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Figure 1: Timeline of key studies and concepts in human–AI reliance research. Pins indicate pivotal literature studies, and circle
sizes represent publication volume per year. Over the years, research has shifted from understanding the effects of model-level
features (local explanations, accuracy, etc.) to enhancing the capabilities of decision makers (end users), while defining methods
and metrics to capture reliance. A critical debate exists in the literature between enhancing user engagement with AI systems
(cognitive forcing, frictions, adaptations) and improving user expertise (domain knowledge, understanding).

Abstract
AI systems are increasingly being positioned to assist people in
decision-making. However, recent empirical studies show critical
concerns that people over-rely on AI advice without analytically
engaging with it. While HCI research explores how people rely on
AI advice, we argue that it largely overlooks an important aspect:
replicating realistic decision-making scenarios. Human-AI interac-
tion factors influence people’s reliance on AI advice. To understand
human-AI interaction factors and their interplay, we conducted
an analytical review of recent studies in human-AI reliance litera-
ture. We analyzed the decision-making tasks in research and their
validity in application-grounded contexts. Our findings show that
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user engagement is a precious commodity for relying on AI advice;
however, it comes at a cost. We also discuss factors contributing
to “appropriate reliance”, existing research gaps, and recommen-
dations for intervention design for human-AI reliance. Our work
contributes to the critical body of research on building appropriate
reliance on AI advice.
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1 Introduction
Artificial Intelligence (AI) systems continue to be fallible [77]. Al-
though in many cases, AI performance is superior to human perfor-
mance [5, 99], it still suffers from systematic or random errors. In
such situations, tasks cannot be delegated entirely to AI, for reasons
that include the need to ensure accountability or ownership over
the decisions being made [13, 81]. Hence, researchers and practi-
tioners posit AI to assist humans in their decision-making [5, 54],
to enhance what the literature refers to as human-AI complemen-
tary team performance (CTP). Human-AI CTP is defined as the
situation where humans and AI systems collaboratively achieve
a performance superior to their individual performances [41, 134,
169]. Typically, in human-AI decision-making contexts, the AI sys-
tem provides advice, and users make the final decision by accept-
ing or rejecting/correcting this advice [13, 132]. Research [5, 60,
151] has explored methods to understand and enhance human-AI
decision-making in diverse domains, including medical [17, 20, 71],
finance [21, 28, 43], and justice [32, 52, 86]. The main objective is
to achieve human-AI CTP, such that the users should only accept
advice from AI when it is correct and reject advice when it is incor-
rect, coined as “appropriate reliance” [132]. A snapshot of research
on human-AI reliance is depicted in Figure 1.

Building appropriate reliance is a complex problem, and no panacea
can be applied to all situations [49, 81, 132]. There is mounting
evidence that human-AI CTP often performs worse than AI sys-
tems alone [54, 83]. However, legal and ethical concerns with high-
stakes tasks necessitate AI to support, instead of automating human
decision-making [12, 147]. Research increasingly highlights the
need to gain a foundational understanding of appropriate reliance
on AI advice [13, 41, 81, 132] to improve human-AI decision-making
scenarios. This understanding informs developers and stakehold-
ers with a groundwork to implement AI support to assist humans
in decision-making. Hence, it is important to understand the pro-
cess through which decision-makers determine whether to rely on
AI or not. This process should ensure that AI assistance is indeed
complementary and enhances the decision accuracy, along with em-
powering users to rely appropriately, instead of averting [42, 143]
or complying [91, 111] with AI blindly.

Research has explored several approaches for studying human-AI
reliance, mainly categorized under enhancing the AI systems (ex-
planations, performance, uncertainty) [5, 54, 118, 127],understand-
ing users (biases, expertise, self-assessment) [48, 108, 126, 144, 151],
and designing interaction methods [9, 10, 15, 60]. Each cate-
gory in itself contains numerous fragmented theories, methods,
and application areas that study appropriate reliance from different
angles [10, 13, 103]. Recognizing these dimensions, we find that
there is limited research that analytically evaluates recent HCI re-
search in human-AI appropriate reliance. In this work, we analyze
and consolidate complementary research approaches in human-
AI appropriate reliance. Previously, Lai et al. [81] and Eckhardt et
al. [49] explored empirical human-AI decision-making research,
without an explicit focus on appropriate reliance. Contrary to ex-
isting works [49, 81], we address nascent challenges and the recent

body of research, which has increasingly started to explore human-
AI reliance through objective metrics. We analyze research studies
around users, experimental designs, evaluationmetrics, explanation
methods, and implementation details. By doing so, we aim to pro-
vide recommendations towards building appropriate reliance and
calling research focus on open challenges. Our research is driven
by the following questions:

(1) How does current research define and measure appropriate
reliance on AI advice?

(2) How can the state-of-the-art help researchers and practi-
tioners understand and evaluate appropriate reliance on AI
advice, focusing on the users, AI systems, and interaction
methods it employs?

Our findings show that HCI research aims to improve human-
AI reliance from different aspects to understand the users’ mental
models (including how they build understanding of the AI models,
and how and whether they become aware their own confidence or
uncertainty in interacting with AI systems), as well as interaction
methods (including exploratory interfaces, frictional design, and en-
gagement strategies). In terms of applications, studies employ both
real and hand-crafted (simulated) AI models, potentially introducing
bias and not capturing realistic AI behavior, mostly with novice users
(as opposed to users that are a representative sample of the study’s
target population). Realistic tasks such as medical diagnostics and
financial investments are explored with non-expert crowd workers,
the involvement of whom does not necessarily replicate real-world
experiences. Studies employ objective and subjective measures to
capture user behavior and perceptions, based on research questions
and tasks. We find a variational use of explanation methods and
user engagement to reduce direct/default AI acceptance. At the
same time, limited focus has been placed on studying users’ interac-
tion and agency over AI mechanics to contest and adapt decisions
for improving reliance on AI. In a nutshell, our work makes the
following contributions towards the goal of understanding research
on achieving appropriate reliance on AI advice:

(1) We analyze recent empirical human-AI reliance research
from January 2018 to May 2025.

(2) We discuss and argue on the definition of appropriate reliance,
and advocate for research consensus.

(3) We derive and discuss the dimensions of users, AI systems,
and interaction methods in studying human-AI appropriate
reliance.We extensively analyze current research along those
directions and elicit recommendations to enhance future
studies.

2 Background and Research Position
Traditionally, AI systems have been black-boxes and accuracy-driven,
being complex to be understood by their end users [2, 56]. Human-
Centered AI (HCAI) research [137, 138] focuses on making AI
systems more accessible, transparent, trustworthy, and account-
able to end users [165], with the aspiration to eventually achieve
complementarity [20, 82, 83, 117, 169]. However, for various rea-
sons [20, 81–83], achieving human-AI complementarity is a hard
problem [54]. Hence, HCAI research aims to enhance the efficacy of
decision-making and to build reliance on AI systems through vari-
ous intermediary steps, such as explanations, interactions, or trust
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formation [56, 121, 137, 138, 166]. In the following sections, we pro-
vide a background on human-AI reliance and its progression, along
with automation [143] and socio-technical systems’ maturity [128].
We evaluate the literature focused on enhancing human-AI reliance
using objective measures, and review the closely related works to
further the research within the broader HCI landscape.

