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Appropriate user reliance on artificial intelligence (Al) is fundamental to achieving synergistic human-AI collaboration; however,
human users frequently struggle with reliance calibration. In this paper, we conduct a statistical analysis to explore how Al performance
affects users’ reliance across trials and build machine learning models for earlier prediction of user reliance. Our results show that AI
performance has varying effects on different proxies of user reliance, suggesting that nuanced differences exist between task-based
(human-AT agreement), gaze-based (gaze duration on an Al suggestion), and perception-based (perceived reliance) proxies of reliance.
Moreover, we model gaze behavior, task behavior, and user demographics for reliance prediction at various points in time before the
final human-AI team decision; our models demonstrate reliable estimation of the task- and gaze-based user reliance on Al halfway
through the task while also achieving generalizability for new users. Our work indicates the possibility of real-time human-AI reliance

assessment to facilitate adaptive reliance calibration.
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1 MOTIVATION AND BACKGROUND

Proper reliance calibration is hard for users in human-Al teaming. Artificial intelligence (AI) systems are increasingly
being developed to assist humans in image analysis tasks such as pothole detection [17, 24] and diagnostic radiology [11-
13], colonoscopy [31], and dermatology [8, 15]. The goal of human-AI teamwork is to enhance the human performance
of such tasks, as humans and Al are presumed to have areas of complementarity in decision-making [8, 28]. Therefore,
successful human-AlI collaboration requires users to know when and how much to rely on themselves as opposed to the

Al assistant [22, 23, 37], given both human decisions and Al predictions are not and will never be perfect. However, this
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imposes significant challenges for users to calibrate their reliance as they tend to lack awareness of both their and AI's
capabilities [23, 26].

Prior work has identified several approaches to facilitating users in determining how much to rely on an Al
suggestion. Commonly practiced techniques include presenting the model uncertainty on the prediction (i.e., the
model’s uncalibrated/calibrated softmax output [30, 34, 37]) or local explanations for the prediction [3, 18, 20, 21].
Presentation of other model information, such as global explanations [27], model performance information [30, 36],
and model error boundary [2], has been experimented with in hopes of helping users build better mental models of
Al capabilities. Simple cognitive forcing functions (i.e., delaying the display of Al recommendations [23, 25] or only
presenting Al suggestions upon request [5]) have also been explored to help directly reduce inappropriate user reliance
on Al recommendations. Applications of these existing reliance calibration supports are often rigid and do not account
for users’ individual differences and changes in user status over time. This is because retrospective quantifications of
user reliance limit existing approaches. Common metrics of user reliance on Al (i.e., human-Al agreement [20, 22, 33],
adoption of Al recommendation [19, 33, 36], and self-reported perceived reliance [19, 32, 33]) require user input and
thus are typically only collected after the final human-AI team decision is made. Thus, these reliance measures can only
inform the implementation of interventions for future collaborations and not the current collaboration [24].

Contrastingly, eye gaze tracking provides objective and quantitative evidence of users’ visual and attentional
processes, allowing us to gain insights into user decision-making processes and intentions without interrupting the
user workflow to ask for their input [7, 9]. Prior work has discovered a strong positive correlation between user gaze
duration on an Al suggestion (a gaze-based measure of reliance) and human-AI agreement (a task-based measure of
reliance), as well as perceived reliance (a perception-based measure of reliance) [6]. This relationship between eye gaze
and user reliance opens the opportunity for real-time assessment of Al reliance via gaze monitoring. Furthermore,
prior work in human-computer interaction has explored the use of gaze tracking as an input source to estimate user
status and intention and additionally to adapt user interfaces based on user behavior [10]; our ultimate goal is to use
gaze tracking as an input source to estimate user reliance on an Al's suggestions in real-time and adaptively adjust the
choice of reliance calibration support strategy based on this estimation.

Using data collected in prior work [6] through a user study contextualized in a spatial reasoning task, we conducted
analyses to understand 1) how an AT’s performance shapes user reliance across trials; 2) the differences between task-,
gaze-, and perception-based characterizations of user reliance on Al; and 3) the possibility of assessing user reliance on
an Al before a final human-AI team decision is made. Our analyses revealed that 1) the effect of Al performance on user
reliance differed across users and different proxy measures of reliance; 2) nuanced differences exist between task-based
(human-AI agreement), gaze-based (gaze duration on Al), and perception-based (user perception) measures of reliance;
and 3) task- and gaze-based reliance measures can be predicted reliably as early as halfway through the total task time.
Our findings indicate the potential for real-time assessment of human-AlI reliance, which in turn can help inform the

selection of interventions to facilitate user reliance calibration.

