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1. Introduction

Human—autonomy teaming (HAT) is a large focus in military research, seeking to
determine how autonomy can supplement and improve team performance in a
faster-paced and more complex future operating environment. The Human—
Autonomy Teaming (HAT) Essential Research Program (ERP) in the US Army
Combat Capabilities Development Command Army Research Laboratory is
working to shift autonomous systems from tools to teammates, leveraging the
strengths of humans and autonomy to allow them to perform better together than
either could alone. The HAT ERP supports the Next Generation Combat Vehicle
(NGCV) Army Modernization Priority and Cross-Functional Team to examine
concepts and technologies to support the Manned—Unmanned Teaming (MUM-T)
concept. The HAT ERP’s Information for Mixed Squads laboratory conducts
integrated simulation studies to examine human—autonomy teaming in the NGCV.
This MUM-T Experimental Laboratory Simulation-in-the-Loop enables
researchers to examine various concepts related to teaming and mission success,
providing a testbed to examine new capabilities, such as task-switching, within
military relevant scenarios. The HAT ERP is focused on developing concepts and
technologies that will not only reduce the workload of the Soldier, but will allow
autonomous systems to act as integrated teammates with Soldiers. For example,
autonomy can be leveraged to support the Soldier’s tasking, decision making, and
overall performance.

The NGCV will come with a reduction in the crew-to-asset ratio, where armored
vehicles will now be operated by two people, increasing the number of technologies
and autonomous assets with which Soldiers will be interacting. This decreased ratio
will likely result in Soldiers having to perform multiple tasks or switch between
multiple tasks over the course of a mission. Some factors that could influence the
efficiency with which Soldiers are able to complete tasks in this way are Soldiers’
workload, task difficulty, and the amount and type of preparation they have before
completing a given task.

2. Task-Switching

Task-switching is an executive function that involves shifting attention from one
task to another (Demanet et al. 2011). When an individual switches between two
tasks, whether voluntarily or involuntarily, there is often a switch-cost, or a
decrease in performance as a result of the switch (Arrington and Logan 2004). This
cost is thought to occur because when completing a given task, the rules for that
task are primed to a certain degree such that the rules for a new task would be



inhibited by this priming, affecting performance on the new task in a switch trial.
The classic task-switching paradigm involves a task in which a participant is
presented a letter/number pair, and before each stimulus presentation they are given
a cue, either “Letter” or “Number.” When the cue “Letter” is presented, the
individual’s task is to respond whether the letter in the target stimulus is a consonant
or a vowel, and when the cue is “Number,” the task is to respond whether the target
stimulus is even or odd (Cohen et al. 2008). Participants must use the cue
information (prime) to prepare for the next trial, requiring them to switch between
two sets of rules on a trial-by-trial basis. Switch costs are observed not only when
people are required to complete a task-switch, but also when participants choose to
complete a task-switch (Arrington and Logan 2004).

One main way in which the effects of task-switching are measured is through
switching costs, or the decreases in performance seen following a switch trial
compared with performing a single task (Koch and Allport 2006). Task-switching
costs are assessed through performance decreases, measured through reaction time
and accuracy (Samavatyan and Leth-Steensen 2009). The effects of task-switching
on reaction time are measured by comparing reaction times for task repetitions,
when the previous trial was the same task, with reaction time following task-
switches, when the previous trial was a different task (Arrington and Logan 2004).
A switch cost is said to occur if reaction time to complete a trial after a switch is
longer than a trial in which the same task is repeated. Accuracy in task-switching
is calculated by dividing the number of correct responses by the total number of
responses for trials that do or do not follow a task-switch separately and then
comparing accuracy between the two trial types (Koch and Allport 2006). While
accuracy is often analyzed in task-switching paradigms, it is not focused on as much
as reaction time, as it usually yields smaller effects.

Task-switching has largely been examined in individuals (Koch and Allport 2006;
Cohen et al. 2008; Lin et al. 2017), but research on switching in teams has begun
to expand recently. Task-switching in HAT has assessed how automation can be
leveraged to assist in the completion of military-relevant missions (Squire et al.
2006). Specifically, Squire and colleagues have examined how automation might
be used to assist human operators during high-workload conditions. Research has
focused on determining what levels of automation lead to the smallest switch costs
in two or more tasks (Squire et al. 2006; Squire and Parasuraman 2010). Results
support the concept of flexible automation, where performance was improved when
operators were able to decide when and how to use autonomy compared with
persistent levels of low or high automation.

