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Abstract

Cognitive offloading refers to the usage of physical actions
to reduce the cognitive load of a task. This study investi-
gates cognitive offloading in a multiple object tracking (MOT)
task, in which participants could decide whether they wanted
a computer partner to track targets on their behalf. Depend-
ing on the experimental condition, participants either received
team performance feedback or not. In all conditions, partici-
pants knew that the computer partner would track targets flaw-
lessly. We hypothesized that feedback would change partici-
pants’ metacognitive assessments such that they would maxi-
mize performance (i.e., changing their strategy by offloading
more or all targets to the computer partner). We find that par-
ticipants do offload targets to the computer partner in all condi-
tions. Yet, performance feedback did not increase the extent of
cognitive offloading. While these findings dovetail with previ-
ous findings, future studies are needed to definitively rule out
whether performance feedback has an effect on cognitive of-
floading.

Keywords: cognitive offloading; feedback; multiple object
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Introduction

In today’s digital age, humans are often faced with managing
complex and cognitively demanding tasks. To handle these
challenges, many turn to technological systems designed to
support or even enhance their cognitive abilities. This inter-
action with technology can be understood through the lens of
cognitive offloading, which refers to the usage of physical ac-
tions to reduce the cognitive load of a task (Risko & Gilbert,
2016). As Risko and Gilbert (2016) describe, this process can
be seen as “Putting Cognition Into-The World”. This aligns
with foundational ideas in human-computer interaction re-
search, particularly Don Norman’s (Norman, 2013) principle
of effectively combining “knowledge in the head with knowl-
edge in the world” to optimize cognitive resources. Further-
more, theoretical perspectives on cognitive development and
technological innovation suggest that human cognition oper-
ates in symbiotic interactions with digital agents (Clark &
Chalmers, 1998; Clark & Erickson, 2004; Donald, 1993).
These frameworks help explain how external tools and sys-
tems can complement human cognition by distributing cog-
nitive tasks between the individual and their digital environ-
ment. Cognitive offloading can be exemplified by someone
using a calculator app for math or by someone using a calen-
dar app on their smartphone to note down an appointment.
The integration of highly accurate technological systems

into everyday tasks has raised important questions about how4

and when individuals choose to offload cognitive demands to
them (Risko & Gilbert, 2016). The present behavioral study
focuses on cognitive offloading onto technological systems.
Previous research has already found factors that influence hu-
mans’ cognitive offloading behavior. Key factors associated
with increased cognitive offloading is the perceived accuracy
(Wahn & Schmitz, 2024; Weis & Wiese, 2019, 2022) and
task-fit (Hertz & Wiese, 2019; Wiese, Weis, Bigman, Kap-
saskis, & Gray, 2022) of the digital agent with which individ-
uals perform tasks. Another factor that influences cognitive
offloading behavior is the presence of information about task-
relevant proficiency of the digital agent. A prior study showed
that participants allowed an app to solve a task for them more
often if they were informed about task-related qualities of the
app (Weis & Wiese, 2022). Additionally cognitive offload-
ing behavior differs depending on the performance goals that
are pursued. Weis and Wiese (2019) showed for an object
rotation task, in which one must decide, whether two dif-
ferently rotated stimuli are equal, that participants tend to
rotate the stimuli internally while pursuing a speed perfor-
mance goal while they rotate it more often with an external
knob and a computer screen while pursuing an accuracy per-
formance goal. Another factor that influences whether peo-
ple engage in cognitive offloading is the presence of a bonus
task. This was demonstrated in a prior experimental study
(Wahn & Schmitz, 2024) where participants had to perform
a multiple object tracking (MOT) task (Pylyshyn & Storm,
1988). The MOT task has an established role in exploring the
limitations of attentional processing (Alvarez & Franconeri,
2007a). In the multiple object tracking (MOT) paradigm, par-
ticipants are tasked with monitoring a select group of moving
target objects amidst distractor objects displayed on a screen.
Research has indicated that humans can typically track a fi-
nite number of objects with a high accuracy (Pylyshyn &
Storm, 1988; Pylyshyn, 1989), often up to four (Intriligator
& Cavanagh, 2001), though alternative findings suggest vary-
ing capacities depending on different parameters such as the
speed of object motion (Alvarez & Franconeri, 2007b; Ca-
vanagh & Alvarez, 2005; Feria, 2013). Tracking these objects
is a demanding activity that needs continuous attention over
extended periods (Alnas et al., 2014; Wahn, Ferris, Hairston,
& Konig, 2016). The MOT task has already been employed
to study human-computer collaboration in various contexts,
where participants could delegate some objects to a computer
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partner, which would then track these objects on their behalf
(Wahn & Kingstone, 2020; Wahn, Schmitz, Gerster, & Weiss,
2023; Wahn & Schmitz, 2024). Furthermore, performance in
the MOT task has been shown to predict abilities in simulated
air traffic control tasks (Jarvis, Hoggan, & Temby, 2022),
highlighting its practical relevance and providing a founda-
tion for the current study on cognitive offloading within this
paradigm.

