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ABSTRACT
Previous research shows that laypeople’s trust in a machine learning model can be affected by both performance measurements of
the model on the aggregate level and performance estimates on individual predictions. However, it is unclear how people would trust
the model when multiple performance indicators are presented at
the same time. We conduct an exploratory human-subject experiment to answer this question. We find that while the level of model
confidence significantly affects people’s belief in model accuracy,
both the model’s stated and observed accuracy generally have a
larger impact on people’s willingness to follow the model’s predictions as well as their self-reported levels of trust in the model,
especially after observing the model’s performance in practice. We
hope the empirical evidence reported in this work could open doors
to further studies to advance understanding of how people perceive,
process, and react to performance-related information of machine
learning.

CCS CONCEPTS
• Human-centered computing → Empirical studies in HCI; •
Computing methodologies → Machine learning.
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INTRODUCTION

Today, numerous innovative machine learning (ML) models have
been rapidly developed and applied to a wide range of application
scenarios to assist people, from decision-making in everyday life to
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problem-solving in critical societal challenges. For example, neural
networks have been used to forecast traffic speed in large-scale
transportation networks and recommend optimal routes [16, 40].
Researchers have trained ML models to predict poverty in developing countries and help local governments better allocate their scarce
resources [27]. ML has also shown potential in accurately predicting the household re-entry to homeless system, which can further
inform the design of more effective intervention strategies [23, 32].
With the rapid growth of user-facing systems that are built on
top of ML models, a growing line of research on understanding
whether and how do end-users trust these models has recently
emerged [52, 57, 58]. Many different factors have been identified as
influencing people’s trust in ML, such as people’s understanding of
how the model works [19, 37] and people’s perceptions on whether
the model is biased [9, 62]. Perhaps more intuitively, people’s trust
in an ML model is also highly dependent on how well the model
can perform. For example, it was found that people’s trust in an
ML model is significantly affected by the model’s performance, as
measured by both the model’s stated accuracy on some held-out
data and its observed accuracy in practice [35, 58].
While a performance metric like accuracy may provide useful
summary information for people to evaluate the overall reliability
of an ML model across a set of predictions, it contains little insight
into how likely each individual prediction that the model makes
is correct. On the other hand, an ML model can often quantify its
uncertainty on each individual prediction using a confidence score,
which represents the model’s accuracy estimate on that particular
prediction [25, 43, 46, 60]. More recently, researchers have found
that such model confidence also influences how much people would
be willing to trust the model [61]—people trust the ML model more
in cases when the model has higher confidence.
Our knowledge of how different kinds of performance indicators
of an ML model alone affects people’s trust in the model continues to
grow. However, there remains a key, but currently under-explored,
aspect in further advancing our understanding of people’s trust in
ML—that is, how would people trust an ML model in the presence of
multiple performance indicators of it. For example, when information on both the model’s accuracy measurements (on some held-out
data and/or on a number of real-world trials) and the model’s confidence estimates on individual predictions are provided, which
one(s) would people choose to rely upon in deciding how much to
trust the model? And what’s the role of one performance indicator—
say model confidence—in moderating or even changing the effects
of other performance indicators (e.g., model accuracy) on people’s
trust in the model?
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Specifically, we are interested in finding out the answers to these
questions for those users of ML models who are laypeople. This is because laypeople’s interactions with ML models are becoming highly
prevalent today, especially in various low-stakes decision making
settings such as optimal route planning [16, 40] and entertainment
selection [6]. This implies that, due to the legal requirement of transparency and design guidelines of best practices [1], laypeople are
increasingly exposed to a variety of performance information of an
ML model during their usage of the model. However, our empirical
understanding of how laypeople would interpret and act upon this
rich set of performance information of the ML model and whether
their reactions to this information leads to appropriate trust in the
model is still largely lacking. In fact, prior research has indicated
that laypeople may experience difficulty in making use of numerical
information [44, 48], and they may follow an incorrect ML model
recommendation even when performance information about the
recommendation suggesting it as less trustworthy is given [51].
Thus, such understanding is critical for us to analyze how effective
the current ways of ML model performance communication are for
a target user population of laypeople, and it can also inform us of
how to make such communication truly useful to laypeople.
Therefore, in this paper, we conduct an exploratory study to
experimentally examine how multiple performance indicators of
an ML model, together, affect laypeople’s trust in the model in a
low-stakes decision-making task. Specifically, we ask:
• When people receive information on both the model’s stated
accuracy on held-out data and the model’s confidence on individual predictions, but have not observed the model’s accuracy
in practice yet, does the stated accuracy (alternatively, the model
confidence) affect people’s trust in the model?
• Does the answer for the question above change after people
have observed the model’s accuracy in practice?
• Does a model’s observed accuracy in practice affect people’s
trust in the model, in the presence of model confidence?
• How do model confidence and model accuracy interact with
each other to influence people’s trust in the model?
Conjecturing the answer to any of these questions turns out to
be quite challenging. On the one hand, compared to a model’s stated
accuracy, model confidence is provided on the level of individual
prediction and appears more directly relevant for people to evaluate
whether each of the model’s predictions is trustworthy. After all,
the model’s stated accuracy is obtained on held-out data which
may be fundamentally different from the current use cases at hand.
Following this line of thinking, one may expect to see a significant
impact of model confidence on people’s trust in the model, and
perhaps the effect of the model’s stated accuracy on trust is minimal,
if any. On the other hand, a model’s confidence on a prediction is
only the model’s “estimate” on how likely the prediction would
be correct, and it has been shown in many studies in the machine
learning community that the raw confidence scores produced by
an ML model can be poorly calibrated [25, 33, 42]. That is, the
confidence estimate an ML model associates to a prediction does not
necessarily reflect the true correctness likelihood of that prediction.
In this case, it is reasonable to hypothesize that people’s trust in an
ML model would still be affected by the model’s stated accuracy,
but not so much by model confidence.
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Even more complicated, after people get the chance to interact
with the ML model and observe its accuracy in practice, people may
make additional inference on how calibrated the model’s confidence
and how reliable the model’s stated accuracy is through their limited
interactions with the model. Thus, in deciding how much to trust
the model after observing its performance in practice, people may
need to consider both relevance and reliability for each of the three
pieces of information that can be used to gauge the trustworthiness
of the ML model—model confidence, stated accuracy, and observed
accuracy. It is unclear how these three factors would affect trust,
separately and collectively.
To answer these questions, we designed and conducted a randomized behavioral experiment in which we recruited human subjects
from Amazon Mechancial Turk to complete a sequence of decision
making tasks (i.e., predict speed dating outcome) with the help of an
ML model. Our experiment consisted of a total of eight treatments,
arranged in a 2×2×2 design, and ML models used in different treatments differed along three factors—the ML model’s confidence level,
stated accuracy, and observed accuracy. Due to the multidimensional
nature of trust, we used a variety of measures to quantify subjects’
trust in the ML model in our experiment, including subjective measures focusing on trust perceptions (e.g., subject’s belief in model
competence and self-reported trust level) and more objective measures characterizing trusting behavior (e.g., frequency for a subject
to “follow” a model’s prediction).
Our experimental results show that, overall, model confidence
affects people’s belief in model competence but has no reliable
impact on their self-reported levels of trust in the model or their
willingness to follow the model’s predictions, both before and after
they have observed the model’s performance through real-world
trials. In contrast, the model’s accuracy, including both the stated
accuracy and observed accuracy, consistently and significantly affects people’s trust in the model in all dimensions. Comparing the
magnitude of the effects of different performance indicators on various measures of trust, we found that model accuracy—especially
the model’s observed accuracy after it has been obtained from realworld trials—has a larger effect on all measures of trust except for
people’s belief in model competence. Further analyses also reveal
that there exist some interactions between model confidence and
model accuracy in influencing people’s trust in an ML model.
Taken together, our results provide exploratory evidence that
model confidence and model accuracy play different roles in influencing people’s trust in an ML model. They also highlight behavior
of people when they react to multiple performance indicators that
can potentially be irrational, such as their over-reliance on a model’s
observed accuracy despite it having been obtained through a small
number of real-world trials. We conclude by discussing the design
implications and limitations of our work. In particular, proper cautions should be used when generalizing our results to other settings.
More confirmatory studies should be conducted to examine to what
extent our exploratory findings still hold for different populations,
on different types of tasks, and using different ways to communicate model performance. We hope these findings will inspire more
theoretical investigations into the mechanisms of how people make
sense of and make use of various performance-related information
of machine learning.
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RELATED WORK