2.1 Trust and Reliance
Building reliance on AI advice is rooted in building trust [85, 130,
139]. The concept of trust has evolved over the years, from trust in
automation (TiA) [65, 87] to trust in modern-day AI assistance [34,
74, 89, 154]. To understand trust, theoretical frameworks from psy-
chology are used in various studies [4, 59, 87, 149, 150]. Using these
frameworks, AI-assisted decision-making operationalizes trust and
reliance measures, where trust reflects the users’ subjective per-
ception (i.e., affective or emotional attitude) towards others or sys-
tems [87, 100], while reliance pertains to their (observable) objective
behavior [47, 130]. Initial works [65] mostly studied users’ trust in
automation; however, trust measures do not necessarily enhance
reliance [131], which is gaining attention in recent work [81, 130].

To study reliance, research uses an approach called Judge-Advisor-
System (JAS) [140], where a human acts as judge and gets advice
from AI. To form reliance, this approach has to solve two main
challenges: 1) the advice/advisor should be credible, and 2) humans
should trust and then rely on the advice/advisor appropriately [132].
Recently, “appropriateness” of reliance has been defined to differ-
entiate it as a construct in human-AI decision-making [131, 132].
For instance, Schemmer et al. [131] define the appropriate reliance
as “humans’ ability to discriminate correct and incorrect AI advice
and to act upon that discrimination.” Hence, discriminating between
correct and incorrect advice is not sufficient, but humans also need
to adapt their decisions accordingly to enhance human-AI CTP [67].
Mere discrimination can help detect errors in AI advice, but it does
not enable contesting/correcting them. In addition, it is argued that
users should neither over-rely nor under-rely on the AI advice [132].
Over-reliance is when users accept incorrect advice, and under-
reliance is when users reject correct advice. Hence, we investigate
how research explores the users’ appropriate reliance, over-reliance,
and under-reliance on AI advice.

Users can over-rely or under-rely on AI advice due to various
reasons. For instance, users may over-rely on the system’s advice,
demonstrating complacency or automation bias, due to their belief
in the system’s superiority [73, 91, 111, 161]. Conversely, users
may refrain from using the AI system due to performance bias,
perceptions of self-efficacy (the ability to make decisions without
advice), or purposefully considering the system’s advice as inferior,
demonstrating algorithmic aversion [42, 143]. The users’ inability
to understand the system operations and uncertainty, either due
to the system’s complexity or their lack of expertise, also affects
reliance [2, 143]. To investigate such issues, research has explored
understanding system operations [56, 111], and providing users
with various forms of assistance, including explanations [50], un-
certainty estimation [118], and interactions [45, 121].

Enhancing the explainability of systems supports users in un-
derstanding those systems in the first place [155, 165]. The liter-
ature on human-centered explainable AI (XAI) either advocates

for transparent models or enhancing the interpretations of opaque
models [50, 56]. XAI methods help users understand and augment
their decision-making with AI, which has a direct impact on the for-
mation of their trust. Similar principles are also applied to building
reliance on AI advice, where users form a perception of AI per-
formance based on its behavior [81, 100]. However, explanations
of AI systems are often not enough to make users rely effectively
on AI assistance [5, 129]. Hence, the combined study of human-
related aspects (e.g., biases) [42, 148], attributes of the AI systems
(e.g., XAI) [90, 94, 124], and characteristics of the decision-making
tasks [54, 126] is essential to understand appropriate reliance.

2.2 Related Research Analysis
Existing reviews in HCAI can be broadly categorized into XAI [2,
6, 92], trust [100, 162], interactions (i.e., interactive Machine Learn-
ing (ML)) [45, 121], or related domains [1, 7, 49, 81]. For example,
Bertrand et al. [6] reviewed the literature on how users’ behav-
ior with explanations affects AI-assisted decision-making. They
examined the role of XAI systems on the users’ cognitive biases
and trust. Their research focuses on enhancing user acceptance of
the system by improving explanations. Studying trust calibration,
Wischnewski et al. [162] evaluated studies on the calibration of
trust in automated systems up to 2022. This work [162] analyzes
trust calibration and trust measurement in decision-making sce-
narios that include delegating tasks entirely to the system, and
mainly focuses on autonomous and robotic systems. In a similar
vein, Mehrotra et al. [100] surveyed research from 2012-2022, syn-
thesizing several perspectives on forming trust with automation
and AI systems. Their work looks into historical perspectives of
trust and investigates disagreements on definitions and measures.

Understanding can also be improved through interactions [45,
121]. Raees et al. [121] review user interactions with AI assistance
to enhance system acceptance. Their work mainly looks at XAI and
proposes interactions to enhance user trust and agency with the
system. In related domains, cognitive biases are also studied, which
affect the users’ decision-making with AI assistance. Boonprakong
et al. [7] conducted a review that focuses on how researchers study
various types of cognitive biases in automated/computing systems.
Their work highlights the significance of designing AI systems
that support human understanding and discourage biases. In the
human-AI decision-making context, Lai et al. [81] analyzed empir-
ical research outlining the progress and gaps for human-AI com-
plementarity. Their work captures empirical studies in human-AI
decision-making up to 2021. Eckhardt et al. [49] surveyed human-
AI reliance research by employing a socio-technical lens. While
these reviews highlight the needs and contexts for understanding
trust and reliance, there is limited analysis of HCI research on re-
cent studies that examine human-AI appropriate reliance. In the
nascent field of human-AI reliance, an in-depth synthesis of the
state-of-the-art is essential. The recent growth in human-AI reliance
studies (Figure 1) also shows the significance of AI assistance for
a wide range of stakeholders. Hence, in this work, we build upon
the existing knowledge to augment the discussion on human-AI
reliance in HCI research.

Our Contribution. Human-AI complementarity is highly im-
portant for AI adoption in real-world contexts. Despite recent
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growth, limited work has been dedicated to reviewing studies on
human-AI appropriate reliance in HCI research, which is scattered
around trust and reliance [49, 81, 132]. As research increasingly
focuses on objective measures of reliance [13, 132], it is important to
analytically evaluate recent studies exploring appropriate reliance
on AI advice. In this work, we use a standardized and systematic
method to analyze studies by specifically focusing on research
in human-AI appropriate reliance and covering recent work.
Through our analysis, we summarize the current landscape (con-
cepts and methods) in human-AI reliance research, identify nascent
challenges, and present recommendations that support enhancing
appropriate reliance on AI. We provide an analytical evaluation
of current work from the lens of users, AI systems, and interaction
methods. We believe this work will provide an in-depth synthesis for
HCI researchers investigating human-AI decision-making contexts.

3 Methodology
In what follows, we explain our review protocol and criteria. To
ensure high-quality reporting, we used a standardized protocol
for the search and selection of relevant studies, as well as for the
presentation of the results. We developed this protocol following
recent guidelines on literature review research [141], and according
to the PRISMA [110] framework, which is outlined in Figure 2.