2 DATA

Data were obtained from a previous user study with Al performance as a between-subjects factor. The data contained
participants’ task behavior and recordings of their eye gaze during the experiment, collected via the Gazepoint GP3
remote eye tracker (60 Hz). 347 trials from 35 participants were used in the analysis below (10 trials from each participant,
excluding the corrupted gaze data present in three trials from two participants). Among the 35 participants, 14 were

assigned to a high-performance Al 10 to a medium-performance Al, and 11 to a low-performance Al Participants
2
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Al suggestion Give the top view Your Response

l

i e

Beginning of the Task °
Adopt Al Suggestion Reset Your Response

Al Suggestion Give the top view Your Response

Al Suggestion Appears Halfway °
(in terms of task progress)
Through the Task d
(user filled four squares)

Adopt Al Suggestion Reset Your Response

Al Suggestion Give the top view Your Response

End of the Task

Adopt Al Suggestion Reset Your Response

Fig. 1. Overview of the experimental task. The Al suggestion appears when the user is about halfway through the task in terms of
task progress. Three screenshots from three phases of the task are shown overlaid with their associated real-time eye gaze denoted in
green. Each green circle shows the location of gaze fixation; the circle’s size represents the length of the fixation at that location. This
figure is reproduced from prior work [6].

(16 female, 19 male) were recruited through convenience sampling from the local community and randomly assigned
to a particular Al accuracy level by the system; neither the participant nor the experimenter was made aware of the
accuracy level of the Al. More details on the participants and an in-detail description of the data collection procedure

can be found in the original study from which these data were obtained [6].

2.1 Task Description

Participants collaborated with an Al on a visuospatial task in which they are asked to apprehend the top or bottom
view of a three-dimensional block structure based on a two-dimensional image slice taken from a side view (see Figure
1 for a sample task trial). Task difficulty varied across trials; each participant completed five trials providing the top
view of the structure (easier; one degree of mental rotation needed) and five trials providing the bottom view of the

structure (harder; two degrees of mental rotation needed). The order in which the trials appeared was randomized.

2.2 Al Recommendation Generation

Al performance was manipulated manually via the accuracy of its recommendations. The high-performance Al
had 100.00% accuracy in all its recommendations; the medium-performance Al had 93.75% accuracy in 40% of its
recommendations and 100.00% accuracy in the remaining 60% of its recommendations; and the low-performance Al
had between 31.25% and 75% accuracy in all its recommendations (averaging 49.38% accuracy overall).

3
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An Al suggestion was shown to the user after they entered a response for four different squares on the user response
grid, regardless of the correctness (color and location) of the squares they selected. As the correct answer for the task
always contained nine squares, four squares corresponded to the halfway point in completing the task. (Note that the
first block in the top-right corner was always provided; see Figure 1 for an example.) Participants were not told how

many blocks were in the final response, nor when the AI's suggestion would appear.

3 PROXY METRICS FOR USER RELIANCE

Drawn from prior research, we employed three metrics to evaluate user reliance on Al assistance:

e Human-AI Agreement (Range: 0—-1). Commonly used in prior work (e.g., [19, 33]), this metric is a task-based
proxy of user reliance on AL It was computed as the number of squares in the user response that matched the
Al suggestion divided by the total number of squares (16); i.e., if the user response matched the Al suggestion
exactly in a particular trial, then the human-AI agreement value for that trial was 1.00.

o Perceived Reliance (Range: 1-7). Also commonly used in prior work (e.g., [19, 33]), this metric is a perception-
based proxy of reliance on AL Participants rated their level of agreement with the statement “I relied on
the Al suggestion in the previous task” on a 7-point Likert scale, with 1 being “strongly disagree” and 7 being
“strongly agree”

o Gaze Duration on Al (Range: 0-1). This metric is a gaze-based proxy of user reliance on AI, computed as the
amount of time a participant spent fixating on the AI’s suggestion divided by the total time the participant
spent fixating on the task (including the fixation on the AI suggestion, the task image, and the response grid).
Prior work has shown that users’ human-AlI agreement is highly correlated with their gaze duration on an AI's

input [6].

4 THE DYNAMIC NATURE OF USER RELIANCE

We observed that even though no Al-recommendation-related information was provided to support user reliance
calibration, user reliance on the Al fluctuated from trial to trial (see Figure 2). We analyzed the effect of Al performance
on the variance in user reliance across trials measured by standard deviation. For the analyses reported below, if not
otherwise specified, we performed one-way analyses of variance (ANOVA) with participant ID as a random effect. All

post-hoc pairwise comparisons were conducted using Tukey’s HSD test. We considered p < .05 as a significant effect.

4.1 Results

A one-way ANOVA revealed a significant main effect of Al performance on the standard deviation of participants’
task-based reliance, F(2,32) = 9.71, p < .001. Pairwise comparisons using Tukey’s HSD test revealed that participants
paired with high-performance Al had a significantly lower spread in their task-based reliance (M = 0.05, SD = 0.08)
than participants paired with medium-performance Al (M = 0.14,SD = 0.11), p = .019. Furthermore, participants
with high-performance AT had a significantly lower variance in their task-based reliance than participants with low-
performance AI (M = 0.18,SD = 0.03), p < .001. No significant differences were observed between the variance in
task-based reliance among those with medium-performance Al and those with low-performance Al.

A one-way ANOVA revealed no significant effect of Al performance on the standard deviation of participants’ gaze
duration on the Al suggestion, F(2,32) = 0.04,p = .964.
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Fig. 2. Box plots demonstrating the effects of Al performance on the dynamics of user reliance for each user across all their trials.
User reliance is characterized by three metrics: task-based human-Al agreement, gaze-based gaze duration on the Al’s suggestion,
and perception-based perceived reliance.

