 5 scale. See the Supplementary materials for a
copy of the survey. To calculate a continuous score of action video game experience we summed
the coded scores from the following genres for both the childhood and adult questions:
First/Third-Person Shooters; Action-RPG/Adventure; Sports/Driving; Real-Time
Strategy/MOBA. This resulted in one score per participant that could range from 0 to 40.

Participants also responded to a flight experience survey that included questions related to any
actual logged flight hours and flight simulator experience (both professional and recreational).
We were interested in the relative links between actual flight experience and Iterative PBM
tracking error, however, the overwhelming majority of naive participants had zero flight
experience, and no experience with professional-level flight simulators. Therefore, in order to
compare groups we used the summed score of flight simulator game experience, from the video
game survey, across childhood and adulthood; this led to a score that could range from 0 to 10.

Modeling

Changes in tracking error through time were modeled as an exponential function of experience
duration on the task (Cochrane, 2020; Cochrane & Green, 2021; Dosher & Lu, 2007; Heathcote
et al., 2000; Kattner, Cochrane, & Green, 2017). We estimated these trajectories of change using
Bayesian generalized nonlinear mixed-effects regression (Burkner, 2017; Clarke & Hunt, 2025;
Cochrane et al., 2024) using the brms package in R. Priors were minimally informative and had
no influence whatsoever on participant-level estimates of parameters, which were the primary
values of interest (see Supplement for model specification). A 3-parameter saturating exponential
function was specified by modeling starting tracking error, asymptotic tracking error, and the
shape of the exponential curve (parameterized as a time constant defining the amount of time
taken to proceed 50% of the way from the start to the asymptote; we refer to this as the time-to-
learn parameter). Asymptotic tracking error represents the error level approached with an infinite
amount of practice, or in other words, how well a participant would perform if we were to allow
them an arbitrarily large amount of time on the task.



We note that several features of the data led us to make certain choices in model specification.
First, starting tracking error and asymptotic tracking error were defined according to a linear
model structure including a fixed effect contrast between flight students and naive participants as
well as a fixed effect of subtask and difficulty (i.e, speed of the target) within subtask, thereby
accounting for the broader structural differences in start and end performance assumed with
subtasks of varying difficulties. In contrast, time-to-learn was specified according to a linear
mixed-effects structure including a fixed contrast between flight student and naive participants,
but not subtask and difficulty. In doing so, we assume a common time-to-learn across the four
subtasks of interest for each participant. Second, given our interest in individual-level learning
estimates, a by-participant random intercept was also added to starting tracking error and time-
to-learn. Because learning unfolded slowly relative to the measured timescale (Draheim et al.,
2025), we conservatively did not estimate by-participant values for asymptotic performance. In
doing so, we assume that participants, for a given subtask, difficulty level and group, arrived at
the same asymptotic performance. While unlikely to be true, strictly speaking, we believe that
this was a worthwhile simplification for the sake of maintaining model estimability and
robustness of our other by-participant parameters. In sum, nested within the exponentially-
decaying nonlinear generalized model (Cochrane et al., 2024), the following linear mixed-effects
models were used: (i) starting tracking error = group (2 level fixed effect) + subtask (4-level
fixed effect) * difficulty (3-level fixed effect) + participant-level random intercept; (ii) time-to-
learn = group (2 level fixed effect) + participant-level random intercept; (iii) asymptotic
performance = group (2 level fixed effect) + subtask (4-level fixed effect) * difficulty (3-level
fixed effect).

We modeled the median values of tracking error as a function of time on task (i.e., using the
asymmetric Laplace distribution and likelihood function in brms with the estimated quantile
fixed to be .5, due to our lack of knowledge of the true generative distributional properties of the
tracking error measure). In addition, although the median was being estimated, it remained
necessary to estimate a dispersion parameter; this dispersion parameter was modeled as a log-
linear function of time.

For full model specification and fixed-effects posterior distributions see Supplement. Tests of
parameter reliability (e.g., comparing naive to flight student) were conducted by identifying
whether the relevant parameter’s posterior distribution 95% credible interval (CI) included zero.
Subsequent associations with video game playing measures used participant-level estimates and
were tested with bootstrapped rank correlations, wherein we assessed whether the 95%
confidence intervals included zero, or with linear regression models. All tests were two-sided,
and all tests were designed such that the data would meet the assumptions of each test.