3.1 Search and Identification
We identified queries with an initial search on the ACM Digital
Library (DL) with keywords: “human-AI reliance”, “appropriate re-
liance”, “over-reliance on AI”. Analyzing article abstracts and our
understanding of literature in “human-AI reliance”, we formulated
our full search queries, as shown in Table 1. Based on our study’s
focus and the existing works [81, 132] highlighting nascent explo-
rations in human-AI reliance, a timeline from Jan 2018 to May 2025
is used. We conducted an initial search using the SCOPUS database.
To enhance the results, we conducted a similar search on the ACM
Digital Library (DL). We collected 534 search results across the
queried databases.

3.2 Selection Criteria
The initial screening consisted of a title and abstract assessment
with soft inclusion criteria as follows:

• Peer-Reviewed: Peer-reviewed full articles (conference or
journal). Short papers, workshop papers, books, chapters,
editorials, and non-reviewed work (e.g., from arXiv) were
excluded.

• Primary Studies:Only primary studies, excluding secondary
studies such as reviews, surveys, and similar.

• Human-AI CTP: Articles that study decision-making as-
pects, such as through assistive AI. Articles that lacked focus
on human-AI CTP or only compared user behavior on ex-
perts’ (human) advice were excluded.

This screening reduced the total number of articles to 73. We
subsequently applied a more comprehensive set of inclusion and
exclusion criteria to these articles by reviewing their full texts, as
follows:

(1) Conceptual or Unusable:Articles that only studied concep-
tual or algorithmic models for human-AI complementarity
(i.e., reliance on technology usage) were excluded.

(2) Human-AIDecision-Making:Articles that studied human-
AI assistance, but did not focus on or measure objective user
behavior for reliancemeasures [69] (i.e., only capturing users’
trust perception/feedback [124, 158]) were excluded.

(3) Building AI Reliance: Only the articles that study building
and measuring reliance on AI assistance using objective
measures were included.

Following the aforementioned criteria, two researchers indepen-
dently reviewed each article and coded them in categories from
1 (conceptual or unusable) to 3 (Building AI Reliance). Inter-rater
reliability using Cohen’s Kappa [84] indicated strong agreement (k
= 0.80). Conflicts in the codes were discussed to form a consensus.
This process resulted in 41 primary studies, with category 3 being
included for analysis.

To further expand our selection, we performed iterative back-
ward and forward (using Google Scholar) snowballing [163] by
analyzing references and citations of each paper. We used the same
inclusion and exclusion criteria on the snowballing results and
selected an additional 15 of 20 identified studies (Backward: 10;
Forward: 5). This provided us with a total of 56 studies for final
analysis. The review protocol and process are provided as an Open
Science Framework (OSF) repository [3] for the reader’s evaluation.

3.3 Bibliometrics
We first performed a meta-analysis of the selected studies, coding
each paper for domains, tasks, evaluation methods, and AI methods
used for decision-making. Then, we analyzed the studies focusing
on similar patterns and introducing new concepts. The categoriza-
tion of the selected studies along these dimensions is expanded in
Section 4 and summarized in the appendices. Figure 3 shows a meta-
analysis of the dataset based on the year and venue1 of publications.
A recent surge in publication volume reflects the focus of the HCI
communities on studying appropriate reliance, transitioning from
existing methods that only focused on studying subjective trust
and user confidence. The venues of the selected studies are quite
diverse; however, the majority of the studies were published in
reputed HCI venues such as PACMHCI (30%), IUI (25%), CHI (23%),
FACCT (5%), JAI (4%), and others (combined 13%).

3.4 Reliance Views and Concepts
“Objective reliance” is defined as a behavioral aspect with three pat-
terns/views [26, 131], which are expressed in Table 2. The traditional
view [151] assesses whether the user over-relies or under-relies
on AI by studying their behavioral patterns. This view, with some
additional measures, is studied more commonly than the others
in the identified corpus, without explicit definitions. Schemmer et
al. [132] define the appropriateness view as attempting to under-
stand the users’ Relative Self-Reliance and Relative AI Reliance.

1PACMHCI: Proceedings of the ACM on Human-Computer Interaction. CHI: Confer-
ence on Human Factors in Computing Systems. IUI: Conference on Intelligent User
Interfaces. FACCT: ACM Conference on Fairness, Accountability, and Transparency,
JAI: Journal of Artificial Intelligence.
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Figure 2: Overview of the analysis framework. The primary search was conducted on SCOPUS, with a secondary search on
the ACM Digital Library (DL). The SCOPUS search comprises articles from diverse sources, while the ACM DL results focused
primarily on HCI venues. *The ACM results were restricted due to overlaps with the retrieved corpus.

Table 1: Queries selected to conduct database search (SCOPUS and ACM DL). The search queries were adapted to the interface
of each database and complemented with known abbreviations (AI/ML) where needed. The search queries ensured that the
articles were selected from broadly representative human-AI domains.

Search Queries
(“over-reliance” OR “under-reliance” OR “reliance” OR “appropriate reliance” OR “human-AI reliance” OR

“trust”) AND
(“artificial intelligence” OR “machine learning”) AND
(“decision making” OR “decision support” OR “human-AI complementary performance”, OR “human-AI interaction”

OR “AI assistance” OR “user behavior”)

Year

0 2 4 6 8 10 12 14 16 18

Number	of	Publications

2019

2020

2021

2022

2023

2024

2025

Venue

0 2 4 6 8 10 12 14 16 18

Number	of	Publications
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OTHERS

CHI

IUI

PACMHCI

Figure 3: Year-wise and venue-wise distribution of the selected articles, showing a growing interest in human-AI reliance within
HCI research over time. The year 2023 represents the highest number of selected articles. Venue-wise, the majority of the
articles come from PACMHCI. Venues with a single article are grouped as "OTHER-ACM" (within ACM) and "OTHERS" (outside
ACM). Approximately two-thirds of the selected articles (38 articles) were published between 2023 and 2025.

Relative Self-Reliance (RSR) is a measure that describes the situa-
tion in which humans correctly reject wrong AI advice and make
the correct decision independently (i.e., without being influenced
by the AI’s wrong recommendation). Relative AI-Reliance (RAIR)
captures the user’s shift to a correct AI advice (i.e., the situation

in which the user initially makes an incorrect decision but subse-
quently changes it to align with the correct AI recommendation).
Cabitza et al. [13] define the dominance view, which captures the
dominance that technology exerts on users, which can be detri-
mental or beneficial in overall decision quality. This view is often
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Table 2: Patterns established in research exploring reliance in human-AI collaboration. The iterative decision-making pattern
asks users to make decisions before and after AI assistance. 1: correct advice/decision or 0: incorrect advice/decision w.r.t.
the ground truth. Ensuring correct/appropriate/beneficial reliance is the main objective of AI-assisted decision-making. The
traditional view uses over-reliance and under-reliance measures based on behavioral patterns. The appropriateness view uses
relative self-reliance (RSR) and relative AI reliance (RAIR) to measure users’ independent and AI-dependent decisions. The
dominance view measures the benevolent or detrimental exertion of technology for final decisions.