Previous results concerning cognitive offloading in the
MOT task revealed that people engage in cognitive offload-
ing, when possible, distributing mental workload between
themselves and a digital agent to optimize cognitive resources
and to achieve task-related goals (Wahn et al., 2023; Wahn &
Schmitz, 2024), and participants’ tracking accuracy increases
when cognitive offloading is utilized, likely due to a reduction
in individual cognitive effort (Wahn et al., 2023).

As technology — and particularly artificial intelligence —
continues to outperform humans in an increasing number of
tasks, understanding cognitive offloading behavior and the
factors influencing it becomes crucial. This understanding
is key to enhancing effective human-computer collaboration,
especially for those responsible for developing and designing
new digital solutions.

While performing tasks alone, humans can track their per-
formance through self-monitoring mechanisms (Ullsperger,
Fischer, Nigbur, & Endrass, 2014). Similarly, when tasks are
performed in collaboration with either an external tool or an-
other human, individuals can also monitor the performance of
their collaboration partner or tool (Pfister, Weller, & Kunde,
2020; Weis & Kunde, 2024b). During human-computer col-
laboration, monitoring both one’s own performance and that
of the digital agent is crucial for deciding whether to offload
cognitive workload. Prior research has highlighted the key
role that assumptions about performance play in choosing
a cognitive strategy (Gilbert, 2015; Weis & Kunde, 2024a).
Thus, a major factor influencing cognitive offloading may be
immediate feedback of the results after the end of a task,
which could guide future cognitive strategy decisions when
performing the task again, particularly regarding whether to
engage in cognitive offloading or not. Feedback could inform
individuals that their overall performance is better when they
decide to delegate workload to a digital agent than attempt-
ing to perform a task alone. This information could guide
individuals next strategic decisions resulting in a change in
cognitive offloading behavior.

A prior study by Weis and Kunde (2024b) investigated the
role of feedback using an object rotation task. Participants
were asked to determine whether two presented stimuli were
equal as quickly and accurately as possible. To reach their an-
swer, participants could either mentally rotate (internally) the
working stimulus presented on the right side of a computer
screen or physically rotate it (externally) using a computer
keyboard and visual support of the computer screen. They
then compared it to the base stimulus presented on the left
to determine equality or not. For most of the participants,

there was not one optimal strategy that was faster and more
accurate. However, Weis and Kunde (2024b) found that when
participants received feedback either trialwise or after exper-
imental blocks, they chose the more accurate strategy more
often. However, this feedback did not lead to a significant
increase in choosing the faster strategy.

Another study by Grinschgl, Meyerhoff, Schwan, and
Papenmeier (2021) investigated whether fake-performance
feedback in a memory-task influences cognitive offloading
behavior. Its results indicate that metacognitive assumptions
that are present in the strategy selection period during which
individuals decide whether to engage in cognitive offloading
or not (Risko & Gilbert, 2016) are influenced by fake perfor-
mance feedback, however this impact did not lead to a change
in cognitive offloading behavior (Grinschgl et al., 2021).