A one-way ANOVA revealed a significant effect of Al performance on the standard deviation of participants’
perception-based reliance on Al, F(2,32) = 6.24,p = .005. Pairwise comparisons using Tukey’s HSD test showed
that participants with medium-performance Al had a significantly higher variance in their perception-based reliance
(M = 1.92,SD = 0.32) than participants with low-performance AI (M = 1.13,SD = 0.55), p = .004. No significant
differences were observed between the variances in perception-based reliance of each user among those with high-

performance Al and those with medium-performance and low-performance Als.

4.2 Discussion

Through these analyses, we found that, in general, the impact of Al performance on the distribution of user reliance
varied across the three measures. Al performance significantly affected the spread of human-AI agreement and
perceived reliance, but not participants’ gaze duration on the AI’s suggestion. On the other hand, working with the
high-performance Al led to a smaller variance in users’ human-Al agreement but a greater variance in their perceived
reliance on the agent’s suggestions; this shows that fundamental differences exist between these three measures
of reliance and further demonstrates the complexity of the construct of reliance overall.

Additionally, we observed individual differences in how user reliance was shaped by AI performance. For
instance, Users 1 and 38 varied in their level of agreement with the medium-performance Al much more than other users

5
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paired with the same agent; User 45 varied their gaze duration on the low-performance AI’s suggestions much less than
other users paired with the same agent; and Users 31 and 32 varied in their perceived reliance on the high-performance
Al much less than compared to other users paired with the same agent.

We observed that users often shifted their reliance trial by trial (See Figure 2). However, opportunities remain for
the user reliance on Al to be better calibrated to help achieve more optimal human-AI team task performance (see
Appendix D for more details). Prior works have examined factors that may cause such shifts in user reliance, such
as task-related factors including task difficulty [6] and user-experience-related factors, such as the user perceived Al
performance [1, 36]. Additionally, interventions (e.g., cognitive forcing functions [5, 29] and adding model explanations
[3]) have been found to help adjust user reliance on an Al successfully. However, individual differences exist in users’
reactions to these interventions [23]. Numerous factors (i.e., users’ varying familiarity with Al level of expertise in
the task, age, gender, trust in the Al, perception of task criticality, and so on) can contribute to the users’ individual
differences, making it difficult to predict the effectiveness of an intervention on user reliance using a limited set of
factors. Instead, we propose real-time assessment of human-Al reliance so that the effectiveness of an intervention for
appropriate reliance can be evaluated before the user reaches a final decision. This would allow system designers to
adjust interventions based on a user’s status in the middle of the task. In the following section, we test whether we can

reliably predict ultimate user reliance on an Al during a task and, if so, how early that prediction can be made.

5 MODELING USER RELIANCE IN “REAL TIME”

We trained models using input features extracted from 0%-100% of the task time to predict final user reliance on the
AT within the task context. In this section, we focus on the prediction of task- and gaze-based reliance; please refer to
Appendix B for more details on our attempt to predict perception-based reliance (the features considered had little

influence on perception-based reliance).

5.1 Model Training

We considered a combination of features extracted from users’ gaze behavior (gaze duration and shift in gaze fixation),
task behavior (initial human-Al agreement and task difficulty), and demographics (pre-study trust in Al and pre-study
familiarity with Al) as our models’ input. Please refer to Appendix A.1 for a full list of the features considered.

We trained stepwise multiple linear regression models to model task- and gaze-based measures of reliance with
backward elimination as the stepwise method [16]; likelihood ratio as the selection criterion [35]; and p < .25 as the
stop criterion [35]. For more details on the feature selection process, please refer to Appendices A.2 and A.3.

Interestingly, while there were some overlapping features, significant features for gaze-based reliance were partially
different from those of task-based reliance. For task-based reliance, the following features were significant: gaze duration
on the user response grid, gaze shifts from the user response grid to the Al suggestion, gaze shifts to the Al suggestion,
task duration, task difficulty, initial human-AI agreement, and familiarity with AL For gaze-based reliance, the identified
features included: gaze duration on the task image, gaze shifts from the Al suggestion to the task image, gaze shifts
from the Al suggestion to the user response grid, gaze shifts from the task image to the user response grid, gaze shifts
from the task image to the Al suggestion, gaze shifts from the user response grid to the Al suggestion, gaze shifts from
the user response grid to the task image, and familiarity with Al For more details on the feature selection process,
please refer to Appendix A.

With these sets of features identified from our feature selection process using data from all the trials, we trained a

model per time stage (0%-100%) for each of the two reliance measures. Input features were generated using behavior
6
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Fig. 3. Left: A line plot showing the mean squared error of the model predicting a task-based measure of reliance (human-Al agreement)
throughout the task at different time stages (0%-100%). Right: A line plot showing the mean squared error of the model predicting a
gaze-based measure of reliance (duration on Al) throughout the task at different time stages (0%-100%). A smaller mean square error
signifies better model performance.

data only from up until that time stage; for instance, models at the 0% time stage only included user demographics,
whereas models at the 50% time stage included user demographics, task behavior up to 50% task time, and eye gaze

movement recorded from within the first half of the task.

Table 1. Two linear regression models predicting task- and gaze-based reliance halfway through the task. Please refer to Appendix
A.1 for descriptions of the features used. f§ = regression coefficient, SE = standard error, t = t-value, p = probability of committing a
Type | error.

