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ABSTRACT

Many scientists have been struggled to walk the line between designing an experiment with rigorous control and
conducting research whose findings widely generalize. As government and industry invests funding into developing
training systems and competency measurement approaches, the importance of transferability of control study
findings will be key to prevent the valley of death. This debate often shows up when practitioners are challenged to
translate experimental tasks from basic research to a more applied context. The n-back (Kirchner, 1958), a respected
measure of working memory ability, is commonly poked fun at for disconnect from any realistic task. Recent work
(e.g., Vine et al., 2020 as cited in Vine et al., 2021) has furthered these concerns. The present study expands on an
adaptive training system approach presented in 2022 (Rebensky, et al., 2022), which explores the n-backs
transferability via a domain relevant task, dubbed Mission Relevant Audio Cue Task (MRACT), which has been
designed to mimic communication call-and-response procedures of military personnel that would challenge working
memory similar the n-back. Participants were recruited and completed both tasks separately in the Driving Adaptive
Research Testbed (DART) developed at an Air Force Research Laboratory. The data from these tasks were
compared along relative difficulty of task, perceived difficulty (NASA-TLX), and their demands on physiological
measures related to mental workload (fNIRS and heart rate variability). The findings of this study reveal similarities
between the two tasks but also points of substantial divergence, which have implications for basic research
laboratories that train algorithms within adaptive training settings. These conclusions lead to suggestions for future
practitioners looking to walk the same line when developing domain relevant tasks based on basic research. The
paper and presentation will provide guidance for research and development labs on the design of tasks to test novel
measurement and algorithm approaches.
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INTRODUCTION

The beginning of one’s journey between the academic and applied world starts with the realization that it is difficult
to translate the findings of “basic” laboratory research to one’s desired context. Many of the carefully devised
cognitive tasks explored in academia are conducted in an unrealistically barren or carefully controlled environment,
lack the multi-tasked nature common of most operational settings (Vine et al., 2021), and are tested disproportionally
with Western, Educated, Industrialized, Rich, and Democratic (WEIRD) people (Henrich et al., 2010). These hurdles
tend to cause practitioners frustration which then eventually builds up into an inevitable opinion piece spouting that
“nothing applies” and we “need new tasks.” While we support the development of new cognitive tasks, this is not
meant to be harsh criticism of the traditional toolkit of academic literature. One might argue that it makes more sense
for the scientific community to build upon the stripped-down versions of cognitive task rather than trying to twist an
applied version of an experimental task to work for a different operation. Twisting these tasks without a full
understanding of the fundamentals and the theory behind them is likely part of the reason why some results appear to
not transfer. For example, one should be careful to not misuse scanning behavior, an indicator of cognitive workload
in pilots (Tole et al., 1982), as a measure of workload in a task where there is no reason to expect that deviation from
a set scanning would indicate a change in workload. Measures of a task can translate to a new task when they are
highly similar to each other, such as the scanning behaviors of trained pilots and surgeons (e.g., Lim et al., 2023), but
transfer is still not guaranteed. The present study explores the transferability of a basic task, the n-back (Kirchner,
1958), to a domain relevant task dubbed Mission Relevant Audio Cue Task (MRACT). This work expands on an
adaptive training system approach presented in 2022 (Rebensky, et al., 2022) and further explores the relationship
from military and basic science tasks for measuring competencies. From the lab to the battlefield, comparison of the
two tasks reveal similarities but also points of substantial divergence which have implications for basic research
laboratories that train algorithms within adaptive training settings.

METHODS
Participants

A total of 28 participants were recruited from the Dayton Metropolitan Area. All participants were 18 years or older,
and a U.S. citizen with normal or corrected hearing. Participants were compensated $40 for participating.
Demographic information, experience with driving, their hobbies, and whether they had recently consumed any
stimulants such as nicotine or caffeine was collected following consent to participate in the study and prior to
beginning the study. The overall median age was 25.5 years old (18 — 68). The majority of the participants drove on
average more than 5 hours per week (65%) and over half of the participants experienced little to no anxiety driving
(70%). In addition, most of the participants regularly played video games (72%).