Various factors might affect the success of task-switching, such as mental
workload, situational awareness (SA), stress, and anxiety (Derakshan et al. 2009;



Squire and Parasuraman 2010; Lin et al. 2017). In one study, participants controlled
a team of robots to defend their own flag and capture their opponent’s under varying
workloads (Squire and Parasuraman 2010). Task load and level of autonomy were
examined to determine how they affected performance when switching between
offense and defense. Results showed that when participants switched between
tactics, switch costs were greater when the robots had high levels of autonomy and
participants took significantly fewer actions (i.e., overall number of commands
given to the robots) in switch compared with repetition trials. Additionally, when
participants controlled a greater number of robots, they won fewer games, had
greater objective and subjective workload, and had longer mission times.

Stress and anxiety have also been shown to affect task-switching (Derakshan et al.
2009; Lin et al. 2017). One study compared how participants with low- or high-
state anxiety performed switching between mathematical tasks of low
(addition/subtraction) and high complexity (multiplication/division; Derakshan et
al. 2009). Results showed that individuals with high levels of anxiety performed
worse when switching between tasks than with repeating a task, whereas people
with low anxiety performed slightly better when switching between tasks.
Additionally, there was a three-way interaction between task complexity, task type,
and state anxiety, where participants with high anxiety were slower on switch trials
than repetition trials when complexity was high. Another study assessed the effects
of acute stress on task-switching in a task in which participants had to switch
between two sets of rules to describe a stimulus (Lin et al. 2017). Results showed
that response times were faster following a task-switch when participants were
stressed than when stress was not induced.

In addition to state effects (e.g., workload, anxiety, and stress) on task-switching,
there are also task manipulations that can affect task-switching; specifically, we
discuss advanced preparation (Meiran and Daichman 2005). Advanced preparation
is a cue presented to participants in advance of a subsequent trial, which either
provides information on rules of the next trial or whether it will be a switch or
repetition trial (Meiran and Daichman 2005; Gruber et al. 2006; Karayanidis et al.
2010). Several studies have shown that switch costs can be greatly reduced by
giving participants time to prepare for a task-switch (Meiran and Daichman 2005;
Gruber et al. 2006; Karayanidis et al. 2010). While the exact mechanisms behind
this improved performance are a matter of debate, the benefits of advanced
preparation have been demonstrated across several different task-switching
paradigms (Gruber et al. 2006).



3. Method

3.1 Participants

Twenty-one people were recruited from the DEVCOM Army Research Laboratory
and Ground Vehicle System Center. During the recruitment process, participants
completed the Motion Sickness Simulator Questionnaire (MSSQ) to screen for high
susceptibility to motion sickness; people who were highly susceptible were not
asked to participate in the study. Participants also provided details of their computer
specifications in advance, as this study was conducted online at home and certain
specifications were required for seamless streaming of the experiment. One
participant was excluded from the study due to motion sickness susceptibility, and
no one for computer specifications, resulting in 20 participants who took part in the
study.

3.2 Stimuli

The main task in this study was developed and run in Unreal Engine 4
(https://www.unrealengine.com/en-US/). The simulated environment for this study
was a 5- x 5-km region that contained both rural and urban areas, similar to what
might be found in an Eastern European country. Two types of stimuli were used in
the study. First, Unreal Tank and a van asset were placed throughout the
environment and used as targets and foils (more detail follows on this gunning
task). The second type of stimuli used in this study were images of different Unreal
ground assets in the environment (e.g., vans, technical trucks, and tanks; more detail
follows). A full list of assets can be found in Appendix A. Figures 1 and 2 show the
interfaces participants used for the classification and gunning tasks, respectively.

-

Fig.1  Interface for the classification task



Fig.2  Interface for the gunning task

Over the course of the study, participants completed several questionnaires.
Motion Sickness Questionnaire

The Short form (MSSQ-Short; Golding 2006) is designed to determine how
susceptible a person is to motion sickness. Here, sickness means feeling queasy,
nauseated, or becoming physically ill. Because a 180° simulator can cause mild
motion or simulation sickness in people who score in the 76th percentile of the
MSSQ-Short, participants who had a score of 19 (75th percentile) or higher were
thanked for their interest but not scheduled for participation. The MSSQ-Short was
used in the present study, which has age and sex demographic information
questions removed from the MSSQ. This questionnaire was only used to determine
the eligibility of people interested in participating, and results were not used for any
additional analyses.