Modeling Task-Based Reliance at 50% Task Time Modeling Gaze-Based Reliance at 50% Task Time
Features B SE t p Features B SE t p
Task duration (50%) -0.25 0.04 -5.61 <.001 Familiarity with Al -0.12  0.04 -291  .004
Familiarity with Al -0.08 0.04 -2.07 .039 Gaze shifts onto task 0.04 0.05 0.67 .501
Gaze duration on user 0.00 0.05 0.03 .975 Gaze shifts (Al to task) 0.03 0.11 0.25 .805
Gaze shifts (user to Al) -0.08 0.06 -1.27  .204 Gaze shifts (Al to user) 0.01 0.08 0.12  .902
Gaze shifts onto Al 0.20 0.07 274  .006 Gaze shifts (task to user) -0.10 0.10 -1.02  .306
Initial human-AI agreement  0.56 0.04 13.07 <.001 Gaze shifts (task to Al) 031 0.10 3.18 .002
Task difficulty -0.06 0.04 -1.54 .124 Gaze shifts (user to Al) 0.38 0.09 4.18 <.001

Gaze shifts (user to task) -0.06 0.11 -0.53  .594

5.2 Model Evaluation

We evaluated the generalizability of our models using two methods: 1) between-users testing, where we tested the
models on 90 trials from nine new users; and 2) within-users testing, where we tested the models on 70 unseen trials
from existing users (two trials from each user). We evaluated the task- and gaze-based reliance models using mean
square error (MSE). See Appendix C for model performance at varying time stages in the task.

We observed a trade-off between model performance and the earliest point at which to make the model prediction
(see Figure 3); particularly, the MSE of the task-based measure of reliance prediction dropped to 0.036 in the within-users

evaluation and to 0.031 in the between-users evaluation at 50% task time and remained stable until the end of the trial.
7
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The models used to predict gaze-based reliance had very low MSE across all time stages; for comparison, MSE was
0.0022 in the within-users evaluation and 0.0029 in the between-users evaluation at 50% task time. Our model evaluation
results illustrate that our two models (see model details in Table 1) are able to reliably predict task- and gaze-based
reliance when a user is halfway through the task time and additionally are generalizable to new trials and users.

An in-depth look at the factors used by the 50% time models (Table 1) shows that task-based reliance is significantly
higher when 1) task duration is shorter, 2) user familiarity with Al technology is lower, 3) gaze shifts to the Al suggestion
are more frequent, and 4) initial human-ATI agreement is higher. Gaze-based reliance is significantly higher when 1) user
familiarity with Al technology is lower, 2) gaze shifts from the task image to the Al suggestion are more frequent, and 3)
gaze shifts from the user response grid to the Al suggestion are more frequent. Surprisingly, model MSE was relatively
low even without considering any behavioral features (at 0% time) for both predictions of the task- and gaze-based
reliance. In other words, user pre-study familiarity with Al technology and task difficulty are highly correlated with

task-based reliance.

6 DISCUSSION
6.1 Differences Between Three Proxies of Human-Al Reliance

Task-based, gaze-based, and perception-based proxies of reliance are known to be strongly correlated [6]. However, our
analyses revealed that task-based, gaze-based, and perception-based reliance were impacted by different subsets of
factors, indicating that they may be capturing different aspects of reliance (See Table 1 and Appendix B). Moreover, Al
performance’s effect on the variance of the three measures across trials also differed (See 4.1). Al performance only
significantly affected task-based and perception-based reliance, but not gaze-based reliance; we speculate that this
may be because users always looked at the Al suggestion regardless of their trust in or their intention to use or ignore
the suggestion. Prior work found that while participants with low-performance Al often had lower gaze-based and
perception-based reliance on Al, they still relied on the suggestions only for task structure orientation information,
which was inferred from the suggestions, rather than directly adopting them [6]. In these cases, users’ reliance on and
trust in Al is more refined, and their reliance would likely only be captured by the gaze-based reliance metric (high
gaze duration on Al since the user took time considering the Al suggestion) but not by task-based (low agreement since
the user did not directly adopt Al suggestion) nor perception-based reliance (user might give low perceived reliance
rating because they did not directly adopt Al suggestion). This shows the limitation of using one of the reliance proxies
to capture user reliance.

Other limitations can also be identified from each of the task-based, gaze-based, and perception-based proxies of
user reliance on Al For instance, high human-Al agreement may be incidental and may not necessarily reflect high
user reliance on the Al the user may have completed the task while ignoring the Al assistance and happened to have
reached the same conclusion as the agent. Moreover, perception-based reliance may be misleading at times, as humans
are illogical and user perception is a reflection of their belief, which may not always match their behavior [4]; this could
potentially explain why perception-based reliance was much more difficult to model as compared to task-based and
gaze-based reliance. Lastly, gaze-based reliance may also be limited, as users may theoretically look at an Al suggestion
due to distrust and decide to choose the answer opposite to the AI's recommendation; this would be the opposite of

reliance, even though the user spent more time looking at the AI's suggestion.
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In summary, each of the three proxy measures of reliance captures a different aspect of user reliance and has its
specific limitations as a stand-alone measure of reliance. Therefore, future work should consider using a combination of

these and possibly other metrics that may facilitate gaining a more holistic view of user reliance on Al.