Research on understanding whether, when, and how do people trust
the outputs of an ML system has received increased attention over
the years. It was shown that, for example, people accept ML model
recommendations over human suggestions or their own judgment
in an unfamiliar domain [11, 38], but they quickly lose trust in an
algorithm after seeing it err [17]. Such decrease in trust is reduced
if people are given the control to adjust the algorithm predictions
rather than simply accepting them as is [18]. However, loss of trust
due to incorrect ML system decisions cannot be fully gained back
by the same amount of correct decisions made by the system [59].
More recently, a growing number of experimental studies have
been conducted to examine what the key influencing factors are
in determining people’s trust in an ML model and how. One such
factor is the ML model’s intelligibility [19], though different studies showed inconsistent results to this end. For instance, Lai and
Tan [35] found that in the context of deception detection, showing explanations of an ML model significantly increases people’s
trust in the model. In contrast, the transparency of an ML model,
in terms of whether the model is a clear or black-box model, was
shown to not affect people’s trust in the model [47], while providing explanations for a text emotion predicting system only affected
trust before people experienced the system [50]. Moreover, it was
found that the type of explanation presented to users impacted their
ability to appropriately calibrate trust in a model [55]. Other than
the model’s intelligibility, researchers have also demonstrated that
the level of agreement between humans and the ML model [39],
a human’s mental model of the ML model’s error boundary [4],
and the compatibility of an ML model update with humans’ prior
experience of the model [5], can all affect how much people will
trust the model.
Another natural influencing factor of trust in an ML model is
the model’s performance. Indeed, Yin et al. [58] ran a sequence of
human-subject experiments and found that both an ML model’s
stated accuracy on held-out data and its observed accuracy in practice significantly affect laypeople’s trust in the model. Yet, even
for models with the same level of accuracy, the ways that expectations on model performance are set prior to the use of them were
also found to affect people’s perceptions and acceptance of the
model [31]. Beyond the accuracy measurements, a model’s confidence on each individual prediction is also relevant in influencing
end-user’s trust. For example, a few previous studies have found that
for context-aware systems and autonomous systems, displaying
system confidence on the quality of its decision aids (e.g., memory
aids or location predictions) would both improve user’s trust in the
system [2, 54] and increase user performance in the task [3, 15].
Lim and Dey [36], however, showed that displaying low confidence
levels of a context-aware system allows users to realize the limited
capabilities of the system and thus leads to decreased trust. Most
recently, Zhang et al. [61] conducted an experimental study and
showed that confidence scores of an ML model help people to calibrate their trust with confidence levels, such that they trust an ML
model more when its confidence is high. Suresh et al. [51], however,
found that a person’s capability of calibrating trust in an ML model
based on its confidence may vary with the person’s characteristics,
such as the person’s math and logic skills.

Differing from previous research, we look into how people trust
in an ML model when they have multiple types of performance
information that they can leverage to infer the trustworthiness
of the model. Earlier literature has explored how humans would
utilize multiple, possibly probabilistic, pieces of information during their decision-making when machines are not in the loop. For
example, in processing multiple pieces of performance information of stocks in a sequence, a recency effect was observed among
investors showing that they heavily relied upon the most recent
information in their final decisions [45]. Various mechanisms have
also been studied on how decision-makers aggregate a probabilistic forecast of multiple experts with different levels of confidence
and bias [8, 53, 56]. However, to the best of our knowledge, there
are no experimental studies or theoretical models on how humans
interpret multiple performance-related information of ML-based
decision aids, especially when different pieces of information are
of differing nature and provided at different granularity (i.e., local
accuracy estimate vs. aggregate accuracy measurements).

3

EXPERIMENTAL DESIGN

To understand how laypeople’s trust in an ML model for making
low-stakes decisions is affected by both model confidence and model
accuracy, we designed and conducted a randomized behavioral experiment with human subjects recruited from Amazon Mechanical
Turk (MTurk).

3.1

Experimental Tasks: Predicting Speed
Dating Outcome

Each subject in our experiment was asked to complete a sequence of
40 tasks on predicting the outcome of speed dating events with the
help from a pre-trained ML model. Specifically, in each prediction
task the subject was presented with a profile of one participant in
a speed dating event along with some information about his or her
date, including:
• Basic demographics of the participant and the date, e.g., gender,
age, field of study, and race.
• The participant’s dating preferences, which consisted of the participant’s allocation of 100 points to six attributes (e.g., attractiveness, sincerity, intelligence) to show the relative importance
of them in relation to one another when it comes to romantic
attraction, as well as the level of importance for the participant
to date someone of the same race.
• The participant’s rating of the date, with respect to the six attributes using a scale from one to ten, and two additional selfreported scores on how happy the participant expected to be
with the date and how much the participant liked the date, again
in the range of one to ten.
Figure 1 shows an example of the task interface. Profiles that we
showed to subjects (e.g., Figure 1A) were taken from participants
of real-life speed dating events in an experimental study [22]. At
the end of each speed dating event, the participant was asked to
indicate if he/she would want to see the date again in the future, and
this is what we asked the subject to predict. In particular, the subject
followed a 4-step procedure in each task to make the prediction:
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• Step 3: after considering both her own prediction and the model’s