Computer Specifications

The Computer Specifications questionnaire asked five questions about the
specifications for the computer on which they intended to run this experiment from
their home. This included questions about what central processing unit their
computer used, how much RAM the computer had, and how much hard-drive space
was left on the computer. Like the MSSQ-Short, this was only used to determine
eligibility for participation. Everyone who was recruited met the requirements for
the computer specifications.



Subjective Workload Questionnaire

The Subjective Workload questionnaire was designed to assess participants’
subjective workload experienced during the experiment. Specifically, this
questionnaire assessed workload experienced during the two tasks (gunning and
classification) that participants completed, rating their workload on a seven-point
Likert scale. This asked about workload in each specific task, for switches into each
task type, and for task-switching overall. This questionnaire was given to
participants immediately following the main task.

NASA-Task Load Index (TLX) Short

NASA-TLX Short is a questionnaire in which people self-report their perceived
workload demands on six subscales: mental demand, physical demand, temporal
demand, performance, effort, and frustration (Hart and Staveland 1988). The short
version of the NASA-TLX only consists of the first section, where six items are
used to gather an unweighted score for each subscale. For each subscale factor,
participants responded on a scale ranging from 0 (Low) to 100 (High) in five-point
increments, and all of the subscales were averaged to make up an overall workload
score. This questionnaire was given to participants right after the Subjective
Workload Questionnaire and again after the workload manipulation check.

In addition to the questionnaires, a short inventory of gaming experience was
administered to evaluate participants’ video game preferences and play
characteristics.

3.3 Procedure

During the recruitment process, each potential participant was emailed the MSSQ-
Short and the Computer Specification Questionnaire for prescreening. If a
participant was susceptible to motion sickness or their computer did not meet the
minimum required specifications to run the experiment, they were thanked for their
interest but not scheduled to participate. Once the prescreening was complete,
participants who were eligible to participate were sent a link to the main task, which
was hosted on Amazon’s Appstream Server. Participants completed the study in
their homes using their own computer and mouse at a time that was convenient to
them.

Once participants clicked on the link to begin the experiment, they read instructions
on how to complete each task and completed 10 practice trials of each task type.
Once training was complete, participants completed two blocks of trials, 100 trials
each, with a forced break between blocks. Of the 200 total trials, 80 were switch
trials and 120 were repetition trials. That is, after 80 trials, participants switched



from the task they were completing to a new task (e.g., from task A to task B), and
after 120 trials, participants continued the same task they were completing (e.g.,
from task A to task A). Due to the nature of one of the tasks (gunning) in which the
sequence of trials was linear throughout the study, regardless of the number of trials
of the other task (classification) that occurred between trials of the gunning task, it
was not feasible to randomize trials in this study. There were two tasks in this study,
gunning and classification, and each had high- and low-workload conditions.

In this experiment, participants played the role of a gunner in an NGCV Robotic
Combat Vehicle. The vehicle was “driven” by someone else and moved through
the environment without any guidance from the participant. Participants completed
two tasks within this gunner role. The primary task was gunning, in which
participants were to shoot all enemy tanks (targets) and not shoot civilian vans
(foils) that they saw. Approximately 30% of all assets presented were foils, and
70% were targets. The computer mouse was used to aim, and firing was done using
the left mouse key. In the low-workload condition, participants saw 6 assets over
the course of a trial, and in the high-workload condition, they saw 12 assets over
the course of a trial. Each gunning trial lasted for 25 s.

The second task was classification, in which participants were presented with a list
containing a number of ground-based objects that they had to classify as either a
threat (e.g., a tank) or a non-threat (e.g., a sedan). Participants classified each image
by using a left mouse click to categorize it as either a “Threat” or “Non-threat”
using one of two buttons next to each image. Up to four images were displayed in
the list at any given time. When there were more than four images to be classified,
a queue was shown to the right of the threat/non-threat buttons, and these images
filled the four image slots as soon as a given image was classified and a slot open.
Workload in classification trials was manipulated through the number of images
presented for classification throughout a trial, including in the queue, as well as the
rate at which new images were added. In low-workload trials, participants were
initially presented with four images, and four new images were added every 4 s for
a total of 24 images per trial. In the high-workload condition, participants were
initially presented with six images, and an additional six images were added every
3 s for a total of 42 images per trial. Each classification trial lasted for 20 s.