6.2 Toward Real-Time Gaze-Aware Human-Al Reliance Assessment

Existing reliance calibration support is limited by its dependence on retrospective evaluations of user reliance. As user
reliance on Al is dynamic and challenges remain for more appropriate reliance in users (See Appendix D), an adaptive
reliance calibration support system would provide more flexibility in adjusting its interventions to real-time feedback.
We speculate that a more flexible system would have a higher success rate in inducing appropriate reliance among its
users since it would allow for selecting interventions that are more tailored to each user in real-time. However, such an
adaptive system requires real-time estimation of user reliance so that the most appropriate intervention for the user at
that time can be determined. In this study, we trained models to predict user reliance via gaze tracking before the final
task decision was made; our models were able to reliably predict task-based and gaze-based reliance halfway through
task time. Furthermore, we demonstrated that our model predictions are robust for new trials of existing users as well
as new users. However, several more steps are necessary before the model can be used for real-time assessment of user
reliance and to inform an adaptive reliance calibration support system.

Firstly, total task duration is not known during real-time assessments of reliance. Therefore, the proposed system
must have the means to estimate task progress to determine when to use the trained models to assess user reliance; that
is, the system must estimate when the user is roughly halfway through the task time to use the 50% task time model for
reliance prediction. Estimating task progress is relatively easy in this task specifically, as we can judge task progress by
how many task squares the users have interacted with in their response; however, task progress can be more difficult to
judge in other, more realistic contexts, such as medical diagnosis.

Secondly, our models predict reliance rather than inappropriate reliance (e.g., over-reliance and under-reliance).
Prediction of inappropriate reliance is difficult, as it is determined based on the ground truth of the task instance. High
user reliance on an Al agent can be desirable if the Al recommendation is correct; however, this is undesirable when
the Al recommendation contains errors. Prior works have used Al uncertainty (the correctness likelihood of the Al
suggestion) to guide the selection of strategies to facilitate user reliance calibration [29]; for instance, if Al uncertainty
is high, user decision time is extended to reduce user anchoring bias on the Al recommendation. Recent work takes
into account both the predicted correctness likelihood of the user response and the predicted correctness likelihood of
the Al suggestion to inform intervention selection to encourage more appropriate user reliance [23]. Taking advantage
of people’s anchoring bias, the adaptive workflow system from prior work [23] adaptively adjusts whether an AI
suggestion is shown before or after the user makes an initial decision on the task instance; when the user has a greater
correctness likelihood than the Al the Al suggestion is only revealed to the user after they enter an initial decision, and
vice versa when the user has a lower correctness likelihood than the AI. While estimations of Al and user correctness
likelihood may be able to provide general direction for reliance calibration, more research is required to estimate the
range of appropriate reliance without ground truth knowledge so that user reliance calibration can be encouraged on
a finer scale. One potential approach is to identify mindless reliance/non-reliance in users by analyzing users’ gaze
behavior.

Lastly, more experimentation is needed to determine whether our trained reliance assessment models are generalizable
to new interface setups (i.e., Al explanations overlaid on the task [21]) and interaction schemes (i.e., involving users in

the AT’s prediction generation process [14]). Moreover, the spatial reasoning task from this study was low-stake in
9
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nature. In high stake tasks, user reliance may be impacted differently as users may generally be more cautious (i.e., longer
gaze duration on Al recommendation) even if their reliance on and trust in the Al was the same. Further exploration is
also needed to determine whether the trained models are applicable to new task types such as feature-based prediction
tasks, visual inspection tasks, and so on. However, we speculate that while specific coefficient values might vary, the
features we identified could still be useful for human-AI reliance modeling on new tasks.

In future work, we plan to implement an adaptive reliance calibration support system and evaluate its effectiveness
compared to a static system. Suppose we had an appropriate reliance range in mind based on the predicted user and Al
correctness likelihoods; an intervention could then be executed at the beginning of the trial, i.e., using the adaptive
workflow system [23] or the time-based de-anchoring strategy [29]. Due to individual differences in user backgrounds
and preferences, the same intervention might incur varying levels of response in users [23]. Thus, a real-time human-AI
reliance assessment would give us the opportunity to evaluate the effectiveness of the initial intervention and make
personalized adjustments to the intervention as necessary (e.g., further extend decision time if user reliance remains
undesirably high [29]). We believe that a real-time assessment of human-Al reliance can provide valuable feedback to
the Al system, which allows for the implementation of a more personalized adaptive human-Al reliance calibration
support. We hope that the flexibility such an adaptive system provides can better facilitate user reliance calibration and

help achieve more optimal human-AI team performance.
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573 A  FEATURE SELECTION FOR RELIANCE MODELS

574

s A.1 List of All Features Considered

576 e Trust in AL users’ self-reported pre-study trust in Al technology as reported on a 7-point Likert scale, with
77 1 being “strongly disagree” that they trust Al technology and 7 being “strongly agree” that they trust Al

578

57 technology.
580 e Familiarity with AI: users’ self-reported pre-study familiarity with Al technology as reported on a 7-point
581 Likert scale, with 1 being “strongly disagree” that they are familiar with Al technology and 7 being “strongly

o agree” that they are familiar with Al technology.
583
ss4 o Start of first gaze fixation on Al suggestion: the time in seconds of the start time of the user’s first gaze
585 fixation on the AI’s suggestion.