As of now, it remains unclear whether immediate feed-
back of the actual tasks’ results influences future cognitive
strategy choices, particularly when fully offloading the cog-
nitive load would maximize the performance as seen in the
MOT task with a 100% accurate computer partner (Wahn
et al., 2023; Wahn & Schmitz, 2024). Immediate feedback
could affect participants’ metacognitive assessments, lead-
ing to more performance-maximizing behavior (i.e., offload-
ing the entire task to the computer partner; Grinschgl et al.
(2021); Risko and Gilbert (2016); Weis and Kunde (2024b)).
Consequently, we hypothesize that feedback on the tasks’ re-
sults will increase participants’ cognitive offloading behavior
during human-computer collaboration relative to a condition
when performance feedback is not available.

The outcomes of this hypothesis have significant practi-
cal implications for the design of user interfaces, particu-
larly in fields where collaboration with digital systems can
enhance task performance. By understanding how feed-
back mechanisms influence offloading behavior, designers
can create technological solutions that encourage users to
rely more on digital agents when they outperform human ca-
pabilities. Providing feedback in certain human-computer
environments could lessen individuals’ technology aversion
(Jussupow, Benbasat, & Heinzl, 2020; Wahn et al., 2023).
This could lead to improved efficiency in environments where
cognitive demands are high, such as air traffic control, medi-
cal diagnostics, or complex data analysis.

The hypothesis was tested with a behavioral experiment
in which participants performed a multiple object tracking
(MOT) task both individually and with a 100% accurate com-
puter partner. Participants received feedback on their col-
laborative performance with the computer partner. The data
from this experiment were then compared to data from our
prior study, in which participants completed the same task
without receiving performance feedback after each trial per-
formed with the computer partner (Wahn et al., 2023).
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Materials and methods
Participants

Twenty-six participants took part in the experiment (M =
33.85 years, SD = 14.44 years; 22 females (~85%), 3 males
(~12%), 1 gender-diverse (~4%)). An a priori power anal-
ysis was performed using G*Power (Faul, Erdfelder, Lang,
& Buchner, 2007), determining a total sample size of 52 as
sufficient for a repeated-measures ANOVA with one between-
subjects and one within-subjects factor (o0 = .05,1 - p =.94) to
detect medium-sized effects (Cohen’s f = .25; Cohen (2013)).
This total sample size of 52 for testing our hypothesis was
achieved by combining data from the current experiment with
data from our aforementioned study (Wahn et al. (2023); N =
26, M = 26.85 years, SD = 8.46 years; 18 females (~69%), 8
males (~31%) and no gender-diverse). All participants were
recruited via the university’s experimental participant pool
and provided written informed consent before taking part in
the study. For their participation they were compensated with
experimental tokens, which are required for their degree in
psychology. All participants agreed to the publication of their
data.

Experimental setup and procedure

The same procedure as in our previous study (Wahn et al.,
2023) was employed, with the only difference being the im-
plementation of performance feedback provided after each
trial of the MOT task when performed with a computer part-
ner. Participants were seated at a desk, positioned 90 cm away
from a 24-inch computer screen (1920 x 1080 pixels resolu-
tion, 30 frames per second). The keyboard and mouse were in
proximity so that the participants could operate the computer.

Each session consisted of 75 trials of the MOT task, plus
two training trials for each of the two experimental conditions
(solo, joint). The experiment began with 25 trials in the solo
condition and concluded with 50 trials in the joint condition.
In the joint condition, participants performed the MOT task
with a computer partner, allowing them to delegate targets to
it that were then tracked on their behalf. The fixed order was
chosen because, to make decisions about how much to of-
fload, participants needed to be aware of their own individual
capacity. Specifically, for the MOT task, they had to under-
stand how many targets they could track on their own (Wahn
et al., 2023). To facilitate this, participants first completed the
solo condition, allowing them to assess their individual per-
formance, followed by the joint condition, where they could
then decide whether to reduce their tracking load compared
to the solo condition by delegating targets to the computer
partner.