To examine how varying levels of advanced preparation might affect task-
switching in this study, participants were provided with advanced notice in trials
before a switch took place. Advanced preparation was presented to participants as
an alert bar across the top of the screen, telling them that they would soon be
switching to the alternative task (i.e., “You will be switching to gunning soon’). To
assess the optimal length of advanced preparation, five levels were used:
200 ms and 2, 4, 7, and 10 s. Advanced preparation was presented during each trial



that preceded a task-switch; there was no inter-trial interval. Each value of
advanced preparation was presented an equal number of times over the course of
the experiment for each task. Participants were not told how much time they had
before the switch occurred.

After participants completed the main task, they were asked to complete a set of
questionnaires. Participants were first presented with the Subjective Workload
Questionnaire and the NASA-TLX Short, asking about the two tasks they had just
completed. A workload manipulation check was given next in which participants
completed 20 trials across four blocks, with each block of 5 trials corresponding to
the four different trial types in the main tasks: Gunning High Workload, Gunning
Low Workload, Classification High Workload, and Classification Low Workload.
At the end of each block, participants were given a single question asking them to
rate their subjective workload for those five trials on a seven-point Likert scale. The
experimental session lasted approximately 1 h and 45 min.

Several predictions were made about the results of the study. First, we hypothesized
that reaction times for switch trials (trials preceded by a different task type) would
be slower than reaction times for repetition trials (trials preceded by the same task
type), as has been seen in previous studies (Arrington and Logan 2004; Meiran and
Daichman 2005). Second, we hypothesized that accuracy for switch trials would be
lower than accuracy for repetition trials, a switch cost seen previously (Logan 2003;
Monsell 2003). Third, we hypothesized that performance in low-workload trials
would be better (i.e., faster reaction times and higher accuracy) than performance
in high-workload trials. Previous research has shown that performance decreases
when in high-workload conditions compared with low-workload conditions (Squire
and Parasuraman 2010). We hypothesized that as the length of advanced
preparation increased, response times to the first stimulus in the new trial would
increase in a logarithmic pattern. It was expected that there is an optimal amount of
time that an individual needs to prepare for a task-switch, where too much or too
little time compared with this optimal time would result in worse performance.

4. Results

4.1 Data Preparation

To prepare data for analysis, reaction times had to be filtered. For the gunning task,
reaction time was calculated from one of three start times: 1) the trial start, 2) the
time that a participant first saw a stimulus (line of sight [LOS]), or 3) the timestamp
of the response to the previous stimulus. In most cases, reaction time was calculated
by taking the timestamp for the response minus either the LOS timestamp for that



asset or the timestamp of the previous response, whichever was more recent.
Because repetition trials had a seamless transition in the environment, a subset of
trials began in which a stimulus was in LOS before the previous trial ended and the
trial in which a response was required. Thus, in these cases, when a participant
responded to a stimulus before the start of the correct trial for that stimulus,
responses were removed from further analyses. When participants responded to a
stimulus in the correct trial but gained LOS in the previous trial, reaction time was
calculated based on initial LOS rather than trial start time. In total, 8090 responses
were removed after applying these exclusions, resulting in a total of 22,570
responses analyzed within these criteria. For the classification task, reaction time
was calculated from stimulus onset, or when a target image first appeared in the
image list.

Next, responses were filtered out for each task. In both tasks, responses faster than
100 ms were not recorded, so any response below this cut-off was removed.
Average response times and standard deviations were then analyzed for gunning
and classification separately, and all responses three standard deviations above or
below the average were removed for each task. Thus, in the gunning task, any
reaction time longer than 11 s was removed, and for the classification task, any
response longer than 6 s was removed.

Response accuracy was coded as either a correct response (i.e., hits and correct
rejections in gunning) or an incorrect response (i.e., misses and false alarms in
gunning).