prediction, the subject was asked to make a final binary prediction on whether or not the participant would want to see the
date again (Figure 1D).
• Step 4: finally, before moving on to the next task, the subject
needed to indicate her belief in the ML model’s prediction being correct as a number between 0 (“the model’s prediction is
absolutely wrong”) and 1 (“the model’s prediction is absolutely
correct”)1 . To help the subject contextualize this question, depending on whether the subject’s final prediction in the task
agreed with the model’s prediction, we further indicated to subjects that this question is effectively the same as reporting how
much they believe their final prediction was “also correct” (if
agreed) or “wrong” (if disagreed) (Figure 1E).
The task of predicting romantic relationship is suitable for our
study for two main reasons. First, such a task does not require
special expertise or domain knowledge and involves relatively limited risks, so it can be easily understood by our laypeople subjects
(i.e., MTurk workers) while still representing realistic low-stakes
decision-making tasks that laypeople undertake in their day-to-day
life well. Second, ML models have been developed to make predictions in romantic attraction and compatibility [24, 28, 41], which
makes the experimental setting sufficiently credible and ensures
the ecological validity of our study. Note that similar prediction
tasks were previously used in [58] to explore the effects of model
accuracy alone on people’s trust in ML models.

3.2

Figure 1: Interface of the experimental task in Phase 1. A:
subjects are shown a profile of one participant in a speed dating event along with some information about his or her date;
B: based on this profile, subjects are asked to make an initial
binary prediction of the speed dating event outcome; C: the
ML model’s binary prediction and confidence score are then
shown to subjects; D: subjects are asked to make a final prediction of the speed dating event outcome; E: subjects are
asked to indicate their belief in the model’s prediction being correct; depending on whether subjects’ final prediction
agreed with the model’s prediction or not, we rephrased this
question as equivalent to reporting subjects’ belief in their
own final prediction being correct (if agreed) or wrong (if
disagreed).

• Step 1: the subject needed to carefully review the profile and

make her own binary prediction about whether or not the participant in the profile would want to see the date again (Figure 1B).
• Step 2: then, the subject was shown an ML model’s binary prediction on the current case as well as a confidence score between
0 and 1 representing how confidently the model believed its
prediction was correct; the higher the score, the more certain
the model was that it made a correct prediction (Figure 1C).

Experimental Procedure

Figure 2 shows a flowchart of our experiment, in which each subject
completed a sequence of 40 prediction tasks that were divided into
two phases. Specifically, before a subject started to work on any
prediction tasks, we explained the prediction tasks to the subject
and walked through an example of the task interface with stepby-step instructions detailing each component of the speed dating
profile (Figure 1A). Subjects were also given basic written instructions on how to complete the task and explaining the meaning of
a confidence score assigned to a prediction by the model. We also
revealed the ML model’s stated accuracy to the subject by stating
“We previously evaluated this model on a large data set of speed
dating participants and its accuracy was x%, i.e., the model’s predictions were correct on x% of the speed dating participants in this
data set.” After reading the instruction, the subject started Phase 1
of the experiment to work on a set of 20 prediction tasks in succession, and in each task, the subject followed the 4-step procedure as
described above. In particular, when the model’s binary prediction
was shown to the subject in Step 2 of each task, we communicated
the model’s confidence about this prediction to the subject through
the sentence “The model makes this prediction with a confidence
score of y, (i.e., the model believes the chance for this prediction
to be correct is 100×y%),” and we also reminded the subject of the
model’s stated accuracy (Figure 1C).
The subject received no feedback on whether her prediction or
the model’s prediction was correct on each of the individual tasks
in Phase 1. However, after all 20 tasks in Phase 1 were completed,
1 Both

a slider and a text box were provided for subjects to indicate their belief in the
model’s correctness, and the number could be reported to the hundredths place.
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Introduction

Phase 1 (20 tasks)

• Interface tutorial

Phase 1 feedback

Phase 2 (20 tasks)

• Subject’s selfreported trust in
both phases

• Reveal model’s
Phase 1 accuracy

• Reveal model’s
stated accuracy
✕ 20

• Reveal subject’s
own Phase 1
accuracy

Exit Survey

• Demographics
✕ 20

Figure 2: Flowchart of the experiment.

we provided a brief summary to the subject reporting the model’s
overall accuracy on the 20 tasks of Phase 1 (i.e., the model’s “observed accuracy”) along with the subject’s own accuracy on those
20 tasks before seeing the model predictions (accuracy feedback on
individual tasks was not given though). Then, the subject went on
to complete another set of 20 prediction tasks in Phase 2 following
a similar procedure. The only difference was that whenever the
model prediction was shown in each of the tasks in Phase 2, in
addition to displaying the model’s confidence, we reminded the
subject of not only the model’s stated accuracy, but also its observed
accuracy on the 20 tasks in Phase 1.
Finally, after completing all 40 prediction tasks, the subject was
asked to report her level of trust in the ML model in each phase of
the experiment by answering two exit-survey questions:
• How much did you trust our machine learning model’s predictions on the first twenty speed dating participants (that is, before
you saw any feedback on your performance and the model’s
performance)?
• How much did you trust our machine learning model’s predictions on the last twenty speed dating participants (that is, after
you saw any feedback on your performance and the model’s
performance)?
The subject answered these questions using a scale from 1 (“I didn’t
trust it at all”) to 10 (“I fully trusted it”). We also collected some
basic demographic information (e.g., gender, age, and highest level
of education) from the subject through the exit survey.

3.3

Experimental Treatments

We considered a total of 8 experimental treatments with a 2×2×2
design along three factors:
• Confidence level: the level of confidence scores that the ML model
associates to its predictions, which has two levels — low and
high. In the low confidence treatments, the confidence scores of
the ML model on all 40 tasks were between 0.5 and 0.8, while
the confidence scores of the ML model for the high confidence
treatments were between 0.8 and 1 on all tasks.
• Stated accuracy: the ML model’s stated accuracy on the held-out
data, which has two levels — 60% and 90%.
• Observed accuracy: the ML model’s accuracy on the Phase 1 tasks
(i.e., the first 20 tasks), which also has two levels — 55% and 95%.
Figure 3 illustrates the design of our experimental treatments.
To minimize the differences across treatments as much as possible,
we had subjects in different treatments see exactly the same 40

prediction tasks. The predictions of ML models shown to subjects
in different treatments, including both the binary predicted labels
and the confidence scores, were produced by real ML models that
we developed prior to the experiment deployment. We trained 4 ML
models for this experiment, including a neural network, a random
forest, a naive Bayes classifier, and a support vector machine (SVM)2 .
For the neural network, random forest, and naive Bayes models, we
directly used the conditional probability of the predicted label as the
confidence score. For the SVM model, we adopted Platt scaling [46]
to compute the probability of the predicted label given the binary
prediction and used that as the confidence score. On the 40 tasks
in our experiment, the Pearson correlation between the model’s
confidence on a task and the model’s accuracy on that task was
found to be positive for all 4 models, though with different levels
of significance (neural network: r =0.643, p < 0.001; random forest:
r =0.281, p=0.079; naive Bayes: r =0.175, p=0.281; SVM: r =0.254,
p=0.114).
Note that in our experiment, for any two treatments with the
same level of model confidence and observed accuracy, but different
stated accuracies, model predictions shown to the subject were
taken from the same pre-trained ML model. For example, as shown
in Figure 3, T1 (i.e., “stated-60%, observed-55%, low confidence”) and
T2 (i.e., “stated-90%, observed-55%, low confidence”) shared exactly
the same model predictions (including both binary predicted labels
and confidence scores) on all 40 tasks, which were generated from
a single SVM model3 . As such, the only difference between these
two treatments is the level of stated accuracy for the ML model.