Human
Decision

AI Advice Final
Decision

Traditional View [151] Appropriateness
View [132]

Dominance View [13]

0 0 0 Over-Reliance N/A Detrimental Reliance
0 0 1 Appropriate Reliance N/A Beneficial Under-Reliance
0 1 0 Under-Reliance Incorrect Self-Reliance Detrimental Self-Reliance
0 1 1 Appropriate Reliance Correct AI Reliance Beneficial Over-reliance
1 0 0 Over-Reliance Incorrect AI Reliance Detrimental Over-Reliance
1 0 1 Appropriate Reliance Correct Self-Reliance Beneficial Self-Reliance
1 1 0 Under-Reliance N/A Detrimental Under-Reliance
1 1 1 Appropriate Reliance N/A Beneficial Reliance

studied in high-stakes domains (e.g., medicine) to understand the
beneficial and detrimental effects of using AI advice.

Morrison et al. [103] slightly expand the appropriateness view
from Schemmer et al. [132], including the XAI dimension, i.e., where
AI predictions can be correct, but their explanations can be incorrect
or vice versa. Various methods use other measures, such as user
agreeableness, or switching fractions with AI advice [13, 132, 151],
as elaborated in Section 4. However, in all views, the burden of
making a decision lies on the human user in the end. Several studies,
however, do not explicitly conform to capturing these views but
use similar measures for studying reliance. Regardless of views
and slight variations in the definitions, research highly focuses on
understanding human-AI reliance [124, 132]. Hence, in a nutshell,
to form appropriate reliance, users must switch to the AI advice
when it is correct and override it when it is incorrect.

4 Analysis
In what follows, we provide an analytical evaluation of the selected
studies. Table 3 provides an overview of the main dimensions of
our analysis. Section 4.1 examines the main research directions of
the literature. We analyze the measures (objective and subjective)
and measurement protocols used in the literature in Section 4.2.
The analysis of the studies’ experimental design is presented in
Section 4.3. Finally, Section 4.4 explores the intervention used by
the studies in our corpus and their impact on achieving appropriate
reliance. The Appendices (Tables 5 – 8) provide additional informa-
tion regarding our analysis, including a quantitative overview and
detailed coding of the selected studies.

4.1 Studying Appropriate Reliance
Broadly, studies have focused on three main directions for en-
hancing appropriate reliance on AI, namely 1) AI systems (e.g., by
improving performance, uncertainty, explanations) [5, 9, 118, 127,
156, 168, 170], 2) user factors (e.g., focusing on expertise, cogni-
tive biases, traits) [33, 63, 98, 108, 123, 144, 145, 151, 153], and 3)
interaction factors (e.g., focusing on enhancing engagement, or
changing the behavior of the user towards the tasks) [10, 13, 15, 40].

Figure 4 illustrates an overall categorization of these three direc-
tions that the evaluated AI-reliance literature has focused on, and
their sub-categories.

4.1.1 AI System Factors. Around 64% (36) of the studies specifically
focus on enhancing the AI system, for example, by improving
its performance or augmenting the explanations regarding its func-
tionality (XAI), to support user reliance. Approximately 13 (23%)
of the studies use AI performance metrics like model confidence
and uncertainty [27, 28, 98, 118], as well as accuracy [168, 170] to
understand user behavior. For example, Zhang et al. [170] study the
impact ofmodel confidence, which helps calibrate people’s trust in AI
models. Making users aware of system capability [62, 98, 168, 170]
and uncertainty [24, 76, 118] is important; this is achieved by, for
instance, conveyingmodel accuracy on the dataset. Communicating
about uncertainty in the AI system’s capacities can help users gauge
the pitfalls of model performance and associated risks. However, it
can also give them a false impression of high confidence. Specifically,
accuracy metrics can impact people’s trust and reliance, with users
reporting higher trust in the model when they can compare their
own accuracy to that of the system [62].

With the majority of the studies using XAI, we find that around
57% (32) of them focus on adapting the XAI method used. These
studies use (experiment) conditions to test the effect of feature-
based [60, 153, 156, 164], example-based [17, 23, 108, 146], model-
based [8, 33, 55, 114], or general explanations methods [102, 117,
127]. In addition, studies attempt to adapt explanation methods by
changing their medium (text, visual) [103, 167], complexity (easy
to complex) [151], context (analogies, reasoning styles) [27, 62], or
model confidence [145]. For instance, model-based explanations
may be used if the model is sensitive to the dataset [170], explana-
tions adapted to AI’s confidence may be used if the model is focused
on prediction [5], or, if the model is focused on user performance,
the explanations may be adapted in terms of when they are shown
to the user [144].

Approximately two-thirds of the studies (38) use local model
explanations [133, 153, 170] as compared to (13 studies) global ex-
planations [33, 55, 62, 168]. Meanwhile, 22 (non-exclusive) studies
use example-based [23, 23, 131, 167] explanations, while a few use
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Table 3: Categorization and summary of main dimensions for the analysis. Dimensions include three main research directions
explored in the literature to study appropriate reliance. The analysis also includes other dimensions, such as metics, measure-
ment protocols, applications, participant expertise, recruitment, workload, remuneration, and AI system fidelity. We discuss
common interventions and their impact on appropriate reliance. Sub-categories also include the number of studies in which
they are explored to provide a quantitative summary of the analysis.

Dimensions Categories Sub-Categories (# Studies) Explanation

Main Research Directions

AI Systems XAI Adaptations (32) §4.1 explores human reliance on AI by analyzing 1)
adaptations of XAI and AI performance metrics, 2)
impact of user factors (e.g., cognitive biases) and self-
assessment, and 3) interaction with the AI system
or motivating users through incentives, or providing
performance feedback.

AI Performance (13)

User Factors Biases (13)
Self-Assessment (10)

Interaction Factors
Adapting Interaction (10)
Motivating Users (29)
Performance Feedback (9)

Measuring Human Reliance on AI
Metrics Objective Metrics (56) §4.2 examines objective and subjective metrics re-

ported in the literature, along with their usage, in
concurrent or multi-step decision-making protocols.

Subjective Metrics (51)

Measurement Concurrent (Single Step) (20)
Sequential (Multi-Step) (40)

Experimental Design

Domains

Healthcare/Medicine (10)

§4.3 explores the contexts of applications (e.g., do-
main areas, implementation details), and participant
expertise (e.g., background, domain knowledge), re-
cruitment method/category (e.g., crowd workers), par-
ticipant workload (tasks) and payment, and the level
of AI implementation fidelity (realism, complexity,
models, datasets, etc.).

Education/Learning (17)
Business/Work-Context (20)
Leisure/Sports/Arts (11)

Participants
AI Experts (2)
Domain End Users (6)
Novices (48)

Recruitment Crowd-workers (40)
Non-Crowd-workers (16)

Workload Crowd-workers (40)
Non-Crowd-workers (16)

AI Fidelity Actual (37)
Simulated (19)

Reliance Intervention Impact
Positive (13) §4.4 explores the prospective themes and the impact

of common interventions on achieving appropriate
reliance.

Negative (12)
No (Explicit) Effect (31)

∗ Sub-categories (studies) are often non-exclusive.

counterfactual or contrastive explanations [11, 17, 88]. Counterfac-
tuals focus on the distinctions between the AI’s suggestion and
a likely human response while highlighting only the dimensions
in which the two choices differ [11]. Buçinca et al. [11] study the
benefits of contrastive explanations to enhance human skill on the
task (i.e., human learning), comparing with unilateral explanations.
To reduce the bias towards one advice or explanation, Cabitza et
al. [17] use “pro-hoc” explanations (examples and counterfactuals)
as a way to present multiple answers instead of AI advice to reduce
inappropriate reliance.