4.2 Workload Analyses

To evaluate the effectiveness of the workload manipulation, we analyzed responses
to the Subjective Workload Questionnaire and the workload manipulation check.
Data from the NASA-TLX short is not discussed in this report. We ran paired-
samples t-tests on responses to the Subjective Workload Questionnaire to compare
ratings of overall workload in the gunning task with the classification task and to
compare switches to gunning with switches to classification. Results showed that
there was no significant difference between ratings of perceived workload between
the gunning task (M = 3.95, SE = 0.387) and the classification task [M = 3.35,
standard error (SE) = 0.302; #19) = 1.878, p = 0.076], and none between switches
to the gunning task (M = 3.05, SE = 0.32) and switches to the classification task [M
= 2.85, SE =0.244; 1(19) = —-0.89, p = 0.385; Fig. 3].
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Two paired-samples t-tests were conducted to examine workload ratings in
response to the manipulation check blocks completed after the main task. Figure 4
shows the mean ratings of perceived workload for the low- and high-workload
conditions for each task. For the gunning task, results showed that ratings of
perceived workload for the low-workload condition (M = 3.1, SE = 0.24) were
significantly lower than the high-workload condition [M =4.35, SE = 0.31; #19) =
—5.225, p <0.001]. The same was seen for the classification task, where perceived
workload in the low-workload condition (M = 3.4, SE = 0.311) was rated
significantly lower than in the high-workload condition [M = 4.32, SE = 0.316;
#(19) =-3.923, p <0.001].
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Fig.4  Mean ratings of subjective workload for classification and gunning tasks at each
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To evaluate the effects of workload on performance, we conducted a series of
mixed effects models using the “lme4” package (Bates et al. 2015), with p-values
computed using the “ImerTest” package (Kuznetsova et al. 2017), in R version
4.1.0 (R Core Team 2020). To test whether performance varied across levels of
workload (low vs. high), we ran the following model:

Yij = Yoo + Yo1 Workload) + u,,

where Yj; represents response to stimulus i for person j (in terms of either Reaction
Time or Accuracy), Yoo represents the expected value of the outcome for low-
workload trials, y,; represents the expected effect of changing from a low-
workload trial to a high-workload trial, and u,; allows individual intercepts to vary.
For reaction times, we included responses within each trial; however, we averaged
across accuracy responses within each trial to ease interpretation (that is,
coefficients represent the changes in proportion of correct responses) and
circumvent issues with estimating binary response outcomes with a logistic model.
In the gunning task, results showed that reaction time was significantly faster in the
low-workload condition (M = 3.55, 95% confidence interval [CI; 3.20, 3.91]) than
the high-workload condition [M = 3.72, 95% CI (3.24, 4.19); «(8951) =2.737,p =
0.006; Fig. 5]. In contrast, accuracy was significantly lower in the low-workload
(M =0.83,95% CI[0.82, 0.85]) than the high-workload condition [M = 0.86, 95%
CI(0.83,0.88); #(1968) =3.097, p = 0.002; Fig. 6]. In the classification task, results
showed that reaction time was significantly faster in the low-workload condition
(M =2.037,95% CI [1.83, 2.24]) than in the high-workload condition [M = 2.367,
95% CI (2.15, 2.59); 1(42440) = 34.8, p < 0.001; Fig. 5]. There was no difference
in accuracy between the low-workload condition (M = 0.98, 95% CI [0.95, 1.0])
and the high-workload condition [M = 0.98, 95% CI (0.946, 1.0); #(1961) =—0.538,
p =0.591; Fig. 6].
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4.3 Task-Switching Analyses

To test whether reaction time and accuracy differed between switch and repetition
trials, we averaged across participants’ initial responses within a trial, separately
for repetition and switch trials, and conducted paired-samples #-tests. In the gunning
task, results showed that reaction time was significantly faster in trials following a
switch (M = 1.62) than those following a repetition [M = 1.99, Mean Diff = 0.368;
#(19) =3.189, p = 0.005, 95% CI (0.126, 0.609); Fig. 7]. There was no difference
in accuracy between trials following a switch (M = 0.984) and a repetition
[M = 0.977; Mean Diff = —0.006, #(19) = -0.729, p = 0.474, 95% CI
(-0.025, 0.012); Fig. 8]. In the classification task, reaction time was significantly
slower in trials following a switch (M = 1.31) than in those following a repetition
[M = 1.12, Mean Diff = -0.19; #(19) = -3.817, p = 0.001, 95% CI (-0.29, —0.09);
Fig. 7]. Conversely, accuracy was significantly higher in trials following a switch
(M = 0.985) than in those following a repetition [M = 0.929; Mean Diff = —0.056,
#(19) =-4.7652, p < 0.001, 95% CI (-0.08, —0.03); Fig. 8].
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Fig. 7  Mean reaction time (seconds) at each level of task type. Error bars represent =1 SE
of the mean.
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4.4 Advanced Preparation Analyses