During each trial (for a trial overview, see Figure 1) partic-
ipants decided how many targets they wanted to attempt to
track. After confirmation, targets were randomly assigned
with a speed of 90 or 120 pixels per second. The targets
moved for 11 seconds and subsequently the objects stopped
moving. Participants were then instructed to click on the tar-
gets they had initially selected. The objective for participants

was to accurately identify as many targets as possible while
avoiding mistakes. Each correctly identified target earned one
point, while each incorrect selection resulted in the loss of one
point. Selecting more targets at the beginning of a trial for the
tracking period than one was sure to safely identify in the tar-
get selection phase at the end of a trial did not lead to minus
points. For example, if one attempted to track six targets in
one trial but only was sure of the position of one of the six
tracked targets after the tracking period, one point for a cor-
rect answer was scored. The trial sequence during the joint
condition was similar to the one during the solo condition.
Before performing the joint condition, participants were told
that they are performing the next 50 trials with a computer
partner which could track targets for them, if they decide to
delegate cognitive load to it. Participants continued to choose
0-6 targets of the highlighted targets at the beginning of each
trial but were informed that the computer partner would track
the rest of the targets for them. They were told that their score
consisted of the correctly identified targets by them (minus
the incorrect selections) and by the computer partner and that
the computer partner tracked targets 100% accurately. After
delegating the workload for each joint trial, participants re-
ceived visual feedback on the allocation of the targets. The
targets that the computer partner would track during the trial
were highlighted in pink. After the tracking period partici-
pants clicked on their tracked targets, marking them yellow
and after confirming their “guesses” for the trial the comput-
ers’ selection was displayed in pink. After pressing the space
bar or clicking the dot in the middle of the screen the collabo-
rative result (performance feedback) for the trial was shown.
Participants mistakenly identifying a distracting target or a
target allocated to the computer partner resulted in a minus
point for the team score. And as for the solo condition par-
ticipants did not receive minus points for attempting to track
more targets than they could identify after the tracking period.
The trial sequences of the solo and joint condition were the
same as the ones in our previous study (Wahn et al., 2023) ex-
cept for the introduction of the performance feedback of the
team score, allowing the investigation of our hypothesis con-
cerning the impact of the performance feedback on cognitive
offloading.

As a point of note, given that using data from two different
studies is not ideal, we want to point out that we ensured that
experimental environments in which the present and our pre-
vious study (Wahn et al., 2023) were carried out are highly
similar. That is, the data for both groups were collected us-
ing the same MOT task software in a comparable experimen-
tal environment (i.e., same monitor size and resolution), with
both participant pools consisting of German university stu-
dents.

Dependent variables

No data from specific trials or participants were excluded
from the analyses. For each participant, mean values were
calculated for the number of targets attempted to track during
both the solo and joint conditions. These values were then
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Figure 1: 1st and 3rd row: Depicts an example trial for the
solo condition. 2nd and 4th row: Depicts an example trial for
the joint condition.

averaged across all participants to obtain the sample mean for
each condition. This process was repeated for the achieved
points in each trial. Additionally, the accuracy for each trial
was calculated by dividing the number of correctly identi-
fied targets by the number of targets participants attempted
to track during that trial. The procedure was carried out sep-
arately for both the solo and joint conditions.