Inappropriate reliance can also occur in the presence of im-
perfect XAI [103], a phenomenon where an explanation reveals
evidence that does not necessarily comply with the prediction.
Some studies [27, 62] adapt reasoning (analogies, inductive, deduc-
tive) of explanations, which show mixed effects on the reliance.
Overall, these studies show how AI systems are adapted to users;
however, there are various trade-offs with each method, and when
complemented with user factors, the AI systems should be carefully
evaluated to formulate what information should be explained.

The debate whether explanations increase or decrease re-
liance is ongoing [5, 10, 40, 151]. Vasconcelos et al. [151] discussed

that the cost of engaging with explanations (i.e., user difficulty with
XAI) can determine the user’s reliance. For example, if understand-
ing the explanation is equally or more complex than understanding
the AI decision, users might refrain from it. Schoefer et al. [133]
found that if explanations highlight the task-relevant features, it
impacts users to engage with AI recommendations more closely.
Over-reliance due to explanations can be calibrated with system
confidence and uncertainty communication [151].

4.1.2 User Factors. Users have different biases towards automation
and AI systems, which come into play when relying on AI advice.
We find that around 23% (13) of studies explore various biases,
including automation bias [108, 153] and algorithmic aversion [13,
112]. For instance, users may form a misbelief that they understand
how the model works when they do not [5, 108]. Users may also
develop an aversion to AI, being skeptical of the system due to their
negative first impressions [108], thus under-relying on its advice.
In addition, users might not be motivated enough to engage with
AI advice, and thereby accept any system advice that comes their
way [151].
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Figure 4: Overview of the methods and concepts used for appropriate reliance adopted in the final corpus. Studies adapt AI
systems, such as their performance and explanations, to influence users to engage with AI advice. This includes understanding
the effects of model performance and XAI methods on users’ reliance behavior. Research also explores understanding user
cognitive factors and self-assessments measuring users’ mental models, biases, personality, expertise, and confidence. In
addition, research investigates how adapting AI interaction through various engagement-enhancing methods, such as cognitive
forcing or motivating/enabling users to perform better and build appropriate reliance.

Prior studies [54] in human-AI decision-making have shown
that cognitive biases affect people’s interaction with AI advice.
For example, the order of observing accurate and inaccurate pre-
dictions affects the user’s mental model [108]. Research aims to
understand the users’ mental models [18, 98, 118] to better predict
their behavior, and subsequently design interventions. An impor-
tant trait for improving the users’ mental models concerning AI is
capturing their “Need for Cognition” [19], a stable personality
trait that captures one’s motivation to engage in effortful mental
activities [10]. Exploring mental models, AI can be delegated to
solve easier problems, and users can be engaged for difficult ones,
for instance, to recognize AI errors [5, 8].

Aside from mental models, other mediators affecting reliance on
AI include personality traits [144, 145], intuition [30], and self-
perceived expertise, which can all influence decision-making [62,
107]. We found that around 18% (10) of studies model and try to
calibrate users’ self-evaluation, such as their perceived degree of
expertise [43], awareness [63, 97, 98], confidence [71], literacy [33],
and their uncertainty [118]. While self-assessing, users can also
create an illusion of AI performance [63] that can downgrade their
performance as people often consider their judgment as a reflection
of reality (“naive realism” [125]) without knowing their limita-
tions, leading to over-reliance on models [94]. As expertise is an
essential criterion to influence biases and reliance on the AI ad-
vice [24], Zhang et al. [170] try to enhance users’ expertise by
providing additional information. Dikmen and Burns [43] provide

domain knowledge, such as contextual data and statistics, to im-
prove expertise, but having no real incentives or the risk of making
wrong decisions affects users’ behavior.

A few studies [33, 61, 63] looked at providing XAI tutorials to
convey AI performance and enhance users’ abilities. Chiang and
Yin [33] show that users need to understand and learn ML systems
before they can effectively engage with them, allowing users to
construct their datasets and tests to improve their mental models.
Tests can identify possible disparities in data, and users can learn
about these disparities before experimenting with tasks [29]. Users
also face inherent issues with the complexity of explanations. For
example, feature-based explanations (summing up feature effects) to
showmodel confidence are not obvious for peoplewithout sufficient
AI expertise to understand the underlying models [170]. Users may
find those explanations to be rather foreign and mentally taxing to
consume [156].

Users could trust an AI model inappropriately, and still achieve a
higher accuracy (e.g., blindly trust a model that has a higher accu-
racy than oneself) [156]. Conversely, users can overestimate their
confidence in decisions due to inaccurate interpretations [94], or
cognitive biases (e.g., Dunning–Kruger effect [79]: people overesti-
mate their abilities), leading to under-reliance on the ML models.
For non-expert users, gaps in domain knowledge can lead to misun-
derstandings [43], which can subsequently affect the collaboration
strategy [5]. Hence, understanding user factors is critical to conduct-
ing human-AI experiments and designing interventions to better
adapt interactions with AI systems.
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4.1.3 Interaction Factors. Most of the research on interaction fac-
tors focuses on adapting user interaction with the AI system, draw-
ing from human psychology theories [36, 72, 159] and implemen-
tation design. For example, interaction can be designed to adapt
(to) user behavior [5, 40, 145] or system functionality [9, 10]. We
found that 70% (39) of the examined studies adapt the interaction
through intervention methods (10 studies) or motivating factors
(29 studies). A common method is using cognitive forcing functions
(CFFs) [10, 40, 71] or frictional AI [13, 15, 17] to add delays to user
engagement with AI. People employ dual process theory [72, 159],
quick (system 1) or analytical (system 2) thinking when interact-
ing with tasks. Buçinca et al. [10] use CFFs to increase people’s
cognitive motivation for engaging analytically with AI expla-
nations. CFFs are used in frictional design [36, 105], which add
delays or slow downs to force users to use (system 2) analytical
thinking [13, 15, 71]. In similar lines, de Jong et al. [40] employ
partial explanations as a way to increase user engagement with
XAI. Ma et al. [96] introduce human-AI deliberation as a way
to discuss conflicting opinions between AI and humans to create
evidence-based decision updates for AI or users. Combining with
slowdown interventions, studies explore adapting the decision-
making approaches, such asmulti-step decisions [131, 146], evoking
or overcoming users’ biases towards or against the AI advice.

Studies also engage users to enhance their competence [8, 23,
33], such as through training, or by providing performance feed-
back [55, 168]. However, due to factors such as task expertise and
users’ relevance with the tasks, training methods have not con-
tributed significantly towards reliance [127]. Some (9) studies pro-
vide performance feedback to users to reassure their decisions; how-
ever, others reason that this is not a viable representation of the real
world, as decision feedback is not instant but comes in the future.
In some cases, the feedback is provided during the training tasks,
and not during the actual experiment. Another commonly explored
method (29 studies) is to improve engagement by enhancing the
users’ incentives, although with a meager value. For instance, many
studies [28, 60, 127, 144, 168] explore extrinsic incentives, such
as monetary rewards, to improve performance; however the use
of such incentives rarely achieves the intended outcomes [55, 164].
Hence, incentives, at the current rate, have not been very effective
in enhancing users’ reliance on AI advice.