Experimental Testbed
The data was collected from the dual task experimental testbed, the Driving-based Adaptive Research Testbed

(DART). A project first theorized in Rebensky et al. (2022), the DART was developed at and is hosted by the Gaming
Research Integration for Learning Laboratory (GRILL®; See Figure 1). The DART acts similarly to traditional
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modified NASA-TLX (Hart & Staveland,

1988), a functional near-infrared (fNIRS)

sensor developed by BionicaLabs called NIRSense, and a Polar H10 Heart Rate Monitor sensor for tracking blood
flow and heart rate (HR), and performance metrics from the simulated tasks themselves.

Experimental Design and Procedure

The experiment consisted of a short Qualtrics survey (5 minutes) followed by training and a longer behavioral task
(45 minutes) that consisted of three phases. Participants completed all steps on site. After consenting to participate,
subjects were outfitted with a fNIRS sensor developed by BionicaLabs called NIRSense, and a Polar H10 Heart Rate
Monitor sensor for tracking blood flow and heart rate. Subjects were then asked to complete a short demographic
Qualtrics survey. After completing the Qualtrics survey, participants reviewed an instructional slide deck for the
behavioral task for controlling the vehicle. Participants were then informed that their driving performance score during
the experimental task would be based on how well they managed to stay on the road and the speed they maintained
while doing so. Participants were reassured that they would be returned to the road automatically should they drive
off after 5 seconds or they could also choose to reset themselves at any given time by selecting a specific button.
Participants were then asked to drive along a 3 minute straight road driving baseline for physiological metrics, and
then given more instructions for the secondary cognitive task that would be performed while driving.

Task 1: Basic Research Task — Auditory n-Back

The first cognitive task was a form of the classic n-back task (Kirchner, 1958). As detailed in past work (Stalker et al.,
2024) and briefly described here, participants in this case were required to perform a 2-back auditory memory tasks.
Letters were played aloud through the participant’s headset every 2.5 seconds in a random order. Participants were
instructed to press either of the paddles on the steering wheel when a letter matched the same letter played 2 letters
back. Participants completed this task while driving along a series of different levels of road curviness. Participants
first completed one 2-minute segment with 46 n-back letters played with the first trial on a “medium” level difficulty
or somewhat curvy road. Then, participants completed five additional 2-minute trials (12-minutes total). After each
trial, the adaptation algorithm would run and determine whether to make the roads easier (straighter) or harder (more
curved) to drive. Before beginning the next trial, participants would fill out mental workload prompts from the
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modified NASA-TLX (Hart & Staveland, 1988). After completing the basic research task, participants were
introduced to more instructions for the applied mission task.

Task 2: Applied Mission Task — Mission Relevant Auditory Cues Task (MRACT)

Participants were introduced to a new cognitive task that was designed as a part of this study to be more generalizable
to a military driving mission context. Operational military settings cognitive demands are complex, oversaturated in
signals, and require understanding relevant cues and responding appropriately. As demonstrated in previous research,
military cognitive tasks do not often correlate closely to basic tasks such as the n-back (Vine et al., 2020). The n-back,
while difficult, requires keeping a running list in working memory, which is an uncommon cognitive demand in
military settings. Therefore, we sought to design a more applicable testing scenario by building upon previous more
operationally relevant cueing tasks similar to those mentioned in Eddy et al. (2015), Lenné et al. (2014), and the
Military Specific Auditory n-Back task (MSANT; Vine et al. 2020). The MSANT, for example, requires users to press
specific inputs on a keyboard or game-based steering wheel when presented with different operational relevant sounds
and withhold input during non-relevant cues and when following radio comm procedures (e.g., specific gunfire or
radio messages). These previous instantiations provided guidance for the development of the MRACT.

The MRACT provided a mix of (a) auditory tones (beeps) that signaled that an immediate input was needed, and (b)
radio communications that explicitly asked for an input, sometimes immediately or sometimes after a brief delay.
Regarding the auditory tones, two distinct audio cues required responses, the IED Warning Cue and the Radar Cue.
The IED Warning Cue was a series of rapid short beeps that indicated that the participant needed to press the left
paddle on the steering wheel as soon as possible. The Radar Cue was a rapid series of low-toned beeps indicating to
the participant that they needed to press the right paddle on the steering wheel as soon as possible. Noise signals that
were not either of these distinct cues were to be ignored with no input given. Regarding radio communication,
participants ignored the callout until their callsign was spoken. When spoken to, the participant acknowledged the
callout by pressing the “A” button. The radio communication message either required the participants to immediately
press a button on the steering wheel in response, or briefly delay the input until heralded again (see example breakdown
of require inputs in Table 1). Similarly to the n-back portion of the experiment, the MRACT required participants to
drive along a series of roads.