586 o Duration of first gaze fixation on Al suggestion: the time in seconds of the duration of the user’s first gaze
7 fixation on the AI’s suggestion.
588
550 e Gaze duration on AI: the sum of the durations of all gaze fixations on the AI’s suggestions during the task

590 divided by the total time fixated on completing the task (including the Al suggestions, the user response grid,

591 and the task image).

e e Gaze duration on task: the sum of the durations of all gaze fixations on the task image during the task divided
593
by the total time fixated on completing the task (including the Al suggestions, the user response grid, and the

594
595 task image).

596 e Gaze duration on user: the sum of the durations of all gaze fixations on the user response grid during the task

7 divided by the total time fixated on completing the task (including the AI suggestions, the user response grid,
598
and the task image).

600 o Gaze shifts from Al to task: the total number of times the user shifted their eye gaze from the Al suggestion
601 to the task image divided by the total number of gaze shifts between aspects of the task (from Al suggestion/task
60? image/user response grid to Al suggestion/task image/user response grid).

:: o Gaze shifts from AI to user: the total number of times the user shifted their eye gaze from the Al suggestion
605 to the user response grid divided by the total number of gaze shifts between aspects of the task (from AI
606 suggestion/task image/user response grid to Al suggestion/task image/user response grid).

o o Gaze shifts from task to user: the total number of times the user shifted their eye gaze from the task image
zzi to the user response grid divided by the total number of gaze shifts between aspects of the task (from Al
610 suggestion/task image/user response grid to Al suggestion/task image/user response grid).

611 o Gaze shifts from task to Al the total number of times the user shifted their eye gaze from the task image to
o the Al suggestion divided by the total number of gaze shifts between aspects of the task (from Al suggestion/task
ZZ image/user response grid to Al suggestion/task image/user response grid).

615 o Gaze shifts from user to Al: the total number of times the user shifted their eye gaze from the user response
616 grid to the AI suggestion divided by the total number of gaze shifts between aspects of the task (from Al
o suggestion/task image/user response grid to Al suggestion/task image/user response grid).

:Z o Gaze shifts from user to task: the total number of times the user shifted their eye gaze from the user
620 response grid to the task image divided by the total number of gaze shifts between aspects of the task (from Al
621 suggestion/task image/user response grid to Al suggestion/task image/user response grid).

622
623
624 12
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625 e Gaze shifts onto Al: the total number of times the user shifted their eye gaze from the task image or user
626 response grid to the Al suggestion divided by the total number of gaze shifts between aspects of the task (from
:; Al suggestion/task image/user response grid to Al suggestion/task image/user response grid).

629 o Gaze shifts onto task: the total number of times the user shifted their eye gaze from the Al suggestion or user
630 response grid to the task image divided by the total number of gaze shifts between aspects of the task (from Al
631 suggestion/task image/user response grid to Al suggestion/task image/user response grid).
632

o o Gaze shifts onto user: the total number of times the user shifted their eye gaze from the Al suggestion or task

634 image to the user response grid divided by the total number of gaze shifts between aspects of the task (from Al
635 suggestion/task image/user response grid to Al suggestion/task image/user response grid).

636 o Initial human-AI agreement: the number of squares in the user response that matched the Al suggestion
:j; when the user was halfway through the task divided by the total number of squares (16). This feature was only

630 included in models after the 50% time stage.

640 e Task difficulty: whether the task at hand was asking for the top view (easier) or bottom view (more difficult)
641 of the structure. Providing the top view of the structure involved only one mental rotation, while providing the
Zi bottom view of the structure involved two mental rotations.

644 e Task Duration: the total amount of time in seconds spent on completing the task. The value of this feature
645 was multiplied by the time stage before being used as input; i.e., at the 50% time stage, the input task duration
646 used was calculated as the total task duration in seconds multiplied by 0.5.
647

648
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655

656

657

658

659

660

661

662
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A.2 Feature Selection for Task-Based Measure of Reliance Model

Table 2. Details from the feature selection for the task-based reliance model. We trained stepwise multiple linear regression models
using gaze and task behavior data from the entire trial, along with user demographics. We used backward elimination as the stepwise

method, likelihood ratio as the selection criterion, and p < .25 as the stop criterion.