Sandbox environments [33, 61] are used to evaluate users’ en-
gagement with model predictions, where interactivity or agency
can enhance people’s understanding and perceived usefulness of
the system. Studies also add time pressure [22, 123, 144, 145] to
understand engagement for reliance under constraints. Interaction
methods are adapted to add task constraints such as complexity or
uncertainty of tasks [127]. Engagement can also make people evalu-
ate a model’s predictions [117]; however, without the model’s infor-
mation, people’s reliance depends on alignment with the model’s
prediction [94]. Overall, adapting interaction to users’ performance
and cognition, and AI’s performance and confidence has been found
useful [10, 13, 15, 40], but engaging users to elicit realistic behavior
is still a challenging task.

Key insights: The literature has focused on three main direc-
tions to improve user reliance on AI. The first one concerns AI
Systems, where studies have explored various XAI methods, XAI

delivery mediums, and XAI complexity levels, without a conclu-
sive consensus emerging on whether explanations increase or de-
crease reliance. Secondly, the literature has explored user factors,
examining how human biases and other traits (e.g., personality,
intuition, and self-perceptions) affect user reliance on AI. Notably,
users’ “need for cognition” can be used to predict whether users
will meaningfully engage with AI. Third, the literature has looked
into interaction Factors, with a notable finding that cognitive
forcing and frictional designs show a positive impact towards users’
reliance on AI; however, extrinsic incentives, such as monetary
rewards, do not appear to contribute towards appropriate reliance.

4.2 Measuring Human Reliance on AI: Objective
and Subjective Metrics and Measurement
Protocols

We now move to the metrics and protocols that studies have
employed. Figure 5 shows the spread of both objective measures
for reliance and subjective measures for capturing the users’ per-
ceptions of AI systems.

Starting with the analysis of objective metrics and approaches
to human-AI reliance, we find that decision accuracy [108, 132]
is the most common metric (35 studies) to evaluate whether the
user made the correct final decision or not. Other important met-
rics, which are often used together, are agreement fraction (21
studies) [62, 63] and switch fraction (15 studies) [60, 102]. Agree-
ment fraction measures how frequently (or what percentage of
decisions) users agree with AI advice, and switch fraction measures
how frequently (or what percentage of decisions) users change their
initial decision after seeing the AI advice. Neither metric, however,
captures whether the reliance was appropriate, i.e., the correct-
ness of user decisions. A few (4) studies use the weight of advice
(WOA) [13, 33, 117] to measure if the users change their decision
due to AI [132].

Slightly different than agreement and switch fractions, recent
studies also report over-reliance [10] (12 studies) and under-
reliance [27] (10 studies) as separate measures, which capture the
correctness of decisions, measuring when users blindly agree with
incorrect advice and neglect correct advice, respectively. Some stud-
ies also use relative self-reliance (RSR) (9 studies) and relative AI
reliance (RAIR) (10 studies). As also explained in section 3.4, RSR
measures the human ability to reject wrong AI advice and make
a correct decision, while RAIR measures users’ ability to correct
their own (pre-AI) decision, following correct AI advice. To evalu-
ate user interaction on these measures, 79% (44) of the studies use
empirical analysis, while a few (11 studies) use mixed methods, and
one study [118] mainly uses qualitative analysis (e.g., interviews).
Additionally, think-aloud [9, 30] and survey feedback [8] are also
used to provide deeper insights about human behavior in reliance
strategies.

The point at which AI advice is given, i.e., using a concurrent
or sequential (multi-step) protocol, can affect how users perceive
this advice [5]. Concurrent (single-step) and multi-step processes
slightly differ in the way they use reliance metrics [131]. For in-
stance, concurrent approaches do not permit the user to make their
own independent decision before receiving the AI advice, resulting
in fewer objective metrics reported. In these single-step decision
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Figure 5: Left: The count of objective measures and the year first reported in selected studies. Accuracy, which can be used in
both one-step and multi-step approaches, is the most widely used measure. Studies also measure users’ reliance on AI through
agreements or switches. AI’s effect on accuracy and RAIR measure when users made a correct decision due to correct advice.
Right: The count of subjective measures and the year first reported in selected studies. Studies commonly use confidence, trust,
usefulness, and understanding ratings to measure subjective experiences. Some studies also capture users’ mental demand,
complexity, and enjoyment to understand experiences better.

studies, users are provided with AI advice and asked to decide with-
out making initial decisions. Hence, observed agreements between
the human and the AI, in the concurrent paradigm, could arise
either because the human took the advice, or the human had al-
ready arrived at the same judgment independently of the AI [146].
Thus, the concurrent advice approach may induce biases towards
AI assistance without analytically evaluating the pre-AI user deci-
sion first. Measuring agreement or switch fractions is impractical
in a concurrent approach [146]. Therefore, 71% of the studies (40)
mainly use a two-step (or multi-step) process where humans first
make the decisions, investigating the task themselves, and then are
provided with the AI advice, subsequently having the option to
revise their decision. The two-step approach can reduce the direct
over-reliance, but it can also induce an anchoring effect [132].

Most studies rely on fixed reliance metrics (i.e., for each in-
teraction), and user reliance development over time is under-
explored [22, 40, 145]. Other cases include reliance development
over multi-stage decisions, where users explore additional informa-
tion (in intermediary steps) before making decisions [40]. Different
from others, Cao and Huang [23] explored an interesting direction
to capture real-time behavior by analyzing the users’ eye gaze to
assess human-AI reliance. While this approach may indeed capture
detailed insights across a timeline, using physiological measures
is hard to replicate in most practical settings of human decision-
making scenarios.

Studies often supplement the objective measures of human re-
liance on AI with various subjective metrics, aiming at capturing
user perceptions towards AI. Commonly used subjective metrics
include the users’ perceived trust (Likert scales [102] (18 studies),
or Trust in Automation [60] (8 studies)), confidence [40] (20 stud-
ies), usefulness [15] (16 studies), understanding of advice [112]
(14 studies), the users’ mental demand [10] (9 studies), satis-
faction [97] (7 studies), appropriateness [11] (6 studies), and
others [33, 127, 145]. Subjective measures focus on measuring the
perceived usefulness and understanding of AI advice to capture

whether users are comfortable with the system. These measures
are mostly self-assessed attributes and are also used to understand
the impact on user performance, but they do not necessarily help
extract actual reliance behavior. A summary of the objective and
subjective measures used by the examined literature is provided in
(Appendix) Table 5.

Due to the variance in using objective criteria to measure users’
performance, there is still limited consensus on common mea-
surements of human reliance on AI across the studies. The combi-
nation of objective and subjective measures does not necessarily
lead to better predictions of reliance; for instance, users can express
high trust towards a system that aligns with them, without any
objective reliance. While measuring reliance, user experience is
often overlooked; however, it is important for evaluating user in-
teraction with any new technology or automation – AI included.
Finally, some studies [57, 134] measure reliance as merely the pres-
ence of an AI system (i.e., deciding with and without AI systems in
separate conditions), which falls out of the scope of this work.