3.4

Other Experimental Control

Our experiment was implemented as a Human Intelligence Task
(HIT) on Amazon Mechanical Turk (MTurk), and we limited the
subjects of our experiments to be U.S. workers on MTurk only.
Upon arrival, each subject was randomly assigned to one of the
eight treatments.
The 20 prediction tasks in Phase 1 were carefully selected such
that ML models for the 4 treatments with a 55% model’s observed
accuracy (i.e., T1–T4) always had the same binary predicted labels
on each of these 20 tasks, and 11 out of these 20 labels were correct
2 These

models were chosen because they naturally tend to produce different extremes
of observed accuracies and confidence scores. For instance, neural networks can be
trained to have high observed accuracy, but they are often overconfident in their
incorrect predictions, leading to inflated confidence scores.
3 We note that in reality, different levels of stated accuracy can be claimed for a single
ML model when the set of held-out data on which the model is evaluated is different.
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T1: stated-60%, observed-55%, low

…

…

T2: stated-90%, observed-55%, low

…

…

T3: stated-60%, observed-55%, high

…

…

T4: stated-90%, observed-55%, high

…

…

T5: stated-60%, observed-95%, low

…

…

T6: stated-90%, observed-95%, low

…

…

T7: stated-60%, observed-95%, high

…

…

T8: stated-90%, observed-95%, high

…

…

SVM

Naïve Bayes

Random forest

Neural network

Phase 1 (20 tasks)

Phase 2 (20 tasks)

Figure 3: Design of experimental treatments. Model predictions presented to subjects in treatments with the same level of
model confidence and observed accuracy (e.g., T1 and T2, or any two treatments shown in the same color) were taken from
the same pre-trained ML model. In Phase 1, treatments with the same level of observed accuracy (i.e., T1–T4 as highlighted in
the yellow dashed box, or T5–T8 as highlighted in the purple dashed box) had the same binary predicted labels on each of the
20 tasks (but model confidence differed between low confidence treatments and high confidence treatments). In Phase 2, all
treatments (i.e., T1–T8 as highlighted in the blue dotted box) had the same binary predicted labels on each of the 20 tasks (but
again, model confidence may differ).

(see the yellow dashed box in Figure 3). Similarly, ML models for
the other 4 treatments with a 95% model’s observed accuracy (i.e.,
T5–T8) also had the same binary predicted labels on each of these
20 tasks, while 19 out of these 20 labels were correct (see the purple
dashed box in Figure 3). So, within each set of 4 treatments that
shared the same level of observed accuracy, the only differences
among these treatments in Phase 1 were the model’s stated accuracy
and its confidence score for each prediction. Importantly, since there
was no overlap in the range of confidence scores between the low
confidence treatments and the high confidence treatments, on any
of the 20 prediction tasks in Phase 1, the confidence score produced
by models of low confidence treatments was lower than the score
produced by models of high confidence treatments.
Moreover, the 20 prediction tasks in Phase 2 were also carefully
selected such that ML models for all 8 treatments made exactly the
same binary predictions on each of them (see the blue dashed box
in Figure 3). 16 out of these 20 predictions were correct, although
the subject received no feedback on the model’s accuracy during
Phase 2. So, the only differences across all eight treatments in Phase
2 were the model’s stated accuracy, observed accuracy in Phase 1,
and confidence scores that the model associated with its predictions.
Again, on any of the 20 tasks in Phase 2, models of high confidence
treatments were more confident about their prediction than models
of low confidence treatments.
The order of prediction tasks was randomized within each phase.
To incentivize high-quality predictions from subjects, in addition
to the $1.5 base payment that each subject was guaranteed to
receive once they submitted the experiment HIT, we also provided performance-contingent bonuses—we told the subject that
we would randomly select one task from the 40 prediction tasks,

and we would pay a $1 bonus to her if her final prediction on that
task was correct. As the median amount of time subjects spent on
our HIT was about 17 minutes, the bonus payment we provided
was roughly equivalent to an additional hourly wage of $3.5/hour;
this is 75% higher than workers’ median hourly wage on MTurk
(about $2/hour, [26]) and likely provided considerable motivation
for workers to carefully decide whether to trust the ML model in
their decision making.

4

DATA

After removing workers who had accidentally completed our HIT
more than once, we were left with a total of 1,224 unique subjects
who participated in our experiment4 . Among these subjects, 42.3%
of them were female, and their average age was 35. When each
subject worked on a prediction task, we recorded her initial prediction on whether the participant in that task would want to see the
date again before seeing the model’s prediction, her final prediction
after seeing the model’s prediction, and her reported belief on how
likely the model’s prediction would be correct. At the end of the
experiment, we also recorded the subject’s responses to the survey
questions, which asked her to report the level of trust she had on
our model in each phase. Based on these data, we used four different
measures to quantify the subject’s trust in the ML model, and we
computed the values of these measures separately for each phase:
• Subject’s belief in model accuracy (belief): the average value of
the number that the subject gave in Step 4 of each prediction
task indicating how much they believed the model’s prediction
would be correct.
4 The

number of subjects in T1–T8 were 163, 156, 138, 150, 145, 159, 154, and 159.
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• Agreement fraction (agreement): the number of tasks that the

subject’s final prediction agreed with the model’s prediction,
divided by the total number of tasks.
• Switch fraction (switch): the number of tasks for which the subject
initially made an opposite prediction as compared to the model,
but after seeing the model’s prediction she decided to switch her
final prediction to agree with the model, divided by the number
of tasks that the subject initially disagreed with the model.
• Self-reported trust level (self-report): the level of trust that the
subject reported to have in the ML model in the exit survey.
We note that measures we adopted here were among the most
common ones that have been used in previous literature to quantify
trust in ML models. For example, subject’s belief in model accuracy
was used in [31, 50], agreement or switch fraction was used in [35,
58, 61], and subject’s self-reported level of trust in the model was
used in [10, 58]. However, subtle differences also exist between these
trust measures. While subject’s belief in model accuracy and selfreported trust level tend to characterize how much subjects “think”
they trust the ML model, the other two metrics—agreement fraction
and switch fraction—focus more on measuring trust by examining
how subjects behave (e.g., how often did a subject “follow” a model’s
prediction?). Intuitively, for all 4 trust measures, larger values imply
higher levels of trust.
Our data suggests that human subjects are, in general, not very
good at making accurate predictions for speed dating outcomes
by themselves. Specifically, the average accuracy of a subject’s initial predictions before seeing the model’s predictions was 53.6% in
Phase 1 and 62.8% in Phase 2, and it was not significantly different across treatments (in contrast, depending on the experimental
treatment the subject was in, the model’s accuracy was 55% or 95%
in Phase 1, and 80% in Phase 2).