To test whether reaction times differed across levels of advanced preparation ahead
of a task-switch, we ran the following model:

Yij = Yoo + Y01(AP2s) + V02(APss) + vo3(AP;s) + V04 (AP1gs) + Uy

where
« Y represents the response to the first stimulus in trial i (whether reaction
time or accuracy) for person

e Yoo represents the expected value of the outcome when participants were
notified 0.2s prior to switching tasks

« Yo1 represents the expected difference between 2s and 0.2s of preparation
time

« Yo represents the expected difference between 4s and 0.2s of preparation
time

« Yoz represents the expected difference between 7s and 0.2s of preparation
time

e Yo4 represents the expected difference between 10s and 0.2s of preparation
time

«  U,j allows individual intercepts to vary
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As with workload analyses, accuracy on initial trial responses were averaged across
trials separately for each advanced preparation time and each task, thus making this
analysis akin to a single-level repeated measures analysis of variance. Tables 1 and
2 show the results of the mixed-effects model for the gunning and the classification
tasks, respectively, at each level of advanced preparation. Results show that there
were no differences in the effects of the different levels of advanced preparation on
performance following a task-switch in either the gunning (p’s > 0.293) or the
classification task (p’s > 0.245).

Table 1 Mixed-effects model summaries for the gunning task at each level of advanced
preparation

Advanced Meztn . o
reparation reaction SEM df t sig 95% CI
P time
0.2 1.57 0.21 [1.17,1.98]
2 1.84 0.21 365.22 1.28 0.202 [1.03,2.65]
4 1.44 0.23 364.19 -0.56  0.576 [0.59, 2.30]
7 1.37 0.21 363.15 -0.96  0.339 [0.55,2.19]
10 1.85 0.28 362.40 1.27 0.205 [1.02,2.70]
Mean
Advanced .
preparation acc(t:/z;lcy SEM df t sig 95% CI
0.2 0.98 0.012 75.99 [0.958, 1.0]
2 0.99 0.017 75.99 0.578  0.565 [0.949, 1.02]
4 0.98 0.002 75.99 0.096  0.924 [0.95,1.02]
7 0.99 0.018 75.99 1.06 0.293  [0.949, 1.02]
10 0.98 0.017 75.99 —0.241 0.81 [0.94,0.999]

Notes: SEM = standard error of the mean; df = degrees of freedom; t = t-score; sig = significance value
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Table 2 Mixed-effects model summaries for the classification task at each level of
advanced preparation

Advanced Mean reaction

. . SEM df t sig 95% CI
preparation time
0.2 1.30 0.07 [1.16, 1.45]
2 1.30 0.04 756.10 0.01 0.99 [1.22,1.378]
4 1.33 0.04 756.10 0.67 0.50 [1.28,1.43]
7 1.30 0.04 756.10 -0.15 0.88 [1.21, 1.37]
10 1.27 0.04 756.10 -0.91 0.36 [1.15,1.31]
Advanced Mean SEM df t sig 95% CI
preparation  accuracy (%)
0.2 0.98 0.01 [0.957, 1.0]
2 0.99 0.01 76 0.651 0.517 [0.96, 1.0]
4 0.98 0.001 76 0.046 0.963 [0.96, 1.0]
7 0.99 0.01 76 1.171 0.245 [0.961, 1.0]
10 0.98 0.01 76 0.0 1.0 [0.959, 1.0]

5. Discussion and Conclusion

In this study, we investigated the effects of workload and advanced preparation on
task-switching in a high-fidelity, military-relevant simulation. There were three
main predictions in this study: 1) performance would be worse following a task-
switch than a task repetition, 2) performance would be better when workload was
low than when it was high, and 3) as the length of advanced preparation increased,
performance after a task-switch would improve in a logarithmic pattern.