Results

To assess whether the data from the present and our previous
study (Wahn et al., 2023) is comparable, we first compared
the solo conditions with regard to the number of attempted
targets, points scored, and accuracy across experiments. We
reasoned that if experimental environments and samples are
comparable between the present and previous study (Wahn et
al., 2023), then participants should attain similar solo perfor-
mances with regard to all three measures as the solo condi-
tions did not change across studies. Indeed, we found per-
formance to be similar for all three measures. That is, the
number of attempted targets is similar and do not significantly
differ (#(50) = 1.36, p = .180; With feedback: M =3.32, SD =
0.92; Without feedback: M = 3.61, SD = 0.58). The same is
true for the points scores (#(50) = 1.29, p = .204; With feed-
back: M = 2.68, SD = 0.50; Without feedback: M = 2.85, SD
= 0.45) and the accuracy (#(50) = 0.00, p = 1.00; With feed-
back: M = 0.88, SD = 0.10 Without feedback: M = 0.88, SD
=0.06).

To assess whether participants offloaded targets in the joint
condition relative to the solo condition and whether the of-
floading extent would differ across experiments (for a de-
scriptive overview, see Fig. 2), we conducted a 2x2 ANOVA
with the within-subjects factor Condition (solo, joint) and
between-subjects factor Experiment (with feedback, without
feedback). The dependent variable was the number of tar-
gets attempted to track in the beginning of a trial. Before
performing the ANOVA, the assumptions of equal variances
(Levene’s test: F(1, 102) = 0.03, p = .87) and normally dis-
tributed residuals (Shapiro-Wilk test: W =0.99, p =.73) were
confirmed (Bortz & Schuster, 2010; Levene, 1960; Shapiro &

Wilk, 1965). We found a main effect of Condition (F(1,50)
=68.79, p < .001), suggesting that participants offloaded tar-
gets in the joint condition. The main effect of Experiment
(F(1,50) = 1.06, p = .309) and the interaction effect (¥(1,50)
= 0.36, p = .550) were not significant. Given that this in-
teraction effect is central to our hypothesis, we assessed the
evidence in favor of the null hypothesis. For this purpose,
we computed the differences between conditions for each ex-
periment and compared the differences using a Bayes factor.
We found that the null hypothesis is 3.83 more likely for this
comparison, which is considered substantial evidence in favor
of the null hypothesis (Jeffreys, 1998), suggesting that the of-
floading extent does not differ when performance feedback is
available or not.

Prior experiment

Current experiment (Wahn et al., 2023)

&)

IS

|_._|
-

Number of targets attempted to track
w

Solo Joint Solo Joint
Condition Condition

Figure 2: Average number of attempted targets to track for
each condition (Solo vs. Joint), separately for the present
study (with feedback; left panel) and a previous study (with-
out feedback; right panel, Wahn et al. (2023); computer part-
ner). Errors bars show Standard Error of the Mean. Lighter
gray dots and lines are individual participants.

In addition, to test whether immediate feedback would af-
fect the team’s overall performance, we compared the team
scores between experiments and found that they do not sig-
nificantly differ (#(50) = 0.82, p = .412) and are close to the
maximum possible performance, which is 6 (With feedback:
M = 5.84, SD = 0.21; Without feedback: M = 5.78, SD =
0.31).

Discussion

The purpose of this study was to gain a better understanding
of cognitive offloading during human-computer collaboration
(Risko & Gilbert, 2016). We replicated that participants of-
fload cognitive demand to a computer partner to perform a
task more efficiently in line with our previous study (Wahn et
al., 2023). The primary purpose of the study was to determine
whether immediate feedback about the team’s performance
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provided after collaborating with an accurate computer part-
ner would enhance cognitive offloading behavior. This was
done to better understand the conditions under which hu-
mans consult technology to achieve task-related goals. For
the investigation of the effect that immediate performance
feedback might have on cognitive offloading during human-
computer collaboration, the current data were compared with
that of our previous study (Wahn et al., 2023). The two ex-
periments were completely equal except for the feedback of
results provided after each trial that participants performed
with the computer partner. Surprisingly, the results do not
support the hypothesis and no significant effect of immedi-
ate performance feedback on cognitive offloading was found.
Moreover, we found when calculating a Bayes factor, the null
hypothesis is clearly favored. These findings suggest that, in
our study design, immediate performance feedback does not
influence cognitive offloading behavior onto a technological
system.