5

RESULTS

In this section, we report our findings on how laypeople are affected
by multiple performance indicators of an ML model when this
model is provided to assist them in low-stakes decision making.

5.1

Analyzing Trust in Phase 1

We start by analyzing the experimental data that we obtained in
Phase 1 to understand overall how laypeople’s trust in an ML model
is affected by both the model’s stated accuracy and its confidence
before they observe the model’s performance in practice (i.e., view
the model’s actual accuracy in Phase 1). Before people have had the
chance to observe the ML model’s performance in practice, research
questions we are interested in examining include:
• RQ1: Does a higher level of confidence that the ML model associates with a prediction make people trust the prediction more?
• RQ2: Is people’s trust in a model prediction still affected by the
model’s stated accuracy, even though the model’s confidence on
that prediction is provided?
• RQ3: How does the effect of model confidence on trust vary
between models with different levels of stated accuracy?
To answer these questions, we used the model’s stated accuracy
and confidence level as our independent variables, and the four
trust measures as described above (i.e., belief, agreement, switch,

and self-report) were used as the dependent variables. Recall that
in Phase 1, models in T1–T4 (i.e., the 4 treatments with a 55% model
accuracy in Phase 1) made different predictions on the tasks than
models in T5–T8 (i.e., the 4 treatments with a 95% model accuracy
in Phase 1). As a result, to separate only the effects of model’s stated
accuracy and confidence on trust for RQ1–RQ3, we analyzed the
Phase 1 data by comparing trust within each set of 4 treatments
with the same Phase 1 model predictions.
To emphasize the exploratory nature of this study, in addition to
controlling for false discovery and avoiding the issues with multiple
comparisons, we conducted our analysis using the interval estimate
method [14, 20]. To analyze the effects of our independent variables
on the four trust measures, we plotted effect sizes for a given trust
measure between subjects assigned to different levels of a given
independent variable (e.g., levels 60% and 90% for stated accuracy).
Effect sizes were measured using Cohen’s d 5 , and we also plotted
their 95% bootstrap confidence intervals (R = 5000). To indicate the
size of an effect, we also followed Cumming (2013) in considering a
confidence interval’s range in relation to zero [13]. We conducted
this analysis separately for both confidence and stated accuracy
(answering RQ1 and RQ2, respectively), and this was repeated for
both T1–T4 and T5–T86 .
Meaningful interaction effects were identified by conducting a
two-way ANOVA (stated accuracy × confidence) for each of the 4
dependent variables within T1–T4 (and within T5–T8), and we followed the same interval estimate method approach for interactions
worth noting (answering RQ3)7 . Unlike in previous analysis using
the interval analysis method to illustrate the main effect of a single
independent variable, we calculate it for interaction effects using
a difference in difference: Consider the interaction effect between
two independent variables A (with two levels A1 and A2 ) and B
(with two levels B 1 and B 2 ) on a measure of trust Y . The difference
in difference is then defined as the difference in Y between two
treatments that both belong to the higher level of A (i.e., A2 ) and
differ on the level of B, minus the difference in Y between two
treatments that both belong to the lower level of A (i.e., A1 ) and
differ on the level of B.
5.1.1 RQ1: The Main Effect of Confidence in Phase 1. We first analyzed the data obtained in the 4 treatments with a 55% model’s
observed accuracy (i.e., T1–T4). As shown in Figure 4a, when the
ML model associates a higher confidence score to its prediction,
people believe that the prediction (belief ) is more likely to be correct (Cohen’s d=0.72 [0.55, 0.89]). On average, subjects in the high
confidence treatments considered the model predictions to be 7.2%
more accurate compared to the same model predictions that are
shown in the low confidence treatments (i.e., ∆M=0.072). Beyond
that, it also appears that higher model confidence on a prediction
may nudge people into following the prediction more often, both
in terms of how often people agree with the model’s predictions
(agreement) and in how often they will switch to agree with the
model’s predictions (switch). However, we find that the evidence
5 In

computing Cohen’s d, we always treat the level with the lowest value(s) as the
baseline group.
6 For figures of raw data distributions and a summary of all estimated effect sizes as
well as their 95% bootstrap confidence intervals, see the supplementary materials.
7 For the ANOVA test results, see the supplementary materials.
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Figure 4: The difference in trust between subjects with a high confidence treatment and a low confidence treatment in Phase
1. Cohen’s d values are plotted and listed above each point, and error bars represent 95% bootstrap confidence intervals. An
interval to the right (or left) of 0 represents a higher (or lower) mean for the subjects in a high confidence treatment. Measures
of trust that see a difference between treatments are also shown with a red and bolded Cohen’s d value.

of this impact on trust is not as compelling for agreement fraction (Cohen’s d=0.12 [−0.04, 0.28]) or for switch fraction (Cohen’s
d=0.15 [−0.01, 0.31]) as it was for belief in the model’s predictions.
In terms of self-reported trust in the model (self-report) in Phase 1,
we found no evidence that model confidence has an impact.
We next looked at the other 4 treatments in Phase 1 with a 95%
model’s observed accuracy (i.e., T5–T8). Similar to T1–T4, we found
that subjects given high confidence predictions believe that the
prediction is more likely to be correct (Cohen’s d=0.47 [0.31, 0.64]),
as seen in Figure 4b. We also continue to see that a higher model
confidence may influence people to agree with the model more
frequently (Cohen’s d=0.16 [−0.01, 0.32]), but we find no impact
of model confidence on how often people will switch to a model’s
predictions. Again, model confidence is not found to have an effect
on people’s self-reported trust in Phase 1.
Putting it all together, to answer RQ1, our results suggest that
before observing an ML model’s accuracy in practice, people believe
a model with high confidence scores to be more accurate, but do
not self-report to trust it more. In terms of following the model’s
predictions, we find some evidence that a higher model confidence
can have greater influence, but the evidence is not reliable.
5.1.2 RQ2: The Main Effect of Stated Accuracy in Phase 1. We now
look into whether the stated accuracy of an ML model can still
influence people’s trust in the model in the presence of model
confidence, before the model’s accuracy is observed in practice.
A visual inspection of Figures 5a and 5b indicates a positive answer. For example, when focusing on T1–T4, we found that overall,
claiming the model’s stated accuracy to be 90% rather than 60%
led to an increase of 2.7% in the subject’s belief in model accuracy
(Cohen’s d=0.26 [0.09, 0.42]), an increase of 2.9% in agreement
fraction (Cohen’s d=0.17 [0.02, 0.34]), an increase of 5.5% in switch
fraction (Cohen’s d=0.17 [0.01, 0.34]), and an increase of 7.7% in selfreported trust (Cohen’s d=0.37 [0.20, 0.53]). These results highlight
the effect of stated accuracy alone on people’s trust given that the