We also estimated a model with the same distributional assumptions as our model of learning but
with no change estimated over time; in this non-learning model the unchanging median tracking
error was estimated using the same mixed-effects formula as the starting value described above ;
(i) tracking_error = is_NFS + subtask * difficulty + (1| ID). This non-learning model acts as a
baseline model against which the learning model can be quantitatively compared in order to
assess goodness-of-fit.

Results
1. Descriptive results for each group and tracking subtasks

We plot below (Figure 2) the performance as measured by tracking error, such that lower values
correspond to better performance. As expected, flight students were overall better than naive
participants. Dividing participants into tertiles, we see that this effect is visible across all
performance levels. Moreover we see that, as expected, performance is best for the simplest ATT
subtask and then worsens as multi-tasking becomes more complex (see also Table 2) - i.e., first
when the 2-d tracking subtask of ATT is combined with the 1-d tracking subtask VTT to create
the ATTVTT, then adding a third dichotic listening subtask (ATTVTTDLT) and finally
replacing that dichotic listening subtask by an even more demanding tracking subtask mirroring
emergency scenarios (ATTVTTSCN). Finally, Figure 2 also highlights a considerable amount of
improvement over the course of the experiment on each of our 4 tracking subtasks of interest and
in each group of participants. Indeed, top tier flight students, even though clearly outperforming
all other groups, still exhibit noticeable performance improvement.
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Figure 2. Tracking error over the course of the experiment. The x axis represents the corresponding
block number. Values between 0 and 1 come from participants (n = 228) completing the first block,
values between 1 and 2 completing the second block, and so on. Vertical panels separate flight students
and naive participants. For each of these, horizontal panels separate participants, within flight student
and naive, who performed in the best tertile, the middle tertile, or the worst tertile of overall average
tracking error. Colors indicate subtask, while shapes indicate the within-subtask difficulty. Each point is
the geometric mean of tracking error aggregated within that participant group, block, subtask, and
difficulty.

2. Evidence for learning on the subtasks

Tracking error was seen to decrease over time in each of the 4 key tracking subtasks. The change
between block 1 and block 6 broken down by group and subtasks can be seen in Table 2.

GRoOuUP SUBTASK BLock 1 BLOCK 6 CHANGE CHANGE
MEAN MEAN Cloxs Clors

FLIGHT | ATT 26.74 18.52 -10.51 -5.93

STUDENT

NAIVE ATT 56.41 28.48 -31.88 -23.98



FLIGHT ATTVTT 39.51 22.64 -19.44 -14.29

STUDENT

NAITVE ATTVTT 68.6 34.15 -37.58 -31.31

FLIGHT ATTVTTDL 404 25.59 -16.84 -12.79

STUDENT | T

NAITVE ATTVTTDL 69.94 39.99 -33.23 -26.66
T

FLIGHT ATTVTTSC 50.91 28.57 -24.5 -20.18

STUDENT | N

NAITVE ATTVTTSC 81.74 42.07 -43.28 -36.05
N

Table 2. Mean Block 1 and Block 6 tracking error by group for each of the 4 subtasks of interest. The
95% CI of the change in distance (i.e., block 6 minus block 1) was calculated by first averaging within
each participant (n = 228), subtask, and block, calculating change scores, and then calculating the
bootstrapped CI of change scores.

Our Bayesian modeling confirms and qualifies such learning (see Figure 3). The Bayesian
nonlinear mixed-effects model converged (R-hat < 1.05 for all parameters). When comparing the
model that included learning over time to the model with no learning, the model with learning
performed much better. The Leave-One-Out Information Criterion (LOOIC) indicated a large
improvement in predictive power (ALOOIC = -35481 + 8.9; values less than -4 are
conventionally considered to indicate meaningful differences in model predictiveness; Vehtari et
al., 2017). A heuristic effect size can be calculated by observing the rank correlation between the
null model fitted values and true distances (rho = .66) and the learning model rank correlation
(rho = .72). Note that the null model already captures much of the variation in errors due to the
large differences between participants, subtasks, and difficulty levels. A naive pseudo-AR?,
found by squaring the above rho values and then taking the difference, would indicate an
additional 7.6% of variance explained by adding a learning component to the model.
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Figure 3. Model fit trajectories of change. Trajectories show median distance-to-target plotted
separated by group and subtasks. Note the model was run over the whole sample (n = 228) with group
and subtasks as factors. Shaded areas indicate 95% ClI.