Key insights. The literature reports the use of a variety of ob-
jective and subjective measures to evaluate the users’ reliance, as
well as their perceptions towards AI. In terms of objective mea-
sures, we find decision accuracy, agreement, and switch fractions
are commonly used. Recent work has defined tailored measures
(e.g., RAIR, RSR) to capture users’ over- and under-reliance. The
protocol of providing AI advice is also crucial. Concurrent study
designs, where AI advice is given before making independent de-
cisions, may induce biases, as it may not be evident whether the
user’s decision is due to the AI advice or due to their own existing
views. Multi-step study designs report more objective measures
and allow for a more analytical evaluation of AI systems. In terms
of subjective measures, we find several metrics like trust and con-
fidence for gauging the users’ perception of AI systems; however,
subjective impressions (trust, confidence, etc.) do not necessarily
reveal whether users can build appropriate reliance on AI.
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4.3 Experimental Design
We now look deeper into the experimental design of the human-
AI reliance studies, and more specifically, on application domains,
participants (recruitment, the workload, and the remuneration),
and AI implementation (fidelity).

4.3.1 Application Domains. Understanding user behavior towards
AI also depends on the application and task domain. Studies have
employed different applications in high and low-stakes domains,
including medicine/healthcare, business, education, and leisure,
among others. Table 6 (Appendix) elaborates on the wide range of
application domains and decision tasks that have been used by
the selected corpus.

4.3.2 Participant Expertise. Despite the real-world significance of
the selected applications, most (48 out of 56) studies use lay users,
most notably crowd workers (40 studies), as the study subjects
performing the tasks. Only a handful of studies (6) employ domain
end users, usually for medical diagnostics. While these human-
grounded evaluations with crowd workers are appealing when
assessing target users, they only capture the general notion of
human-AI decision-making [44]. Involving crowd workers is an
established practice in HCI research [44]; however, understanding
domain users’ decision-making perspectives is also important.

From all the studies in the evaluated corpus, very few involved
users with expertise in AI (2 studies) [30, 167]. The inclusion of
actual/potential users with relevant task expertise as the subjects of
the study remains rare as well, outside of physicians for the medical
domain [88, 164]. Studies try to enhance the stakes/relevance of the
tasks by emphasizing their realistic nature and linking their motiva-
tion to real-world, such as medical diagnostics [13], recidivism [32],
pricing houses [118], approving loans [60], predicting student per-
formance [123], and other identification tasks [22, 94], highlighting
the relevance of their implementations to actual scenarios (Table 6).

4.3.3 Recruitment. Study participants are recruited using different
methods. Figure 6 shows the prevalence of different users and re-
cruitment methods in the evaluated studies, where novice crowd
workers (lay users) are recruited through platforms, such as Prolific
and AmazonMechanical Turk.While most studies use novice crowd
workers, a few report that the hired crowd workers have some do-
main expertise (e.g., having served on a jury [55]). Apart from crowd
workers, novice users (12 studies) are also recruited through univer-
sities (students) or via advertisements/emails, while domain experts
are mainly recruited through (convenience) sampling (4 studies). A
typical study recruits on average approximately 260 people (mean =
260.85, std = 279.4), while the recruitment is sometimes (23 studies,
41%) split across multiple experiments. Studies conducted with
crowd workers show a significant difference in participant
count (mean = 343.35, std = 284.82) compared to non-crowdsourcing
channels (mean=35.33, std=24.11).

Around 54% (30) of the examined studies acknowledge the limi-
tations of recruiting laypeople and using tasks that are a proxy
or not relevant to the users’ expertise or decision-making stakes.
Specifically concerning task expertise, around 29 (52%) of the studies
did not use tasks that were relevant to the users’ expertise, e.g., re-
cidivism [32, 55, 156], income/price prediction [30, 97, 98, 117, 170],
loans/investment [43, 62], or medical decisions [24, 71, 76, 145]

for laypeople/crowd workers. Chiang and Yin [33] note that real
estate experts can have expertise that laypeople lack. Existing
work [45, 122] also highlights that running complex tasks with
crowd workers may not be entirely representative. Dikmen and
Burns [43] note that non-expert users’ expectations from AI are
different from those of users with domain expertise.

Around 19 studies with laypeople use tasks that can be per-
formed without domain expertise, such as reviews [5, 18, 93, 133],
speed dating [94, 168], puzzles [23, 114, 151], or nutrition sugges-
tions [9, 10]. Studies increase the stake by linking (bare) incentives
to performance [55, 168] to capture the “users’ attention and engage-
ment” with tasks. Still, the lack of contextual relevance reduces
user engagement, irrespective of monetary rewards. Buçinca et
al. [9] argued that accessing domain expert users for experiments
is notoriously challenging and costly [10]. However, if the tasks
lack real-world significance and involve no real-world stakes
for participants, the study may fail to elicit realistic user
behavior, thereby limiting the validity of its findings concerning
human reliance on AI [40].

4.3.4 Workload and Remuneration. Figure 7 maps the crowd work-
ers’ task volume and time spent on the task, and their corresponding
payment levels (in USD, hourly rates). We observe a negative cor-
relation between task volume/time and user payment (mean
= 10.99, std = 4.24, min = 1.5, max = 25), raising some concerns
on the rigor of intensive decision-making tasks. Workers perform
considerable tasks (mean = 27.56, std = 40.32), while studies aim to
enhance their engagement and critical thinking, proportionally in a
short time (mean = 20.68 mins, std = 8.61). Studies with non-crowd-
sourced participants report relatively higher experiment time (mean
= 45.27 mins, std = 30.88), while the payment, only where reported,
is also relatively higher (mean = 21.28, std = 28.0).

He et al. [60] acknowledged that crowd workers rush through
the tasks and provide low-effort results. Studies use attention
checks; however, with decision-making tasks, that strategy alone
does not mitigate the problem of low-effort results. Moreover, users
who are unfamiliar with the study scenario doubt their ability to
give the right advice or decisions [118]. Morrison et al. [102] also
share the concern that complex tasks are difficult for crowd work-
ers to engage properly. Hence, further work is required to ensure
that different types of users (with varying AI and domain exper-
tise and/or other traits) can engage with tasks that are properly
representative of the decision-making scenario. The issue with
non-realistic AI systems also limits the extraction of realistic behav-
ior [145]. Many studies [5, 23, 94, 156] acknowledge this limitation,
namely the low relevance of tasks to realistic scenarios.