Iteration Feature X p-value Removed or Kept
1 Gaze shifts from Al to user <.01 1.000 Removed
2 Gaze shifts from task to Al <.01 1.000 Removed
3 Duration of first gaze fixation on Al suggestion  0.01 .994 Removed
4 Gaze shifts from user to task 0.05 973 Removed
5 Gaze shifts onto Al 0.31 .857 Removed
6 Trust in Al 1.00 .604 Removed
7 Gaze shifts from task to user 1.42 492 Removed
8 Gaze shifts from Al to task 1.05 .592 Removed
9 Start of first gaze fixation on Al suggestion 1.17 .557 Removed
10 Gaze shifts onto user 1.40 497 Removed
11 Task duration 10.91 .004 Kept
11 Familiarity with AI 8.01 .018 Kept
11 Gaze shifts onto user 43.91 <.001 Kept
11 Gaze shifts from user to Al 5.21 .074 Kept
11 Gaze shifts onto Al 39.71 <.001 Kept
11 Initial human-AI agreement 139.79  <.001 Kept
11 Task difficulty 3.39 .183 Kept
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A.3 Feature Selection for Gaze-Based Measure of Reliance Model

Table 3. Details from the feature selection for the gaze-based reliance model. We trained stepwise multiple linear regression models
using gaze and task behavior data from the entire trial, along with user demographics. We used backward elimination as the stepwise
method, likelihood ratio as the selection criterion, and p < .25 as the stop criterion.

Iteration Feature x> p-value Removed or Kept
1 Gaze shifts onto user <.01 1.000 Removed
2 Gaze shifts onto task <.01 1.000 Removed
3 Total duration <.01 1.000 Removed
4 Task difficulty 0.09 .956 Removed
5 Start of first gaze fixation on Al suggestion  0.96 .620 Removed
6 Gaze shift from task to user 0.02 .992 Removed
7 Trust in AI 1.32 515 Removed
8 Gaze duration on task 13.83  <.001 Kept
8 Gaze shifts from Al to task 1632 <.001 Kept
8 Gaze shifts from task to Al 2.80 .246 Kept
8 Gaze shifts from user to Al 1.99 .370 Kept
8 Gaze shifts from user to task 1.43 490 Kept
8 Gaze shifts from task to user 2.92 231 Kept
8 Gaze shifts from Al to user 12.5 .002 Kept
8 Familiarity with Al 2.27 321 Kept
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B  MODELING PERCEPTION-BASED RELIANCE
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Fig. 4. Left: A bar plot showing the distribution of user-perception-based reliance (perceived reliance self-reported on a 7-point Likert
scale, with 1 being “strongly disagree” that the user relied on the Al and 7 being “strongly agree” that they relied on the Al). Right: A
line plot showing the accuracy of the model predicting the perception-based measure of reliance (perceived reliance) at different time
stages. Greater accuracy signifies better model performance.

Due to the uneven distribution of perception-based reliance values in the data (see Figure 4, left), we grouped the
7-point Likert scale data into three categories: 1-3, 4, and 5-7. We trained stepwise multiple ridge regression models to
model task- and gaze-based measures of reliance with backward elimination as the stepwise method [16], likelihood
ratio as the selection criterion [35], and p < .25 as the stop criterion [35]. However, none of the behavioral, task-based,
or demographic features significantly affected the perception-based measure of reliance at the p = .25 level. Therefore,
we lowered the stop criterion to p < 1.00. We also experimented with modeling perception-based reliance with these
input features using non-linear and other more complex model architectures (e.g., ordinal regression, random forest,

deep neural network), but the ridge regression model had the best performance.
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B.1 Feature Selection for Perception-Based Measure of Reliance Model

Table 4. Details from the feature selection for the perception-based reliance model. We trained stepwise multiple linear regression
models using gaze and task behavior data from the entire trial, along with user demographics. We used backward elimination as the

stepwise method, likelihood ratio as the selection criterion, and p < 1.00 as the stop criterion.

CHI TRAIT ’23, April 23, 2023, Hamburg, Germany

Iteration Feature x> p-value Removed or Kept
1 Gaze shifts onto task <.01  1.000 Removed
2 Start of first gaze fixation on Al suggestion <.01  1.000 Removed
3 Duration of first gaze fixation on Al suggestion <.01  1.000 Removed
4 Familiarity with AI <01  1.000 Removed
5 Initial human-Al agreement <.01  1.000 Removed
6 Gaze shift onto task <.01  1.000 Removed
7 Gaze shift from user to task <.01  1.000 Removed
8 Gaze shift from user to Al <.01  1.000 Removed
9 Gaze from shift task to user <.01  1.000 Removed
10 Gaze duration on user 0.61 739 Kept
10 Gaze shifts from Al to task 0.81 .668 Kept
10 Gaze shifts from Al to user 1.21 .546 Kept
10 Gaze shifts from task to Al 0.81 .558 Kept
10 Gaze shifts onto Al 0.40 .817 Kept
10 Gaze shifts onto user 1.01 .604 Kept
10 Task duration 0.40 .817 Kept
10 Gaze duration on Al 0.81 .668 Kept
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885 B.2 Modeling Perception-Based Reliance Halfway Through the Task
886

887 Table 5. Model details for a model predicting three classes of perception-based reliance (< 4, = 4, and > 4) halfway through the task

888 time. 8 = coeffcient. SE = standard error, t = t-value, p = probability of committing a Type | error.