model’s prediction between the two treatments (including both binary predicted labels and confidence scores) on each task were kept
unchanged. This indicates that despite the fact that fine-grained
information of model confidence is provided at the level of individual predictions, an ML model’s stated accuracy still casts consistent
and significant impact on people’s trust in the model—the higher
the stated accuracy, the more people trust the model.
To put the effect sizes (as measured by Cohen’s d) of stated accuracy on trust in Phase 1 into context, we can compare them against
the effect sizes of model confidence on trust. We find that while
the model confidence has a larger effect in influencing subjects’
belief in model accuracy, the model’s stated accuracy tends to have
a larger and more reliable impact on subjects’ willingness to follow
the model’s prediction as well as their self-reported trust levels.

5.1.3 RQ3: The Interaction between Confidence and Stated Accuracy
in Phase 1. Lastly, we examine the interaction effect between model
confidence and the model’s stated accuracy on influencing people’s
trust in the model in Phase 1. The only meaningful interaction
effect we found is with respect to subject’s belief in model accuracy.
In particular, when an ML model has a high stated accuracy, the
increase in subject’s belief in model accuracy brought up by the
increase in model confidence is larger than that for an ML model
with a low stated accuracy (T1–T4: Cohen’s d=0.32 [−0.01, 0.64],
T5–T8: Cohen’s d=0.38 [0.07, 0.70]). In other words, the magnitude
of the effect of model confidence on how much people believe
the predictions to be correct varies depending on the levels of the
model’s stated accuracy. Alternatively, we can also interpret this as
that model confidence moderates the effect of the model’s stated
accuracy on subject’s belief in model accuracy—when the model is
more confident, an increase in the model’s stated accuracy will lead
to a more significant increase in subject’s belief of how accurate
the model is.
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Figure 5: The difference in trust between subjects with a high stated accuracy treatment and a low stated accuracy treatment in
Phase 1. Cohen’s d values are plotted and listed above each point, and error bars represent 95% bootstrap confidence intervals.
An interval to the right (or left) of 0 represents a higher (or lower) mean for the subjects in a high stated accuracy treatment.
Measures of trust that see a difference between treatments are also shown with a red and bolded Cohen’s d value.

5.2

Analyzing Trust in Phase 2

We now turn our attention to the data that we obtained in Phase 2
to examine overall how laypeople’s trust in an ML model is affected
by the model’s stated accuracy, observed accuracy, and model confidence after they learn about the model’s overall accuracy in Phase
1. Since subjects in all treatments worked on the same prediction
tasks and saw the same binary prediction on each of the tasks in
Phase 2, we can directly compare the trust measurements across all
8 treatments. In this set of analyses, we are interested in exploring
the following research questions after people have observed an ML
model’s performance in practice:
• RQ4: Does a model’s confidence score still influence people’s
trust in the model?
• RQ5: Do the stated accuracy and observed accuracy of the model
still affect people’s trust in the model, despite model confidence
still being provided for each individual prediction?
• RQ6: How do model confidence, the model’s stated accuracy,
and the model’s observed accuracy interact with each other to
influence trust?
To answer these questions, for each of the four trust measurements, we repeated our Phase 1 analysis method. This time, however, we included all 8 treatments in the analysis, and we included
observed accuracy along with confidence and stated accuracy as
independent variables to consider. Employing the interval estimate
method, we answer RQ4 by examining the effect of confidence in
Phase 2, and we answer RQ5 by looking into the effects of stated
accuracy and observed accuracy in Phase 2. Meaningful interaction effects were identified by conducting a three-way ANOVA
(stated accuracy × observed accuracy × confidence) for each of
the four trust treatments, and again we followed the interval estimate method by calculating a difference in difference for these
interactions to answer RQ6.
5.2.1 RQ4: The Main Effect of Confidence in Phase 2. Figure 6a
shows the effect of model confidence on each of the four trust

measures for Phase 2. Consistent with our Phase 1 results, we
found that subjects still tended to believe that models producing
higher levels of confidence scores are more likely to be correct in
Phase 2 (Cohen’s d=0.56 [0.44, 0.67]). This suggests that even after
observing the model’s accuracy in practice, subjects still believe a
prediction with a high confidence score as more likely to be correct.
However, it does not appear that the model confidence has any
impact on agreement fraction, switch fraction, or self-reported
level of trust. That is to say, in Phase 2, subjects did not seem
to follow a model prediction more often when a high confidence
was associated with it as compared to when a low confidence was
associated with it, nor did they feel that they trust a model more
when the confidence scores it produced were higher.
5.2.2 RQ5: The Main Effect of Stated and Observed Accuracy in
Phase 2. Figures 6b and 6c show that even though model confidence—
the model’s own accuracy estimate for individual predictions—is
provided on each prediction, both the stated accuracy and the observed accuracy of an ML model still have a significant impact on
people’s trust in the model in Phase 2. After observing the model’s
performance in practice, subjects not only believed predictions
made by a model with higher stated or observed accuracy to be
more accurate (stated: Cohen’s d=0.27 [0.16, 0.38], observed: Cohen’s d=0.45 [0.33, 0.57]), but also agreed with such predictions
more often (stated: Cohen’s d=0.15 [0.04, 0.26], observed: Cohen’s
d=0.35 [0.23, 0.46]), and switched their answer to match such predictions more often (stated: Cohen’s d=0.19 [0.08, 0.31], observed:
Cohen’s d=0.75 [0.63, 0.88]). A higher observed accuracy also led
subjects to self-report that they trusted the model more (Cohen’s
d=0.77 [0.64, 0.90]), and it also appears that a higher stated accuracy
may have a similar effect (Cohen’s d=0.10 [−0.01, 0.21]), though
this result is less compelling.
When comparing the effect sizes of stated accuracy and observed
accuracy on trust in Phase 2 against those of the model confidence,
we found the model’s stated accuracy and observed accuracy have
a larger impact on all trust measures except for subject’s belief in
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Figure 6: The difference in trust between subjects with different levels of the given independent variable. Cohen’s d values
are plotted and listed above each point, and error bars represent 95% bootstrap confidence intervals. An interval to the right
(or left) of 0 represents a higher (or lower) mean for the subjects in the higher valued treatment. Measures of trust that see a
difference between treatments are also shown with a red and bolded Cohen’s d value.

model accuracy. In particular, a model’s observed accuracy dominates the model’s stated accuracy and confidence on influencing the
subject’s willingness to follow the model predictions or their selfreported level of trust in the model in Phase 2. These observations
imply that after an ML model’s performance has been observed
in practice, its stated accuracy and observed accuracy still significantly influence people’s trust in the model, and the impact of the
observed accuracy is especially substantial.

