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Abstract. To evaluate the utility of artificial intelligence (AI) models
in assisting humans, human-AI collaboration studies usually measure
whether AI-assisted users improved their task performance compared to
unassisted performance. However, such a performance gain can be ex-
plained not only by a synergy of human and AI strengths that enables
appropriate reliance on AI, but also by users over-relying on a superior
AI regardless of AI prediction quality. We suggest changes to human-
AI collaboration studies to account for over-reliance, including replacing
performance gain with complementary performance as the study end-
point; controlling, measuring, and reporting over-reliance; and disclosing
the negative influence of over-reliance when discussing study results. Our
critical analysis aims to improve the scientific rigor of human-AI collab-
oration studies and to encourage prioritizing collaborative requirements
in AI development that enable users’ appropriate reliance on AI.

Keywords: Human-AI collaboration · Human-centered AI · Comple-
mentary performance.

1 Introduction

Providing decision assistance and collaborating with end users is the common
way to involve artificial intelligence (AI) systems in high-stakes domains, such
as AI-assisted clinical decision support. In human-AI collaboration, the utility
of AI to assist users is usually evaluated through human subject experiments.
The study design, conduct, data analysis, and result interpretation of such eval-
uations should undergo critical scrutiny to ensure scientific rigor. In this work,
we conduct a critical analysis of the current paradigm of evaluation studies to
improve their scientific rigor. We argue that the mediator of over-reliance should
be taken into account when interpreting results from AI-assisted performance
gains. Our work focuses on AI assistants that perform the same task as the
users, and we adopt the definition of task performance that compares the agree-
ment of decision or prediction with some “correct” answer, using metrics such
as accuracy, F1, and AUC for classification tasks, and mean squared error and
coefficient of determination for scoring tasks.
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Fig. 1. Causal graph (directed acyclic graph) of the independent, dependent, and me-
diator variables in experiments that use AI-assisted performance improvement as the
study objective. Arrows “show the direction of hypothesized causal effects.” [3]

2 Over-reliance can explain away the positive effect of
performance gain

To evaluate the utility of AI assistance, a typical study design paradigm is to
compare the performance of the user-AI team with the baseline when users
perform the task alone. If there is a statistically significant improvement in AI-
assisted performance compared to the performance of unassisted users, then the
AI assistance is considered to show a positive effect by helping users improve
their performance [1,2]. We argue that this paradigm is flawed.

As shown in Fig. 1, such a performance gain of the human-AI team can
be explained by two possible mechanisms: 1) over-reliance and 2) appropriate
reliance on AI. These mechanisms are mediators that “explain the mechanism
or process that underlies the relationship between an independent variable and
a dependent variable” [4]. Over-reliance is defined as humans accepting both
correct and incorrect predictions from AI, whereas appropriate reliance on AI is
defined as humans relying on AI’s predictions when AI is correct and not relying
on AI’s predictions when AI is incorrect [5]. Over-reliance and under-reliance
hamper human-AI collaboration and need to be mitigated. In particular, the
negative consequences of over-reliance include reduced human autonomy and
deskilling [6,5,7].

When users are assisted by a superior AI (an AI model that has shown better
performance than users on the given task), over-reliance can explain away the
positive effect of the performance gain. By explaining away, we mean that while
we assume the AI-assisted performance gain is from the positive effect of users’
appropriate reliance on AI (i.e., the bottom path in Fig. 1), the performance gain
can also be partially or fully attributed to the negative effect of over-relying on a
superior AI assistant regardless of its correctness (i.e., the upper path in Fig. 1).
For example, in an exam, if students are equipped with a superior AI assistant,
they can simply copy whatever the AI suggests and get higher scores than their
own.
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Fig. 2. A confusion matrix to show the calculation of over-reliance, under-reliance,
and appropriate reliance rates. Color indicators: Red (Bad), Yellow (Warning), Green
(Good).