3. Learning characteristics per group and subtask

In examining the posterior distributions of the fixed-effects coefficients quantifying the
differences between naive and flight student groups, we observed that the flight student group
started with smaller median tracking error (posterior distribution mean initial tracking error =
32.14) than the naive group (60.56) leading to a group differences (-28.42; Clgs = [-33.48, -
23.74]; see Figure 4 & Table 3). When calculating a Cohen’s d for an approximate effect size,
using the by-participant distance values plotted in Figure 4, the approximate Cohen’s d was of
large size at 1.64. There was no reliable difference in time-to-learn across groups (0.05; Cles = [-
0.61, 0.73]; approximate d=0, see Figure 4). Finally, albeit modeled only at the group level and
not the individual level, the flight student group had asymptotically lower tracking error than the
naive group (-0.62; Cles = [-1.11, -.14]).
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Figure 4. Distributions of by-participant estimates. Model parameter estimates include [A] starting
tracking error and [B] time-to-learn (each y axis is on a loglinear scale; n = 228). For the statistical
comparison of groups using model posterior distributions see the main text. Asymptotic error is not
shown because by-participant values were not estimated. Lines indicate means and 95% CI.

In addition, we observed that the by-participant correlations between starting tracking error and
time-to-learn were rho=0.45 for the flight student group and rho=0.30 for naive participants.
That is, in each sample we observed non-trivial correlations such that participants who started
better on the task also learned faster, although these two dimensions of performance were far
from isomorphic. This pattern further supports the separate examination of the two groups’
performance separately.

Finally, learning varied by subtasks, with the starting tracking error being larger as the subtask
became harder as expected and shown in Table 3. Similarly, asymptotic tracking error grew as
subtask difficulty increased (Table 3).

Subtask Starting Starting Starting Asymptotic Asymptotic Asymptotic
Error Error Error Error Error Clozs Error Clgrs
Clozs Clors
ATT 28.11 26.67 29.51 10.74 10.19 11.29
ATTVTT 44.28 42.09 46.38 11.99 11.42 12.55
ATTVTTDLT 52.87 50.23 55.30 14.53 13.91 15.14
ATTVTTSCN 54.68 51.91 57.26 16.49 15.84 17.12

Table 3. Model fit parameters for each subtask, (estimated across groups and across the three speed
levels; n = 228) at an overall [intermediate] level relative to subtask difficulty and participant group.



4. Action video game play and flight simulator experience related to starting performance and
time-to-learn in the flight student group

We found reliable relationships between experience in action video games and both starting
tracking error (rho = -0.31 Cles = [-47, -.14]), wherein those with more action video game
experience showed lower starting tracking error, and time-to-learn (rho =-0.35 Clos = [-.49, -
.19]), wherein those with more action video game experience showed faster learning (see Figure
5).
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Figure 5. Rank correlations between learning and action video game playing in flight student
participants (n = 128). Reliable correlations were observed between action video game playing and
starting tracking error (top panel) and time to learn (bottom panel). Linear trends and 95% CI overlaid
for demonstration purposes.

In the case of flight simulator experience, a correlation with starting tracking error was apparent
as well (rho =-0.21 Cles = [-.37, -.04]; see Figure 6) but a reliable association was not evident
with time to learn (rho = -.09 Cles= [-.26, .08]; see Figure 6).
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Figure 6. Rank correlations between learning and action flight simulator game playing in flight
student participants (n = 128). A reliable correlation was observed between flight simulator game
playing and starting tracking error (top panel) but not time to learn (bottom panel). Linear trends and
95% CI overlaid for demonstration purposes.