5.2.3 RQ6: The Interaction between Confidence, Stated Accuracy,
and Observed Accuracy in Phase 2. Finally, we investigate whether
different factors interact with each other in influencing people’s
trust in the model in Phase 2. We first note that the three-way
interaction between the model’s confidence, stated accuracy, and
observed accuracy is not meaningful for any of the four trust measures, implying that the strength of the interaction between any of
the two factors (e.g., stated and observed accuracy) on trust is not
dependent on the level of the third factor (e.g., confidence).
We then move on to examine the two-way interactions between
any pair of influencing factors. Similar to that in Phase 1, we again
detected an interaction between model confidence and stated accuracy on subject’s belief in model accuracy, suggesting that after a
model’s performance is observed in practice, increasing the model’s
confidence on a prediction still leads to a larger increase in subject’s belief in the correctness of the prediction when the model’s
stated accuracy is higher (Cohen’s d=0.23 [0.003, 0.46]). Additional
meaningful interactions that we found are between a model’s stated
accuracy and observed accuracy in influencing people’s trust in the
model with respect to switch fraction (Cohen’s d=0.41 [0.18, 0.64])
and self-reported trust (Cohen’s d=0.43 [0.19, 0.65]), which are
similar to results previously reported in [58]. That is, after subjects
have had the opportunity to observe a model’s accuracy in practice,
higher levels of stated accuracy only push people to follow a model
more often and report a higher level of trust in the model if its
observed accuracy is high.
In sum, to answer RQ6, we indeed found evidence suggesting that
after people observe an ML model’s performance in practice, there
are some interactions between model confidence, stated accuracy,

and observed accuracy that influence people’s trust in the model,
as quantified by different measures.

6

DISCUSSIONS

In this paper, we conduct an exploratory study to investigate how
laypeople’s trust in an ML model is affected by both the model’s confidence and its accuracy. Our results suggest that model confidence
and model accuracy play different roles in influencing people’s trust
in an ML model. Model confidence mostly influences people’s belief
in model accuracy, but the model’s stated accuracy and observed
accuracy consistently impact how much people think they trust a
model and how frequently they actually follow the model. In this
section, we begin by discussing potential explanations for the limited impact that model confidence had in our study, as well as why
we see an inconsistency in our results across different measures of
trust. Next, we provide implications for future design and caution
readers on the generalizability of our results. Finally, we end with
possible directions for future work.

6.1

Understanding the Limited Impact of
Model Confidence

Compared to our observations that an ML model’s stated accuracy
and observed accuracy have significant impact on people’s trust in
the model, as consistently shown in all four measures of trust that
we adopt, the impact of model confidence on trust seems to be more
limited. The only consistent effect of model confidence on trust
is with respect to people’s belief of model accuracy; regardless of
whether the model’s performance is observed in practice, the more
confident a model, the more accurate people believe the model is. In
contrast, model confidence doesn’t influence the self-reported level
of trust in the ML model, and it doesn’t reliably influence people’s
willingness to follow a model.
As to why we see this result, it is possible that when both model
accuracy and model confidence are presented, people consider accuracy as a fact, but deem confidence as an estimate, and thus model
confidence is treated as a less trustworthy type of performance
information. Such perception may become particularly strong after
people have a chance to observe a model’s accuracy on real-world
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trials themselves. This is consistent with what we have observed
in our data, which suggests that people substantially rely upon the
model’s observed accuracy to decide their trust in an ML model in
Phase 2, effectively leaving the model confidence almost ignored.
This may also explain the difference between our findings and the
findings in prior literature indicating that model confidence is directly related to users’ levels of trust in the system [3, 36, 54, 61]:
when a confidence score is the only performance indicator of a
model shown, the score’s value may have greater influence on
people’s trust in its predictions.

6.2

On the (Seemingly) Conflicting Results
Across Different Trust Measures

In our experiment, we also find that the effects of model confidence
on different trust measures are not always consistent. This raises
an important question on how to appropriately operationalize people’s “trust” in ML models in experimental studies. To this end,
we first note that different trust measures can capture different
“types” of trust. For example, one can consider subject’s belief in
model accuracy and self-reported trust as the “stated trust” or trust
perceptions, while agreement and switch fractions represent the
“revealed trust,” or trusting behaviors.
Our results, for example, show that the effect of model confidence
on people’s tendency to follow a model (i.e., revealed trust) can
be different than that on people’s belief in model accuracy or selfreported trust (i.e., stated trust). While this is consistent with various previous literature suggesting that subjective self-reported trust
may not be a reliable quantification of trusting behavior [34, 49]
(i.e., “saying and doing are two different things”), we conjecture that
there may also exist some inherent relationships between different
trust measures that could explain the inconsistency. For instance,
one possible relationship between the belief in model accuracy and
the decision to follow a prediction of an ML model could be that
the subject would only be willing to adjust her own prediction to
match with that of the model’s if her belief in the accuracy of the
prediction is above a threshold. If this was true, then it’s possible to
see model confidence has a meaningful impact on subject’s belief
in model accuracy but not on agreement or switch fractions, just
as what we have seen in Phase 2 of our experiment, and to some
extent, Phase 1 as well. Exploring how various trust measures relate
to one another, perhaps by understanding the reasoning process
behind people’s trust decisions, can be another important direction
which may significantly advance our understanding of trust in ML.
Interestingly, in our experiments, we also found the effects of
model confidence on the two stated trust measures (i.e., belief in
model accuracy and self-reported trust) can be different, which
seems puzzling at first glance. One explanation for this is that
subjects experienced the anchoring effect when providing belief in
model accuracy. In particular, model confidence was described to
subjects as the chance that the model believes for its prediction to
be correct, and we solicited subject’s belief in model accuracy by
asking how likely she thought the model’s individual prediction was
correct. In addition, both confidence and belief in model accuracy
were represented as a value between 0 and 1, perhaps making them
analogous to one another. This may have made it easy for subjects
to use model confidence as a reference point for their belief in the

model’s accuracy, causing them to subconsciously weigh model
confidence higher than other factors such as stated and observed
accuracy in their final decision.
On the other hand, the self-reported trust measure was asked
upon completing the prediction tasks, and it was asked in the form
of a Likert scale. As such, the belief in model accuracy can affect, but does not necessarily determine, one’s self-reported trust.
Self-reported trust is a more holistic judgement of ML model’s performance, integrity and intention, reflecting the subject’s feeling
about the model as a whole, and can also be influenced by one’s
emotional state like surprise or confusion.
Finally, we acknowledge that trust is a complex concept and a
multidimensional construct. Though we attempted to measure trust
using a diverse set of metrics including both behavioral and selfreported methods, further studies are needed to understand how to,
for example, design reliable scales to probe into various aspects of
trust in ML models. In particular, there has been extensive literature
in various fields that discusses how to define, model, and quantify
trust in computational environments [7, 12], which can provide
useful guidance in the future on how to appropriately define trust
in the context of interactions between humans and ML models.