889

890

w01 Perception-Based Reliance

s perceived reliance < 4 perceived reliance = 4 perceived reliance > 4
503 Features SE B t p B t ) B t p

gou Gaze duration on task 0.05 0.05 1.12 .265 0.03 0.67 504 -0.09 -1.79 .075
505 Gaze shifts onto Al 0.12 0.18 1.53 126 -0.10 -0.86 .389 -0.08 -0.67 .503
s06 Trust in Al 0.05 -0.04 -0.97 335 0.00 0.00 998 0.04 0.96 .336
207 Gaze shifts onto user 0.07 -0.06 -0.90 371 0.03 0.39 .700 0.03 0.51 .610
so Gaze shift from Al to task  0.11 -0.16 -1.44 152 0.10 0.94 .349 0.05  0.50 .619
200 Gaze shift from task to AI  0.09 0.03 0.36 718 0.02 0.18 .855 -0.05 -0.54 587
000 Gaze shift from Al to user  0.09 -0.10  -1.20 231 0.07  0.79 429 0.04 041 .682
o1 Gaze shifts onto Al 0.18 -0.29 -1.64 101 -0.03 -0.18 .859 032 1.82 .069
002 Gaze shifts onto user 0.10 0.13 1.38 .169 -0.01 -0.15 .878 -0.12 -1.22 222
003 Task difﬁculty 0.05 0.10 2.02 .045 0.00 -0.05 963 -0.09 -1.97 .050
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937 C MODEL EVALUATION RESULTS

938

939 Table 6. Dynamic model performance for a model evaluated by training, within-users, and between-users methods at different time
940 stages for task-, gaze-, and perception-based reliance.

941

942 Measures Evaluation | Time Stages

943 Method 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
944 Human-AI training 0.051 0.044 0.044 0.044 0.044 0.028 0.028 0.028 0.028 0.028 0.024
945 Agreement | within 0.057 0.049 0.048 0.048 0.049 0.036 0.036 0.036 0.036 0.036 0.030
946 (MSE) between 0.061 0.050 0.050 0.049 0.049 0.031 0.031 0.031 0.030 0.030 0.024
947 Gaze training 0.004 0.004 0.004 0.003 0.003 0.002 0.002 0.002 0.002 0.001 0.001
948 Duration within 0.004 0.004 0.003 0.003 0.003 0.002 0.002 0.002 0.002 0.002 0.001
949 on AI (MSE) | between 0.006 0.004 0.005 0.003 0.003 0.003 0.003 0.002 0.002 0.002 0.001
950 Perceived training 0.54 0.59 0.62 0.64 0.63 0.64 0.63 0.63 0.64 0.61 0.63
951 Reliance within 0.48 0.54 0.56 0.60 0.59 0.60 0.59 0.60 0.61 0.59 0.63
952 (Accuracy) | between 041 051 058 064 063 064 064 063 063 059 0.65
953

954

955 Though the model performance on perception-based reliance prediction increased across time stages, the model
956 accuracy was still low at 0.630 in the within-users evaluation and 0.716 in the between-users evaluation at its peak,

%7 when 100% of the data from the task trial was used. This was expected, as features had low influence (based on likelihood

958

o5 ratio test) on perception-based measures of reliance. This may be due in part to the fact that few data were available for

960 the perception-based reliance = 4 class, which limited our ability to model for that class.
961
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Fig. 5. A stacked bar plot showing the distribution of final task outcome classified into three categories: 1) final performance superior
to both the individual human and the individual Al (blue), 2) final performance equal to the performance of the better agent out of the
individual human and the individual Al (green), and 3) final performance inferior to the individual human, the individual Al, or both.

D USER RELIANCE CAN BE BETTER CALIBRATED TO IMPROVE PERFORMANCE

To investigate whether the variance in participant reliance between trials led to better-calibrated user reliance on the Al,
we compared participants’ final response accuracy to the maximum of the human and the AT’s individual performance.
We estimated human-alone performance on the task by computing the accuracy of the user response completed in the
first half of the task, before the Al suggestion was shown to them (e.g., a participant’s human-alone performance was
1.00 if all the cells they filled out during the first half of the task were correct). The AI's individual performance was
calculated as the accuracy of the Al recommendation in that trial.

Without assuming complementary capabilities between the human and the Al if the user relied on the Al suggestion
appropriately, the accuracy of the final response should be at least as good as the more accurate response out of the
human-alone response and the Al suggestion (a less-strict definition of appropriate reliance). Assuming complementary
capabilities between the human and the Al, the criteria for appropriate reliance would be stricter, such that the accuracy
of the final response must be better than the human-alone response and the Al suggestion unless the accuracy of the
human-alone response or the Al suggestion is 1.00. In this study, users are not necessarily experts in the task. Thus, we
do not assume human-Al complementary capabilities and adopt the less-strict evaluation of appropriate reliance.

We observed that team decision accuracy was greater than or equal to human-alone and Al-alone accuracy in 79.53%
of the trials (272 out of 342). More specifically, among participants paired with the high-performance Al team decision
accuracy was greater than or equal to that of the human-alone and the Al alone in 92.70% of the trials (127 out of 137);
among those paired with the medium-performance Al, complementary performance was observed in 73.47% of the
trials (72 out of 98); and among those paired with the low-performance Al team decision accuracy was greater than
or equal to that of the human-alone and the Al-alone in 68.22% of the trials (73 out of 107). Figure 5 illustrates the
distribution of performance comparisons between the team and the individual participants and Al agents.

While our estimation of the human-alone performance is limited, the presence of cases in which team performance
was worse than that of the approximated human or Al alone indicates that more opportunities exist for interventions

to assist user reliance calibration toward more optimal team performance.
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