Table 1. MRACT Cues & Appropriate Responses

Audio Type Message Response
Radar Tone (low slow beeped tone) Press right paddle
IED Tone (rapid high pitch tone) Press left paddle
Noise Tones (All other tones) No response
Comms Message “Bravo this is Alpha, I am entering Press “A” to
(Acknowledge only) building 119" acknowledge
Comms Message “Bravo this is Delta, press X to “A & X7
(Acknowledge & Respond) disable drones”
“Bravo this is Charlie, when I'm “A”

Comms Message
(Acknowledge & Delayed
Response)

ready, press Y

“Bravo I am Ready”

“A & Y later when
signaled

Comms Message

(To anyone other than
Bravo)

“Delta this is Alpha, I am entering
building 119"

No response
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Participants first practiced on medium-difficulty roads (slight curves) while completing only the auditory tones portion
of the MRACT in order to incrementally introduce them to the tasks of the MRACT. Participants completed one 2-
minute practice segment where one cue played every 2-4 seconds. Random cues that did not require responses as well
as radio comms played alongside the distinct cues that the participants needed to respond to. Next, participants were
introduced to the radio communications portion of the MRACT . Participants responded to comms messages to their
designated callsign (Bravo) by pressing the “A” button on the steering wheel to acknowledge all radio calls. Some
radio calls asked for another button input, asking the user to press either the “X,” “Y,” or “B” button after they had
acknowledged the caller using the “A” button. Further, to simulate the n-back style of tasking, some radio calls asked
participants to input the “X,” “Y,” or “B” button once the person on the radio comms was ready—simulating a delayed
responses style messages. Users were instructed to (a) acknowledge the first radio call with the “A” button, (b)
remember the specific “X”, “Y”, or “B” button input that would be required, (c) wait to hear the matching radio call
from the same individual instructing the participant they were ready for the command, (d) press “A” to acknowledge
again, and (e) finally press the desired command established in the first radio call (see example breakdown of required
inputs in Table 1). Radar/IED tones and comms messages from other individuals could play between the two delayed
response messages.

Participants were then tasked with practicing driving along a series of hard-difficulty roads (intense curves) while
completing the MRACT. Adaptations also occurred during the MRACT, but in this task, adaptations were the presence
or absence of multi-modal cueing for the auditory tone portion of the task (no additional cues, static visual cueing,
flashing visual cueing; starting with static visual cueing). Participants were instructed to complete five more 2-minute
trials (12-minutes total). After each trial, the adaptation rule-based logic would determine whether to add redundant
visual warning cueing to the auditory warning task or to remove it. The rationale for multimodal cueing was two-fold:
(1) in a training environment visual cueing could provide scaffolding and be slowly removed as trainees are better
able to handle the operational mission, and (2) could be implemented within augmented reality or head mounted
displays in an operational vehicle and therefore were reasonable modifications to the environment that could take
place in a mission setting to alleviate workload.

After completing the two tasks, participants finished the experiment by driving along a simulated straight road for 3

minutes to collect a final baseline from the physiological sensors. Participants then removed the sensors and were
debriefed. The entire process took approximately 60 minutes. A procedure flow can be seen in Table 2.

Table 2. Study Procedure

Stage Task Description
Setup Study Prep Informed consent, sensor fitting, demographic survey
Training & Task Instructions Text on sim screen & slides shown in simulator
Baseline |Baseline Straight road + TLX prompt
N-back 2-back Practice (Letter played every 2.5 seconds) + TLX prompt
2-back w/ Road Adaptation (x5) (Letter played every 2.5 seconds) + TLX prompt
Tone Practice (Sound played every 2-4 seconds) + TLX prompt
Tone + Comms Practice (Sound/audio played every 2-4 seconds) + TLX prompt
Mission | Tone + Comms (Sound/audio played every 2-4 seconds) + TLX prompt
Tone + Comms w/ multimodal (Sound/audio played every 2-4 seconds) + TLX prompt
adaptation (x5)
Post | Post baseline & end study Collect post baseline and end study