As hypothesized, a task-switching cost was seen in reaction time in the
classification task, with a slower reaction time in trials following a switch than
following a repetition. Accuracy in the gunning task did not show this same effect:
There was no difference between switch and repetition trials due to accuracy being
near ceiling. This ceiling effect may be partially due to stimulus presentation as an
asset was always in view immediately following a switch to the gunning task,
forcing participants to immediately orient to and respond in the new task. However,
because this first asset could have been either a target or a foil, high accuracy
suggests that participants did not simply fire at the first asset they saw in the
gunning task, so we do not think that this is the cause of accuracy being at ceiling.

Contrary to our hypothesis, switch gains were seen in both gunning reaction time
and classification accuracy. Switch gains have been shown previously, where
performance was better following a switch than a repetition in participants with low
anxiety and when switch trials were cued (Derakshan et al. 2009). Trends toward a
switch gain have been seen in some studies (Meiran 2000; Brass et al. 2003; Meiran
and Daichman 2005), and other studies have eliminated but not reversed a switch
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cost (Gruber et al. 2006). The amount of gaming experience a person has could also
lead to switch gain, as previous literature has shown that gamers often show switch
gains rather than switch costs (Colzato 2010; Strobach et al. 2012; Pallavicini et al.
2018; Steyvers et al. 2019). The present study, however, did not show enough
variability in participant gaming experience to assess whether it may have affected
task-switching performance and contributed to the switch gain. Asset placement in
the gunning task may also have affected the switch gain that was seen with reaction
time. That is, following the task-switch, there was always a target or foil in view,
whereas in repetition trials, timing of and distance to the first asset when LOS was
achieved was variable. While it is not clear how or if this confound of asset
placement may have affected response time between switch and repetition trials,
future studies should examine this possibility. When considering the switch gain
seen in accuracy in the classification task, one possible explanation for worse
accuracy in repetition trials may be the transition between repetition trials. When
one classification trial ended and a new one began, any images that had not been
classified were cleared from the screen and replaced with images for the new trial.
To avoid inaccurate responses due to a trial change, any response in the first
100 ms of a trial were considered noise and not analyzed. However, any accidental
responses to a previous trial that occurred more than 100 ms into the new trial were
recorded as a response and therefore could have lowered accuracy for repetition
trials. Results support this idea, as the average initial response accuracy for
responses 200 ms or faster was 58.9%, whereas average accuracy for initial reaction
times slower than 200 ms was at 97%.

As hypothesized, reaction time was faster in the low-workload condition than in the
high-workload condition for both the gunning and classification tasks. This lower
performance seen with higher workload has been seen in previous literature (Squire
et al. 2006; Squire and Parasuraman 2010). The workload manipulation check
showed that participants reported the high-workload condition to be more taxing
than the low-workload condition, consistent with the slower response time when
workload was higher. There was no difference between the workload conditions
seen through accuracy in the classification task, but in the gunning task, accuracy
was higher in the high-workload condition than in the low-workload condition. One
possible explanation for this reverse effect is that participants may have prioritized
accuracy over speed in this task. This effect is known as a speed—accuracy trade-
off, where the two metrics are negatively correlated with one another (Samavatyan
and Leth-Steensen 2009). To assess whether this effect was present in the high-
workload condition of the gunning task, a mixed effects model was run where
accuracy was evaluated using reaction time as a predictor and allowed individual
intercepts to vary. Results showed a speed—accuracy trade-off in this condition
(b=10.092, SE =0.036, Log Odds = 0.09, z =2.579, p = 0.0099); that is, for every
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1-s increase in reaction time, there was a 9% increase in the likelihood of the
response being accurate. This result supports the idea that a speed—accuracy trade-
off may have led to the switch gain, seen through higher accuracy in the high-
workload conditions than the low-workload condition in the gunning task.