5. Action video game play and flight simulator experience related to starting performance and
time-to-learn in the naive group

In the naive participants, whose overall performance was worse (i.e., higher error, see Figure 2),
we observed numerically reduced and non-significant correlations between starting tracking error
and action video game experience and time to learn and action video game experience (Figure 7).
Although an explicit group comparison was not of primary interest to this study, we next fit a
Bayesian linear regression model predicting rank-transformed and z-scored time to learn with the
binary group affiliation, rank-transformed action video game playing, and their interaction.
Action video game playing, as a predictor, was rank-transformed and then z-scored within each
group separately to avoid any collinearity confounds between group and action video game
playing. Model fitting used the brms package with default priors. We found that the interaction



term was reliable such that flight students’ link between time to learn and action video game
playing was more negative than naive participants (b = -.31, Clgs =[-.57, -.05]). In this model,
the main effect of action video game playing was reliable (b =-.17, Clos = [-.29, -.04]) and the
main effect of flight student membership (i.e., binary group variable) was not reliable (b =.06,
Clgs = [-.19, .31]). See Figures 5 and 7 for visualizations of the slopes linking action video game
playing and time to learn in each of the groups separately. In a comparison with an identical
model, but dropping the interaction term, the model with the interaction term had a modestly
larger amount of evidence (Bayes Factor estimated via bridge sampling = 5.04).
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Figure 7. Rank correlations between learning and action video game playing in naive participants (n =
100). Similar and non-reliable correlations were observed between action video game playing and
starting tracking error (top panel) and time to learn (bottom panel). Linear trends and 95% CI overlaid
for demonstration purposes.

Concerning flight simulator experience, we observed no link between self-reported flight
experience and either initial performance (rho = 0.02, Clgs = [-.18, .22]) or time-to-learn (rho = -
0.07, Cles = [-.26, .13]) on the tracking tasks (Figure 8).



1004 ®
o)
£
>
iy
Q 754
(0] [ ]
£
(0]
o
§ 5.0 L] . o
o . (X )
3
S °
‘n 2.54
= e o ) o o e
=
g’ LA ~h-000 0 *0 &
o
0.0+ [ ] 0 O 0NN O S0 WD OO MEREEENSS O
30 50 100
Starting tracking error
rho = 0.024, Cl = [-0.18,0.23]
10.0 °
o)
=
=
©
o 7.54
o o o
IS
S
5 5.0 1 [ ] [ e o
IS » .
3 L ]
£ 254
) * o e & & o o0
5 v —
T 004 e WNe WG ENIENDO DD o 00 e o °
1 3 10 30

Time-to-learn
rho = -0.069, Cl = [-0.26,0.13]

Figure 8. Rank correlations between learning and action flight simulator game playing in naive
participants (n = 100). No reliable correlation was observed between flight simulator game playing and
starting tracking error (top panel) or time to learn (bottom panel). Linear trends and 95% CI overlaid for
demonstration purposes.

Discussion

Here we examined the extent to which learning on an occupationally-relevant visuo-motor
tracking task was related to action video game play. More specifically, we examined both
whether action video game play was associated with immediate differences in performance (i.e.,
from the very earliest moments) and/or with differences in learning through time. This is critical,
as analyses of such tasks typically do not consider learning. Instead, it is more typical for single
dependent variables for each subtask to be calculated by aggregating over measurements. We
have recently argued that for many (if not most) tasks used in perceptual, cognitive, and motor
psychology, such aggregation-based analyses are not appropriate (Cochrane et al., 2023, 2024;
Cochrane & Green, 2021b; Kattner et al., 2017). Indeed, at the theoretical level, aggregated
analyses inherently assume that performance across all timepoints is identically and
independently distributed; in other words, that early behavior in the task is generated via the
exact same process as late behavior in the task. This is unlikely to be true given how effectively



human beings learn. Furthermore, empirical results show that modeling even very short
“measurement” tasks as changing through time provides both a better fit to the data and permits
deeper inferences about the given behaviors (Clarke & Hunt, 2023; Cochrane et al., 2023, 2024;
Cochrane & Green, 2021b; Gallistel et al., 2004; Kattner et al., 2017; Schmidt & Bjork, 1992).
Although many have argued that the best way to characterize behavior is through the lens of
learning, it is only recently, thanks to greater computational power, that trial-by-trial analyses of
how performance progresses over time have become more common.

By including both a flight student group with some familiarity with the task as well as a naive
group, our data further speaks to various stages of learning and how these may be affected by
everyday activities such as video game training. According to the theory of Fitts and Posner
(Fitts & Posner, 1967), for example, one would expect little impact of action video game
experience on the very early cognitive stage of learning where the rules of the task have to be
cognitively mastered. In contrast, one would expect greater impact of action video game
experience once in the associative stage of learning during which participants become more at
ease with the task (Bavelier et al., 2018).