Measures of Performance and State
Measures of participant performance included: (a) The average miles per hour driven, (b) the number of times even

one wheel went off road, (c) the number of manual or automatic (5 seconds of the vehicle fully off road) resets on the
road, (d) the percentage of correct responses for both the n-back task and the MRACT task. Metrics of participant
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state included: (a) fNIRS oxygenation levels, (b) Polar H10 Heart Rate, (c) One-question mental workload prompt
from the modified NASA-TLX. Each of these served as a measure of mental workload. More details of the specific
measures and how they adapted the simulation environment are described in more detail in Stalker et al. (2024).
Participants shifted through easy, medium, or hard conditions dependent on performance and state. In the easy
condition, participants received straighter roads in the n-back task and flashing multimodal assistance in the MRACT
task. In the medium condition, participants received slightly curvy roads in the n-back task and static multimodal
assistance in the MRACT task. In the hard condition, participants received curvy roads in the n-back task and no
additional visual assistance in the MRACT task. In all conditions for MRACT, participants drove on medium roads.

RESULTS

Descriptive statistics can be seen in Table 3 by task and by difficulty level for each of the measures captured.
Multiple two-way multivariate ANOVAs (MANOVA) were conducted to determine the impact of Task type (n-back
vs MRACT) and level of difficulty (Easy, Medium, Hard) across task performance measures (Average MPH, Times
Off Road, Resets, and Accuracy) and physiological measures (fNIRS HbO2, fNIRS HbD, Heart Rate) and the self-
report workload measure (NASA-TLX). Means and standard deviations were calculated and are shown in Table 3.
Multiple multivariate test statistics were calculated to test the statistical significance of the different effects of the
two independent variables, Task and Difficulty, shown in Table 4. First, the multivariate result was statistically
significant for Task (p < 0.001). Second, the multivariate result was statistically significant for Difficulty (p <
0.001). As seen in Task x Difficulty, there is a statistically significant interaction effect between task and difficulty,
F(16,427)=3.0120, p <0.001; Wilks' A =0.834.

Table 3. Descriptive Analysis Results

n-back MRACT
Easy Medium Hard Easy Medium Hard
M SD M SD M SD M SD M SD M SD
Average
67.1 13.8 60.2 15.6 52.8 11.9 60.9 11.6 61.0 9.7 56.5 11.1
MPH
Times Off ¢ 5 8.5 143 9.2 11.5 8.3 20.7 7.4 18.7 8.8 12.0 02
Road
Road 1.0 1.4 0.4 0.8 02 0.6 0.4 0.8 02 0.4 02 0.6
Resets
% Correct 88.3 12.3 89.6 10.4 90.4 6.0 80.7 17.9 85.6 16.5 83.4 18.6
Polar HR  76.27 1219 7715 1414  80.22 13.01 78.52 13.97 76.51 12.93 7753 11.56
fNIRS
HBD -7.0E-05 2.0E-04 8.6E-07 24E-04 1.3E-05 1.8E-04 -4.8E-05 1.7E-04 6.8E-05 3.0E-04 3.8E-05 2.1E-04
fNIRS
HBO2 47E-04 82E-04 6.7E-05 8.1E-04 -6.2E-05 5.6E-04 5.1E-04 79E-04 -53E-05 12E-03 -1.1E-04 7.4E-04
TLX 12.2 4.5 12.4 3.5 12.5 2.8 13.1 3.9 13.7 3.5 13.6 3.0
Table 4. Multivariate Analysis Results
Task Difficulty Task x Difficulty
Value F df p Value F df p Value F df p

Wilks’ lambda 0.8009 8.1711 8,263 <0.001  0.8311 3.1869 16,526 <0.001  0.8341 3.1202 16,526 <0.001

Pillai’s trace 0.1991 8.1711 8,263 <0.001  0.1732 3.1289 16,528 <0.001  0.1676 3.0178 16,528 <0.001

Hotelling’s trace  0.2486 8.1711 8,263 <0.001  0.1981 3.2473 16,427 <0.001  0.1968 3.2248 16,427 <0.001