6.3

Design Implications

In our findings we saw that after the model’s performance is observed in practice, people’s trust in the model is affected dominantly
by model’s observed accuracy, yet it is hardly affected by model’s
confidence. This indicates the potential needs of helping laypeople
to better understand the uncertainty inherent in performance calculation and calibration estimation based on a small set of predictions.
As we have discussed earlier, if people indeed simply ignore model
confidence in deciding their trust in a model, especially after observing its accuracy in practice, then it is crucial to help people
recognize that doing so can be sub-optimal, since any accuracy
measurements computed based on a small number of trials may not
reflect the model’s overall performance accurately. Even if the accuracy measurement is reliable, there is still great value in utilizing a
calibrated confidence score to calibrate trust in an ML model. On the
other hand, people might have actually adjusted their interpretation of confidence scores after they have seen the model’s accuracy
in practice and thus obtained an estimation of how calibrated the
model’s confidence is. If this is the case, the key message that needs
to be conveyed to people becomes that the degree of confidence
calibration estimated based on a limited number of predictions can
also be inaccurate, especially when confidence scores for these
predictions all lie in a small range (e.g., 0.95–1).
In other words, it is critical for people to see the value of continued use of a calibrated confidence score to adjust their trust in an
ML model, even after observing a very high or a very low accuracy
of the model in practice (instead of simply always trusting or not
trusting the model, regardless of the model confidence). Meanwhile,
the estimated degree of calibration for a model’s confidence based
on a small set of predictions may not be very accurate. To this
end, a tool that assists people in updating their estimation of how
calibrated a model’s confidence is as they interact with the model,
and perhaps even quantifying and visualizing the uncertainty of
such estimation [21, 29], can potentially be very helpful.
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6.4

On the Generalizability of Our Results

Despite our findings, proper caution should be used when generalizing our results to different experimental settings, task domains,
and subject populations. In terms of settings, to keep the size of the
experiment manageable, we included only two levels for each of our
influencing factors. The levels we chose for each influencing factor
are relatively extreme, with the hope of identifying clear effects by
dichotomizing the levels. It is thus unclear what our experimental
results would be if an influencing factor takes a value that is substantially different from our chosen levels (e.g., after people observe
an intermediate level of model accuracy, say 80%, whether and how
the model confidence will affect people’s trust in the ML model?).
Our task interface may have further constrained our results. Had
we communicated multiple performance-related information of the
ML model to people in a different way (e.g., communicate model
confidence to people verbally, using terms like “virtually certain
to be correct”, “likely correct”, etc., or using visualizations), we
may have obtained different results. Limiting or expanding the
amount of information that we showed to subjects for each speed
dating task profile itself may have also had an impact on how much
attention was given to the model’s performance information.
Additionally, we recognize the potential for “confirmation bias”
from our subjects in determining whether to trust the ML model,
given that they were always asked to make an independent prediction first before seeing the ML model’s prediction. In this way, subjects whose independent predictions often agreed with the model
may have speculated that the model’s accuracy was higher than it
was in practice, leading to over-trust in its predictions, and viceversa. Indeed, prior research has shown that trust in peer assessment
is lowered when prior expectations are not met [30], and within
the context of trust in ML and its predictions, in the absence of
information about an ML model’s performance, people’s reliance
on the model is dependent on how often the model’s predictions
agree with their own [39]. We note that the possible existence of
this confirmation bias mainly influences the absolute magnitude of
the four trust measures we used in this study, but is unlikely to be
a confounding variable for our main results regarding whether and
how model accuracy and model confidence together affect trust.
This is because all our analyses were conducted only within the
set of treatments where the corresponding ML model shared the
same binary predictions on tasks (i.e., within T 1–T 4 and within
T 5–T 8 separately for Phase 1 analysis, and within T 1–T 8 for Phase
2 analysis), so the average degree that subjects suffered from their
biases should be similar across treatments in such a set due to the
random assignment. However, we acknowledge that had our experimental tasks been designed in a different way (e.g., showing
the model’s prediction before eliciting the subject’s), our findings
might change.
Finally, while the type of task (i.e., predicting speed dating outcomes) and the kind of human subjects (i.e., MTurk workers) we
chose suit the purpose of our study—that is, to understand how
laypeople’s trust in an ML model is affected by multiple performance indicators of the model in their low-stakes decision making—
we caution readers to generalize our results to other populations
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or other tasks. For example, it is unclear whether our results will
still hold when users of the ML model have better knowledge on
uncertainty quantification (e.g., data scientists) or on the domain
itself (e.g., experts of human behavior). Our goal of understanding
how laypeople trust ML models in low-stakes decision making implies that the decision of how much to trust the ML model does not
have particularly impactful or long-term consequences. Whether
similar results on the effects of various performance indicators can
be obtained for tasks with higher stakes, such as making predictions
of prognosis or recidivism, is unknown. We also note that though
the task of predicting speed dating outcomes is easy enough for
laypeople to understand and make meaningful predictions, it turns
out that our subjects are not good at making correct predictions on
this task by themselves. Had the prediction task been significantly
easier or more difficult for people, different conclusions may have
been drawn.

6.5

Future Work

With the exploratory evidence obtained in this study, we would
like to conduct more confirmatory studies in the future to validate
these results and examine their generalizability under different settings, for different populations, and on different tasks. There are
also many other types of performance indicators of an ML model
beyond accuracy and confidence, such as precision, recall, and F-1
score. Exploring how different combinations of performance indicators of a model affect people’s trust in the model differently is
another future direction. Ultimately, we seek to gain understanding
as to why various indicators of model performance affect people’s
trust in the way that they do, so as to build a theoretical framework on humans’ perception, processing, and comprehension of
performance information of machine learning.

7

CONCLUSIONS

As machine learning becomes more ubiquitous in everyday life,
understanding how laypeople trust the predictions of ML models becomes increasingly important. In this work, we explore the impact
of multiple performance indicators of an ML model on laypeople’s
trust in the model. Our results suggest that, in general, the confidence an ML model ties to its predictions significantly influences
how much laypeople claim to believe in the model’s individual predictions, but performance measurements like the model’s accuracy
on a held-out set of data and observed accuracy in practice have
greater influence on how often laypeople will actually follow the
model as well as their self-reported overall trust in the model. We
aim for this work to be a step towards further study into the process
that people’s perception and confidence in the predictions of machine learning models are shaped by diverse information about the
model that they receive and how this process eventually impacts
trust. We hope exploratory evidence we report in this work will
inspire more discussions in this direction.
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