Our results demonstrated, first and foremost, clear learning in each of our groups of participants
and in each of the four tracking subtasks considered. Learning was notable despite quite large
variability in learning curves across groups as well as within groups (see Figure 2). Consistent
with their lesser familiarity with the task, our naive group showed greater starting tracking error
than the flight student group. The two groups did not show a significant difference in learning
rate (with on average each group getting halfway from start to asymptote in about 3.2 blocks).
Finally, the flight student group was estimated to achieve better asymptotic performance than the
student group. This latter finding is not surprising, given the flight students represented a
selected sample of individuals expected to have an aptitude for the skills and abilities represented
in the subtasks of the PBM battery.

When it came to the relationship between action video game experience and learning, both
starting tracking error and time-to-learn correlated significantly with action video game play
experience in flight students (rho = -.31, rho = -.35, respectively). Surprisingly, the learning
indices showed less marked correlations with flight simulator game play experience. Starting
tracking error did correlate with flight simulator game play (rho = -.21), but time-to-learn did not
(rho = -.09). This finding warrants further exploration, especially given the fast pace of flight
training that requires flight students to learn quickly, as well as the Navy’s recommendation that
it may be useful to “practice using flight simulator software with a stick-and-throttle set” in
preparing for the PBM subtest (NAMI, 2025). Perhaps encouraging action video game play may
also be warranted, given that this finding supports the view that action video game play fosters
the future learning of tasks that are not directly related to such game play. Finally, and crucially
given our initial question, both starting tracking error and time-to-learn related to action video



game play in flight students, which suggests the possibility of both direct transfer and faster
learning rate.

In contrast to the flight student population, neither action video game play nor flight simulator
game play correlated with the initial tracking performance or learning measures in naive
participants. This was the case despite the two groups showing very similar distributions of time-
to-learn. On the one hand, this may signal that action video game play may only relate to
learning in its intermediate stages after sufficient familiarity has been gained at the task. On the
other hand, it may also result from greater sources of variability affecting naive participants’
performance as compared to the flight students. Such variability may, for example, arise due to
lower motivation among the naive (enlisted) sample compared to the flight students, for whom
the PBM battery was relevant to their military occupation and used for selection. Naive
participants may also be more variable in their performance, as suggested by Figure 2, especially
in their starting tracking error. This may be due to various idiosyncratic differences in experience
more heavily contributing to their performance on the task as compared to flight students, who
had all already been exposed to previous official selection testing and unofficial practice
materials obtained prior to testing. This would place flight students at an intermediate level of
learning where performance is seen to be less noisy, while placing naive participants at an
earlier, and noisier, level of performance.

The lack of correlation between our learning outcomes and flight simulator game play in the
naive participants is expected given the very low level of reported flight simulator play in the
naive group. Indeed, both correlations were quite low and clearly centered on zero. This was not
the case for the action video game correlations, which despite being non-significant, showed the
same basic patterns (i.e., toward better starting performance and faster learning as action video
game experience grows) as was seen in the flight student group.

Limitations and Future Directions

The methodological constraints and limitations that inherently arise by performing work at the
intersection of basic and applied science in turn leaves a host of open questions for future
research. One such limitation is with regard to our participant sample, which consisted of 240
male participants and only 25 female participants. This imbalance, along with the overall low
number of female participants, required that we analyze only male participants in the current
work. While some previous literature suggests that females benefit as much (or in some cases
more) than male participants from video game experience (Feng et al., 2007; Subrahmanyam &
Greenfield, 1994), other research suggests the opposite (Powers et al., 2013). As such, whether
the same pattern of results we found here in male participants would be found in female
participants requires future examination. Furthermore, the naive sample comprised military
personnel who were not selected through the same stringent screening process as the flight



students, which may introduce confounds related to baseline cognitive ability. Therefore, future
research should examine how action gaming experience relates to cognitive ability and repeated
PBM performance, or more generally, complex skill acquisition.