Roy’s Largest Root 0.2486 8.1711 8,263 <0.001  0.1674 55250 8,264 <0.001  0.1856 6.1264 8,264 <0.001
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Follow-up univariate analyses showed both fNIR HBD and HBO2 were statistically significantly impacted by
Difficulty (p = 0.007, p < 0.001, respectively) with no significant difference for task nor an interaction effect.
Regarding task performance measures, Average MPH and Times Off Road were also statistically significantly
related to Difficulty (p < 0.001, p < 0.001, respectively). Multiple variables were significantly different related to
task, meaning the variables differed between n-back and MRACT, including NASA TLX (p = 0.0130), Percent
Correct (p = 0.0003), Times Off Road (p = 0.0498), and number of Road Resets (p = 0.0057). Number of Resets (p
=0.0197) and the Average MPH (p = 0.0165) both showed interaction effects between Task and Difficulty level.
Univariate analyses are presented in Table 5, with the implications of these findings discussed in the following
section.

Table 5. Univariate Analysis Results

Task Difficulty Task x Difficulty
SS F df p SS F df p SS F df p
Average MPH 7.4613 0.0484 1 0.8260 4212.4941 13.6633 2 0.0000 1285.6519 4.1700 2 0.0165
Times Off Road 302.5370  3.8827 1 0.0498 3175.0106 20.3739 2 0.0000 163.3018  1.0479 2 0.3521
Road Resets 5.1678 7.7677 1 0.0057 15.1821 11.4101 2 0.0000 5.3045 39866 2 0.0197
Percent Correct  2822.9494 13.5574 1 0.0003 428.9583  1.0301 2 0.3584 135.1183  0.3245 2 0.7232
Polar HR 19.2741 0.1150 1 0.7347 181.8126  0.5426 2 0.5819 308.4859  0.9206 2 0.3395
fNIRS HBD 7.8450e-08 1.7362 1 0.1887 4.6225e-07 5.1151 2 0.0066 2.3418e-0-8 0.2603 2 0.7711
fNIRS HBO2 9.4508e-08 0.1518 1 0.6971 1.8467e-05 14.8289 2 0.0000 2.497e-07 0.2004 2 0.8185
TLX 78.6237 6.2534 1 0.0130 8.8718 0.3528 2 0.7030 0.6314 0.0251 2 0.9752
DISCUSSION

These discrepancies can lead to difficulties for practitioners who experience different results when existing academic
research does not directly apply to their contexts, sometimes resulting in calls for new tasks. While we recognize the
importance of developing novel cognitive tasks, it is essential not to dismiss the value of established ones. Instead, a
more productive approach would be to build upon the fundamental principles and theories underpinning these tasks
before attempting to adapt them to new contexts (Rebensky et al., 2022). Analyses showed that the measures selected
for comparison were significantly impacted by the task type, the difficulty level of the task, and the interaction between
these two factors. The interpretations of these findings and more are expanded upon in the sections below.

Generalizability: Measures Robust to Changing Tasks

Researchers and practitioners alike are often tasked with finding measures that prove robust across multiple settings.
A subset of this goal was to discover measures that are impacted by difficulty but not by task. The fNIRS data and
two of the selected task performance measures (Average MPH & Times off Road) met this criterion. The findings
from this research suggest that fNIRS may be an ideal candidate that transits from the laboratory to operational
settings. Both fNIRS readings of HBD and HBO2 were statistically significantly impacted by task difficulty but not
the type of task. The significance only on changing difficulty implies that fNIRS measures were not impacted by the
transition between a traditional basic experimental task and a mock applied task, but only by the increase in difficulty.
This suggests that fNIRS measures may be suitable when looking to translate findings between basic and applied
settings. Regarding task performance measures, Average MPH and Times Off Road were also statistically
significantly related to difficulty but not type of task. Participants drove slower and off the road more often in the
higher difficulty conditions, regardless of task. This was likely due to a component of the adaption logic made the
overall course curvier in higher difficulty trials, limiting the participants’ ability to drive quickly if they were to
maintain high proficiency.