The hypothesis about advanced preparation was not supported, as no significant
performance differences were found between the different levels of advanced
preparation when switching into the gunning or classification tasks. One difference
between this study and traditional task-switching studies is how advanced
preparation was presented. Specifically, more-traditional task-switching studies
provide advanced preparation in the form of cue-target-intervals (CTIs; Gruber et
al. 2006; Karayanidis et al. 2010), which are intervals between different trial types
during which the preparation cue is presented sometimes along with an additional
interval of time (Meiran 1996; Gruber et al. 2006). In traditional task-switching
paradigms, these intervals are normally up to 2 s long (Meiran 1996; Gruber et al.
2006; Kalanthroff and Henik 2014). Conversely, in the present study, the advanced
preparation cue was presented to participants during each trial that preceded a
switch, and a new trial began immediately following the switch with no interval
between trials. Additionally, the current study examined advanced preparation
times that ranged from 200 ms to 10 s, with most of the preparation times being
longer than those in traditional task-switching paradigms. There are multiple
possible reasons why no significant difference was found between these levels of
advanced preparation. One possible reason is that participants had to prepare for
the next task while simultaneously completing the current task. This could have
made preparing for the next task, which involves priming the correct/next task and
inhibiting the incorrect/current task, more difficult. However, it is not realistic for
a Soldier to stop one task and do nothing for a period of time so that priming can
occur in isolation, so even if this was a factor in the present study, adding a CTI is
not realistic. A second possible factor is the advanced preparation levels assessed
in this study. It is possible that the ideal amount of time to prepare for a task-switch
between complex tasks in high-fidelity simulations is outside of the range tested
here. However, because we tested a range of nearly 10 s between our shortest and
longest advanced preparation times, it is unlikely that timing of this preparation was
an issue.

More research should be conducted to further examine the effects of task-switching
in high-fidelity, military-relevant simulations. Specifically, different tasks and
situations that are common in military settings should be evaluated to determine
what tasks may be affected by a task-switch and if there are tasks for which
switching would result in a switch cost. The current study only examined task-
switching between two tasks that are part of the role of a gunner of a Robotic
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Combat Vehicle. These tasks may not have been different enough to show a task-
switch cost because they were part of the same role and did not capture many of the
persistent cognitive tasks that would be carried out by vehicle operators as they
switch between tasks (e.g., communication with crew and maintenance of SA).
Soldiers often perform more than two tasks within a role, and sometimes more than
one role, so more-complex task-switches should be examined in the future. In the
NGCV, there will be fewer crewmembers to operate and manage a greater number
of technologies and intelligent agents, which will lead to increases in Soldier
workload. This study also did not examine significant changes in perspective that
may be expected for operators switching between tasks in physically distributed
vehicles and which could induce greater workload, switch costs, and demonstrate
larger effects of advanced preparation methods. Future research should also further
examine advanced preparation to better understand how it is used to prepare for a
task-switch.

It is possible that other methods or manipulations of advanced preparation in similar
complex, military-relevant scenarios could lead to different results. For example,
the current study only alerted participants that a task-switch was pending but did
not provide the length of time before a switch; therefore, providing participants
with the time before a switch occurs may allow for better preparation. Additional
factors related to Soldier state or other internal factors may also affect performance
in task-switching and should therefore be examined in these more-complex
paradigms. Stress (Lin et al. 2017), heart-rate variability (Colzato et al. 2018), and
cognitive flexibility (Koch et al. 2018) have all been shown to be related to task-
switching performance, so future research should better understand how these
factors may relate to Soldier task-switching. As more technologies and intelligent
agents are used in the military, understanding how Soldiers switch between tasks
will become increasingly important.
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Appendix A. List of Assets Used in the Classification Task
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Threat Assets:

Infantry Fighting Vehicle
Large Tank

Manned Combat Vehicle
Robotic Combat Vehicle
Rocket Truck

Gun Truck

Small Tank
Non-Threat Assets:
Barricade

Dumpster

Gas Pump

Log Pile

Oil Drum

Rock

Sandbag Wall

Sedan

Destroyed Sedan

Stack of Crates

Pile of Tires

Tractor

Destroyed Truck

Utility Trailer

Van

Destroyed Van

Water Pump
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List of Symbols, Abbreviations, and Acronyms

CI
CTI
DEVCOM
df

ERP

HAT

LOS

MSSQ
MUM-T
NASA-TLX
NGCV
RAM

SA

SE

SEM

sig

confidence interval

cue-target-interval

US Army Combat Capabilities Development Command
degrees of freedom

Essential Research Program

Human—Autonomy Teaming

line of sight

Motion Sickness Simulator Questionnaire
Manned—Unmanned Teaming

National Air and Space Administration — Task Load Index
Next Generation Combat Vehicle

random access memory

situational awareness

standard error

standard error of the mean

significance value

t-score
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