To explain these results, it is possible that the performance
feedback did not influence participant’s metacognitive as-
sumptions and assessments as well as the performance mon-
itoring (Pfister et al., 2020; Ullsperger et al., 2014; Weis &
Kunde, 2024b) and therefore no effect on strategy selection
could be observed (Risko & Gilbert, 2016). This could mean
that the performance feedback did not remind the participants
of the performance maximizing strategy (offloading more or
all targets to the computer partner). A future study could test
whether a different form of communicating the performance
feedback (i.e., highlighting whether the peak performance is
reached or not) would be more effective to remind partici-
pants of the performance maximizing strategy.

Another potential explanation is that in the current study
we did not create an environment in which the feedbacks’
influence on metacognitive assumptions leads to a mani-
fested change in strategy selection (more cognitive offload-
ing behavior; Risko and Gilbert (2016)). Usually, individu-
als’ strategic decision on whether to rely on internal cogni-
tive resources or to delegate workload to an external tool is
highly related to effort-performance tradeoffs (Cary & Carl-
son, 2001; Gray, Sims, Fu, & Schoelles, 2006; Grinschgl,
Meyerhoff, & Papenmeier, 2020). However, the stakes in
the current experiment were low and they could therefore
affected participants’ strategic decisions (Wahn et al., 2023;
Wahn & Schmitz, 2024). In other words, participants felt no
need to maximize the performance. This is supported by the
fact that only few participants showed performance maximiz-
ing behavior by offloading almost every target to the com-
puter partner and the other participants, potentially to avoid
boredom and keeping cognitively engaged, attempted to track
a handful of targets themselves (Wahn et al., 2023; Wahn &
Schmitz, 2024). Wahn and Schmitz (2024) showed that when
integrating an incentivised bonus task into the MOT paradigm
therefore arguably raising the stakes, participants change their
strategic decision towards a more performance-maximizing
approach (more offloading). In short, in the current experi-

ment participants did not follow a performance-maximizing
approach because the results did not really matter to them.
Therefore, they might have tended to pursue mastery goals
rather than performance goals to potentially train their indi-
vidual cognitive capacities (Dweck, 1986) or to stay engaged
and to not feel bored (Wahn & Schmitz, 2024). Future re-
search could further investigate the relationship between the
perceived meaning of a situation and cognitive offloading be-
havior.

Another reason, why the results do not align with the
predicted effect that immediate performance feedback might
have on cognitive offloading behavior could be the difficulty
of the MOT task in the current experimental design. Par-
ticipants performed the task very accurately overall. So,
from a performance-maximizing perspective it does not mat-
ter whether they track 0, 1, 2 or 3 targets themselves since
they are close to 100% accuracy when attempting to track
up to 3 targets (Intriligator & Cavanagh, 2001). A follow-up
study could on the one hand raise the stakes and on the other
hand the difficulty of the experiment, to create a quasi-real-
life environment in which the potential effect of immediate
performance feedback manifests a change in individual strat-
egy selection (more cognitive offloading, Risko and Gilbert
(2016)). One way to achieve a more difficult MOT task is
to increase the speed of motion of all or some of the targets
while e.g. highlighting the faster targets (Alvarez & Fran-
coneri, 2007b; Cavanagh & Alvarez, 2005; Feria, 2013). In
such a design the impact that immediate performance feed-
back has on individuals’ metacognitive assumptions could
manifest in a significant change in cognitive offloading be-
havior (Grinschgl et al., 2020; Risko & Gilbert, 2016).

In sum, the results of the current study provide clear sup-
port that performance feedback does not influence cogni-
tive offloading behavior in an attentionally demanding task.
These findings dovetail with recent findings in a different
study Grinschgl et al. (2021), showing that performance feed-
back did not lead to a change in cognitive offloading behav-
ior in a memory task. However, it is too early to rule out
the potential of performance feedback for influencing cogni-
tive offloading behavior and future studies could examine this
question by increasing the stakes and/or task difficulty, or by
changing how performance feedback is presented.
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