Limitations: Measures More Impacted by Task & Design
Some of the investigated measures were statistically significantly impacted by the type of task. These included ratings

of workload collected from a modified NASA TLX, and task performance measures such as Percent Correct, Times
Off Road, and number of Road Resets. Self-reported workload via the modified NASA TLX was significantly higher
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in the MRACT than the traditional n-back task. The precise reason for this is unknown, but one may speculate that
this is likely partially a result of the MRACT having more components to it than the n-back task. People are known
to rate tasks with more components as more difficult than tasks with less, even when performance data suggests
otherwise (Vidulich & Tsang, 2012). Although they were designed to exert similar cognitive demands, the MRACT
required participants to remember three different types of inputs while the n-back task only required one. Alternatively,
or potentially additionally, the story aspect of the applied task may have led participants to be more invested and
therefore led to them committing more resources to the task, leading to high ratings of perceived workload.

A few task performance measures correlated with the type of task. While statistically different, the difference in
Percent Correct between the two tasks is likely due to task differences. Different tasks are likely going to vary in the
Percent Correct. For example, field goals in American football and penalty kicks in soccer are somewhat comparable
tasks but ultimately statistically differ in success rate. Considering different tasks have different success rates and
implications for any errors (e.g., a wrong response on an n-back has no repercussions, but a missed fire in a simulated
air-to-air engagement does) one would anticipate not only different motivation levels and performance, but also
differences in scores.

Times Off Road was also comparatively higher in the MRACT condition. It is hypothesized that the MRACT
condition required participants to make a greater variety of inputs than the n-back task condition. In the n-back
condition, either the left or right paddle was a sufficient input. However in the MRACT condition, participants had to
press specific paddles as well as steering wheel inputs, which when turning, may have been difficult to do so.
Participants may have prioritized using the controller inputs and therefore more hesitant to turn the wheel which would
disrupt their ability to successfully respond to the audio cues. If this is true, a takeaway from this finding would be a
reminder to try to keep the input modalities the same across tasks one wishes to compare. In future iterations, we
anticipate updating the tasks to verbal inputs due to improvements in speech recognition technologies. The last
performance measure to correlate with the type of task was the number of Road Resets which was greater in the n-
back task condition. A potential reason for this could be the difference is road curviness changes. In the n-back task
condition, the course became more or less curvy. In the MRACT condition, the curviness of the roads did not change;
the amount of multimodal cuing changed between the difficulty levels instead. Changing the amount of multimodal
cuing was included in interest of exploring workload-based augmentation. This however may have led to the
unintended difference between the conditions seen here.

Number of Resets and the Average MPH both showed interaction effects between task type and difficulty level.
Number of Resets was higher in the Easy level of difficulty for both task conditions. This is likely a floor effect. Easy
might have been too difficult for some participants leading them to still perform poorly, resulting in a high number of
resets, despite being on the lowest difficulty level. The floor effect could be alleviated by including more difficulty
options and will be explored in future data collections. Average MPH showed little variance in the MRACT condition
but did vary substantially in the n-back task condition based on difficulty. Average MPH was highest in the n-back
task easy condition and lowest in the hard condition. This difference likely can be attributed to the difference in
curviness of the road. The hard condition in the n-back had much curvier roads, putting pressure on the participant to
reduce their speed in order to stay on the road. The lack of variance in the MRACT is likely because the curviness of
the road did not adapt.

While a subset of the research goal was to discover measures that are impacted by difficulty but not by task, there
were bound to be some measures that failed to meet this criterion. Heart rate was not statistically significantly impacted
by either independent variable or their interaction. This finding conflicts with past research detailing linked
relationship between the construct of mental workload and various heart related measures (Mehler et al., 2009). This
leads us to believe that heart rate is likely sensitive to these independent variables but is too diluted from noise caused
by other factors. Heart rate can be impacted by many different things including factors external to the experiment like
outside clamor and prior stimulant use, and internal factors such as perceived stress and the shaking of the steering
wheel. These factors and the fact that heart rate readings were averaged across the two-minute trial likely contributed
to its diagnostic inabilities.

Despite collecting data from participants from a broad range of background experience, very few participants stayed
consistently in the Medium level of difficulty. Many of the participants (n = 14) finished in the Easy or Hard level.
Based on the results that many participants ended up in the easy or hard difficulties and the challenges discussed
above, more variance in difficulty will be incorporated into future data collections. The team plans to explore
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generative methods to create more variance levels. Another path that will be explored is that the weighting of factors
in the adaptation logic should be revised. Based upon adaptive system design recommendations in (Rebensky, 2022),
we plan to pursue more advanced adaptation logic via artificial intelligence now that data is available. Researchers
and designers of adaptive systems should consider adding more difficulty tiers, often in both directions, to avoid
ceiling and floor effects.