Table 1. Metrics of appropriate reliance, over-reliance, and under-reliance rates. All
the metrics are in the range [0, 1]. Higher number indicates a higher rate. The met-
rics are applicable for classification problems. ARR, ORR, and URR are aligned with
the definitions of accuracy, false positive rate (FPR), and false negative rate (FNR),
respectively. We use a similar definition as FPR rather than positive predictive value
for ORR to make it independent of AI performance and comparable among different
studies.

Metric Definition Meaning

Appropriate
reliance rate
(ARR)

RA+RR
RA+RR+WR+WA

Among AI’s correctly or incorrectly predicted in-
stances, the total ratio of instances that are accepted
or rejected by users.

Over-reliance
rate (ORR)

WA
WA+RR

Among AI’s incorrectly predicted instances, the ra-
tio of instances that are accepted by users.

Under-reliance
rate (URR)

WR
WR+RA

Among AI’s correctly predicted instances, the ratio
of instances that are rejected by users.

This phenomenon is evidenced in human-AI collaboration experiments. For
example, in a user study with neurosurgeons on the brain tumor classification
task, assisted by an AI model with 88.0% accuracy, doctors improved their
performance from their unassisted accuracy of 82.5% to 87.7% with statisti-
cal significance [8]. A fine-grained data analysis showed that with AI assistance,
physicians’ decision patterns converged to be more similar to AI’s suggestions
even when the AI was incorrect, indicating the sign of over-reliance [8]. Using
our defined appropriate, over-, and under-reliance rates (ARR, ORR, and URR)
in Table 1, we can calculate that both ARR and ORR increased, and URR de-
creased1, showing that both appropriate reliance and over-reliance contributed
to AI-assisted performance gain.

1 The calculation is based on the numbers of instances in Fig. 4 of [8] as follows: doc-
tor (DR) alone baseline: ORR = 39/(39 + 50) = 39/89; ARR = (576 + 50)/759 =
626/759; URR = 94/(94+576) = 94/670. DR+AI: ORR = 47/(47+42) = 47/89 (in-
creased from baseline); ARR = (612+42)/759 = 654/759 (increased from baseline);
URR = 58/(58 + 612) = 58/670 (decreased from baseline).
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3 Suggested changes in human-AI collaboration studies
to account for over-reliance

Due to the existence of over-reliance, AI-assisted performance gains cannot be
interpreted as evidence of a purely positive effect of AI assistance. Instead, such
studies should follow rigorous scientific criteria to control for alternative expla-
nations when establishing evidence of AI utility in human-AI collaboration. We
suggest the following changes to the existing paradigm of human-AI collabora-
tion studies to improve their scientific rigor.

1. Using complementary performance, instead of performance gain,
as the study endpoint. Studies using performance gain as the endpoint or ob-
jective without addressing the influence of over-reliance can mislead readers and
the public to default the performance gain to AI-assisted appropriate reliance.
Since the endpoint of performance gain is flawed, the study design should con-
sider using alternative endpoints that can effectively rule out the negative effect
of over-reliance. One such endpoint is complementary performance, which is de-
fined as the user-AI team achieving better performance than either user or AI
alone [9]. Achieving complementary performance is a strong indicator of appro-
priate reliance to mitigate over-reliance. It has been proven that the ratio of right
acceptance (RA) to wrong acceptance (WA) of AI predictions needs to achieve
a certain threshold to attain complementary performance [10]2.

2. Controlling, measuring, and reporting over-reliance. Since over-
reliance may not be completely eliminated but can be mitigated, it is the respon-
sibility of the researchers to control, reduce, measure, and report over-reliance
in human-AI collaboration studies. For example, the design of AI systems can
encourage users’ skepticism; the AI system should be able to reliably indicate
the limitations, scope, weaknesses, uncertainty, and evidence for its suggestions
to be a good collaborator and assistant in human-AI collaboration [11]. Re-
searchers may also utilize psychological evidence to mitigate over-reliance, such
as increasing cognitive engagement [12]. But the effectiveness of these approaches
may depend on specific contexts and cannot be guaranteed.