Next, there are a host of additional measures of individual backgrounds and experiences that
could both speak to underlying mechanisms as well as potentially improve predictive models.
For example, the video game survey that was utilized focused only on hours played by genre,
leaving information about factors such as skill unmeasured. Because skill and experience are
necessarily partially confounded, separate measures are necessary to pin down the nature of the
effects (Large et al., 2019; Phillips & Green, 2024). There are also a host of other types of
experience that could be useful predictors of performance on the task utilized here, from general
computer experience (which could vary more widely in this population than, for instance, the
university populations that make up the samples in much of the literature) through other
cognitively and motorically demanding real-world experiences like certain sports (Manci et al.,
2023; Wang et al., 2013).

Similarly, here we measured performance on a reasonably short task that is known to be
predictive of real-world behavior, but is not the real-world behavior itself. As such, it would be
useful to know how long various effects last, that is, if one were to use video games to attempt to
train performance on this task, how long would the effects remain (noting that the small amount
of previous literature on this topic has seen benefits on the timescale of months to years; Feng et
al., 2007; Li et al., 2009). Additionally important would be investigating whether non-gamers
eventually “catch up” and if so how long that process takes. Furthermore, although there are
known links between performance on the tracking task utilized here and flight training
performance, and our work here shows links between action gaming and performance on the
tracking task, this does not necessarily mean that a link would be found between action gaming
and flight training performance (i.e., action gamers here could be good at the tracking task for a
reason that does not underpin the task’s relation with flight training). As such, establishing the
full causal chain will be necessary before any full applications can be considered.

Next, although the pattern of results seen here is more consistent with learning to learn than
direct transfer, unpacking the exact mechanistic underpinnings of this learning to learn effect will
require future research. Indeed, such learning-to-learn can arise via a number of different
mechanics including improvements in cognitive skills that underpin successful learning (e.g.,
attentional control, cognitive and/or motor flexibility; Bavelier & Green, 2025) or various types
of structure learning (Cochrane & Green, 2023; Kattner, Cochrane, Cox, et al., 2017). Given the
nature of the tracking task, gaining a deeper understanding of the exact improvements that are
resulting in augmented learning rates will be important.



Finally, while we have focused here on flight aptitude, as noted in the introduction, learning
flexibility is at a premium in many 21st century occupations. In particular, while links between
video game play and a host of other real-world tasks/occupations has been examined (from those
more related to flight, such as unmanned aerial vehicles; Potdar & Dattel, 2024; to those far
afield from flight, such as laparoscopic surgery; Rosser et al., 2007; Schlickum et al., 2008,
2009), none have been differentiated between direct transfer and learning to learn. In particular,
although here we have focused on benefits of action video game playing, knowing whether any
occupations might be harmed by such play would be of foremost importance (West et al., 2020).

Conclusion

In all, this study provides an additional demonstration that action video game play experience is
linked with enhanced performance on tasks that, on the surface, are not directly related to action
video games (or at a minimum are far more different than tasks between which no such
generalization is seen in the perceptual and cognitive literature; i.e., vertical lines and horizontal
lines). We see that it may do so both through direct transfer (better initial performance), as well
as through learning-to-learn (faster learning rate). That this effect was only detected in flight
students but not naive participants, despite both groups showing similar action video game play
distributions (Cohen’s d = .23, Clgs [-.02, .47]), points to other sources of variability being a
greater contributor to learning behavior. More or less experience on the very task we measure
learning on, early in the learning phase, would indeed be expected to overshadow any
contribution of action video game play. It will be important in future studies to further evaluate
when action video game play experience may best predict learning.
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Time to

Iterative PBM Subtask Phase complete
Instructions  Self-paced
Dichotic Listening (DLT) Practice 30 seconds
Scored 120 seconds
Instructions  Self-paced
Vertical Tracking (VTT Practice 30 seconds
Scored 60 seconds
. . . . Instructions  Self-paced
2-dimensional Airplane Tracking . P
Practice 30 seconds
(ATT)
Scored 60 seconds
Instructions  Self-paced
Two-Handed Tracking (ATTVTT) Practice 30 seconds
Scored 120 seconds
. : . Instructions  Self-paced
Two-Handed Tracking + Dichotic Practi 30 q
Listening (ATTVTTDLT) ractice seconads
Scored 180 seconds
Two-Handed Tracking + Emergency Instructions  Self-paced
Scenario (ATTVTTSCN) Scored 120 seconds

Editor Summary:

Occupational training is a core aspect of many careers, and relevant assessments are a necessity.
Here, among flight students in the US Navy, it is shown that experience playing action video
games is linked to screening assessments for flight training.
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