Recommendations & Future Directions

Although many relationships that were significant were a result of the design of the testbed, it still brings forth a
valuable point—tasks that are demanding are not the same as operational missions. Considering the development of
new technologies to broadly support Department of Defense (DoD) training, ones that are robust to services and career
fields will provide the greatest value. Therefore, our recommendations and future directions are as follows:

Exploring more generalizable constructs

Having the same performance measures reduces the likelihood that the tasks are tapping into diverging skillsets and
offers opportunities for easier comparison. One approach would be to find performance measures that match one
another in the test environment and operational environment. If the same performance measures cannot be used, one
should look to more generalizable performance measures that can be contextualized in multiple missions (e.g., error
rate, reaction time). fNIRS measures and some measures of the environment showed promise as generalizable
measures. Although more research is needed to confirm these findings, it provides support for moving towards a more
construct level design. Some measures like measures of performance, might have wide differences between them.
However, other constructs such as accuracy might be more extensible to other task environments. (e.g., number of
times someone successfully shoots a goal and land an aircraft are very different scenarios, but distance from the center
for both scenarios may be an extensible measure). Future research also aims to explore other physiological metrics.
One being more temporally sensitive heart related measures and seek to isolate the impact of extraneous factors on
heart rate related information.

Designing operationally relevant tasks and adaptations

The initial design of DART intentionally created differences between the two environments. The adaptations (curvy
roads) in the n-back condition were based upon the most common adaptations administered in adaptive driving
research (Zahabi et al., 2020). Whereas the design of MRACT adaptations aimed to lean into adaptations relevant in
the operational environment which could take one of two forms: (1) adapting to increase the difficulty by creating
new challenges that simulate military relevant sudden changes (e.g., new enemy spotted), or (2) adapting to offload
operator workload through multimodal design (Giang et al., 2010). Considering the growth of artificial intelligence
over the past couple of years and the potential for artificial intelligence to support the warfighter in intense moments,
the team opted for style 2. The different adaptation styles resulted in many of the differences observed. The findings
still shed light as to when algorithmic systems trained on controlled settings may or may not be able to transfer to
operational environments—which highlights the importance of maintaining consistency if one desires near perfect
transfer between types of tasks, even when the change seems subtle. However, future data collections may benefit
from maintaining the same adaptive logic for each task type to provide insights if there are unclassified, basic style
tasks with similar adaptations that can extended to the operational environment. In future research, we plan to explore
adapting environments by incorporating realistic adaptations to operational missions (e.g., obstacles moving into the
road) in a style more in line with approach one. For other systems, researchers should be cautious to avoid introducing
adaptation factors that reduce the ability to map operational measures. Measures that fluctuate with the scenario
adaptations are more likely to become covariates, such as road curviness’s impact on average MPH and times off road
observed here.

CONCLUSION

The transition from academic research to practical applications can be challenging due to the noticeable discrepancies
between controlled laboratory experiments and real-world operational settings. Academic studies often investigate
cognitive tasks in simplified environments, lacking the complexity and multi-tasking demands commonly encountered
in various domains (Vine et al., 2021). Additionally, these investigations primarily involve Western, Educated,
Industrialized, Rich, and Democratic (WEIRD) populations (Henrich et al., 2010), which may limit the
generalizability of findings. The present study examines the applicability of a widely-used basic task, the n-back task
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(Kirchner, 1958), to a domain-specific task called the MRACT. This research extends an adaptive training system
approach introduced in 2022 (Rebensky et al., 2022) and further delves into the connection between military and basic
science tasks for evaluating competencies. Both tasks were implemented in a driving research adaptive testbed and
were expected to similarly challenge working memory. The findings of this study reveal similarities between the two
tasks but also points of substantial divergence. Physiological measures and environment measures showed value in
extended from research tasks to more applied tasks. However, many variables were impacted by the tasks designs
themselves. The findings, have implications for developing algorithms, adaptive training systems, and tools in
controlled environments and their applicability to directly support the warfighter. This work contributes to discussions
of developing adaptive algorithms and domain relevant tasks and has implications for practitioners looking to translate
tasks to their operational setting. The discussion provides insights to inform the community on considerations and
lessons learned to traverse the valley of death for technological solutions.
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