The study should include the fine-grained data analysis and reporting of
over-reliance. Once the data of participants’ agreement or disagreement with AI
suggestions is recorded, it is straightforward to calculate our proposed metrics
of ARR, ORR, and URR (Table 1), as we have done in footnote 1. Fig. 4 in [8]
also provides an example to visualize participants’ (dis)agreement changes due
to AI assistance and over-reliance.

3. Disclosing and discussing the influence of over-reliance when
interpreting study results. Lastly, if performance gain is used as the study
endpoint, the discussion should explicitly address the role of over-reliance in
explaining away the positive mechanism of performance gain, and disclose that

2 Theorem 2 in [10] shows the condition with respect to E[fr] and E[fw] to achieve
complementary performance, where E[fr] and E[fw] are expectations of the prob-
ability of human acceptance of AI’s right and wrong predictions, respectively. The
definitions of E[fr] and E[fw] align with RA and WA in this paper.
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the performance gain cannot be attributed solely to the positive aspects of using
AI, but can also reflect the negative effect of over-relying on AI.

4 Limitations and future work

The scope of this work is limited to scenarios in which the AI assistant performs
the same task as the users, and users have a clear binary decision to accept or
reject an AI prediction. Our scope does not cover a variety of other more complex
human-AI collaborative settings in the real world, such as when the capacity of
AI does not fully overlap with users’ skills, or when users partially accept or
reject AI predictions. Our empirical case analysis in footnote 1 is limited to one
case of a binary classification task, and we did not analyze more cases from
other types of tasks. Future studies can extend this critical analysis to different
AI-based decision support settings. Our scope is also limited by our adoption of
a narrow definition of task performance to compare the decision or prediction
with some “correct” answer. We did not consider a broader definition of task
performance [13], which may include metrics such as performance on fairness or
task completion time.

We hope our work can inspire future works to critically examine and im-
prove scientific rigor in human-AI collaborative study design, data analysis, and
reporting. Future works can iterate on insights from these critical analyses, and
incorporate them as extensions of existing study guidelines, such as SPIRIT-
AI [14] and CONSORT-AI [15].

5 Conclusion and implication for the technical
development of collaborative AI

In this work, we emphasize that over-reliance can explain away the positive effect
of AI assistance in performance gain. We propose metrics to measure appropri-
ate reliance, over-reliance, and under-reliance, and demonstrate the existence of
over-reliance as a mediator in a case study of AI-assisted performance gain. We
suggest changes in the study design, data analysis, reporting, and interpretation
of human-AI collaboration studies to improve their scientific rigor. Shifting the
study endpoint from performance gain to complementary human-AI performance
fundamentally redefines AI development objectives. Instead of prioritizing out-
performing humans—where collaboration is merely an afterthought—prioritizing
complementary performance requires embedding collaborative requirements di-
rectly into the blueprint of AI models. This means to develop AI as decision
support in high-stakes domains, the AI technical development priorities could
include the following:

1. The AI development needs to prioritize the objective to reliably indicate
the weaknesses and uncertainty of AI models’ predictions. This objective,
which may be achieved through the development of explainable AI and un-
certainty estimation techniques, provides the prerequisite that enables users’
appropriate reliance and complementary performance [16,10,11].
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2. Being able to effectively collaborate with users and improve complemen-
tary performance means that the AI development needs to incorporate un-
derstandings of technical limitations [17], human factors [18,19,20,21], and
sociotechnical factors [22,23,24,25] into technical specifications from the out-
set in AI development [26]. To give an example of this line of effort, Jin et
al. [27] incorporated clinical users’ inputs and requirements for explainable
AI techniques as the five evaluation criteria for the development of poten-
tially clinical viable explainable AI techniques.
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