4.3.5 AI System Fidelity. Studies examine human decision-making
over a mix of AI models, from basic to advanced ML and deep
learning ones (Table 7), depending on the task, dataset, and context.
However, around 33% (19 studies) do not construct real AI inter-
ventions, and, instead, use simulated AI or Wizard-of-Oz [37]
approaches, trying to replicate what users would believe or experi-
ence while interacting with AI-assisted decision-making. Although
this is a well-accepted strategy to evaluate systems in HCI research,
it risks not fully replicating a realistic AI system’s behavior. Inter-
ventions also use hand-picked tasks to control the experimental
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Figure 6: A) The majority of studies (40) are conducted with crowd workers and the general population, while there is a scarcity
in research to recruit potential or actual users of the target application. B) Most studies (48) report that most users are novices,
meaning they do not have any expertise to engage with tasks, while a few (6) use users with some domain experience, which is
mostly in the healthcare domain. C) As evident from users’ type, most studies recruit crowd workers from Prolific or Mechanical
Turk, while a few recruit university students. Domain experts are mostly recruited through sampling methods.
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Figure 7: Left: Patterns of USD-adjusted hourly payment rate of crowdworkers involved in human-AI reliance studies, compared
to the number of tasks they are asked to perform (ranging from $1.5 to $25 and from 2 to 50 tasks in most studies, excluding
two outliers of 100 and 256 tasks paid at $10/hour). We observe that the hourly payment remains relatively the same, regardless
of the tasks the crowd workers are asked to complete. Right: Patterns of USD-adjusted hourly payment rate compared to the
minutes spent during the experiment. We observe that the payment rate slightly decreases with increasing time spent. Crowd
workers are expected to complete more tasks for a lower monetary reward. Overall, using lower monetary incentives for more
tasks, as well as scenarios that are misaligned with the users’ expertise, risks compromising human-AI reliance measurements.

conditions and replicate the specific performance, which limits re-
searchers’ understanding of human decision-making towards the
real AI’s stochastic behavior.

In fact, AI performance is often different when using simulated
versus realistic or representative tasks, superficial versus real-world
situations, and simple versus complex tasks [104, 127]. The liter-
ature acknowledges that evaluating novel AI advances through
human subject experiments that involve realistic tasks is expensive
in terms of both time and resources [9, 44], which may explain why
the majority of relevant studies involve crowd workers and sim-
plified tasks. However, using fictitious or non-representative
tasks, such as predicting speed dating [168] or simulating judicial
decisions [55], especially when performed with crowd workers in
low-stakes or irrelevant contexts (about the task at hand), may not
represent real-world situations.

Key insights. Studies have tested human reliance on AI in var-
ious application domains, including healthcare, business, and ed-
ucation. However, the majority of the studies employed novice
participants and fictive task scenarios. Involving novice users,
who – as opposed to experts – have limited expertise relevant to the
task (e.g., diagnosis, recidivism, loan/income predictions), may con-
siderably undermine the applicability of the results in real-world
scenarios. The recruited crowd workers perform many tasks in the
experiments within a short time, compared to non-crowd work-
ers. Many studies acknowledge the limitations of involving crowd
workers, and a few seek to enhance the recruited workers’ exper-
tise through domain knowledge or to increase their attention by
adding incentives. However, incentives are not positively corre-
lated with the number of tasks the crowd workers are expected to
perform, which could perhaps be one of the reasons they fail to
appropriately engage with the AI system at hand. Finally, many
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Table 4: Common interventions and their impact on achieving appropriate reliance. Positive impact means that the respective
methods were found useful in improving users’ behavior for appropriate reliance (within specific experimental conditions).
Likewise, the negative impact indicates that applying the respective method/concept decreased reliance under the experimental
conditions.

Intervention and Study Impact
Cognitive Forcing [10, 40, 71], Deductive-XAI [9, 27, 28], Second Opinion [32, 93], Natural Language XAI [76, 103],
Interactive Tutorials [33, 63], Cognitive Cost (Effort) [151]

Positive

Task Difficulty [23, 127, 151], Negative First Impression [61, 108, 153], Poor Self Assessment [63, 94], Lack of Domain
Knowledge [103, 156], Feature-based XAI [30, 170]

Negative

Example-based XAI [10, 29, 131, 156], Feature-based XAI [29, 133, 164], Showing AI Uncertainty [24, 98] No Effect

studies do not employ real AI systems; rather, they rely on simu-
lated systems or Wizard-of-Oz approaches, which further limit
their operationalization prospect in real-world settings.

4.4 Prospective Themes in Human-AI Reliance
Here, we provide a bird’s-eye view of the prospective themes in
human-AI reliance, as well as an overview of approaches mentioned
in the literature. Table 4 summarizes the most commonly applied
interventions, the relevant studies, and their impact on achieving
appropriate reliance.

Many studies [5, 10, 102, 156, 157, 170] report that explana-
tions increase users’ over-reliance on AI advice. Cognitive forc-
ing [10, 40] and frictional methods [13, 15] are reported to reduce
over-reliance. Vasconcelos et al. [151] further show that expla-
nations can reduce over-reliance without cognitive forcing.
For instance, if a task is challenging and its explanation is simple,
then over-reliance can be reduced [151]. People weigh the poten-
tial benefits of cognitive effort against its perceived cost [78], a
phenomenon also referred to as cognitive-effort-discounting [160].
For example, people are less likely to over-rely on the AI system’s
advice when the benefit of obtaining the correct answer substan-
tially outweighs the risk of over-reliance (e.g., avoiding sending an
unprofessional email to a boss), compared with situations in which
the benefit-risk tradeoff is low (e.g., assessing the sentiment of a
tweet) [151]. By reducing the cost of verifiability and plausibility
of XAI techniques, decision-makers gain a better understanding of
AI advice, potentially leading to better AI reliance [127].

Similar to cognitive forcing, partial explanations [40] can also
help reduce over-reliance. Partial explanations align with a larger
body of research on deliberation that encourages users to reflect
on their decisions [40, 96]. Lu et al. [93] pointed out that active
solicitation can also help reduce over-reliance, for instance, by
getting a second opinion to form a consensus. Cabitza et al. [17]
explored providing alternative advice (examples), which engages
users to identify correct examples. Jeon et al. [71] explored the
principles of logical validity, such as establishing a clear cause-and-
effect relationship. He et al. [60] used an XAI dashboard, providing
interactive, on-demand, and conversational explanations, thereby
improving the users’ understanding of the model [60]. Swaroop et
al. [145] posit adapting AI advice to the over-reliance rate. Differ-
ent people trust AI differently [145], and their traits and real-time
behavior can help extract patterns that can inform the design to

curb over-reliance and under-reliance. Sequential decisions where
decision-makers build their perception of the AI with task progress
have also been useful [123].

Task difficulty is not typically considered in studies [126]; how-
ever, it significantly impacts user reliance on AI suggestions. Task
complexity increases information overload pertaining to the user’s
perception and capabilities [113]. Delegating easy tasks to AI alone
can also reduce the burden on users to decide every task [144, 145].
He et al. [61] use debugging as a training method to help users
learn tasks and AI mechanics. However, when users lack expertise
in a task, they tend to (inappropriately) rely heavily on AI advice,
especially as the task becomes more complex [38, 127]. Research
suggests that when the task is difficult, the design should slow
down users to help them make better decisions [72, 135].

Bansal et al. [5] posit that having the agency to correct AI advice
can improve user performance. The users’ accurate self-assessment
of their skills/knowledge is also important. Buçinca et al. [11] high-
lighted that AI should reinforce skill development and compe-
tence in decision-makers, as current XAI often fails to address
the knowledge gaps that users seek to fill [11]. They [11] showed
that enhancing users’ skills is important for improving engagement
and human decision-making. Studies also showed that confirming
decisions by expert or empirical validation can be useful, in the
form of conceptual validations (CVs) [112]. User demographics (e.g.,
education, literacy) [33, 63, 168], and more importantly, domain ex-
pertise [43] also showed some effects on building reliance. Overall,
studies show mixed results towards improving reliance on AI, and
cite limitations in forming appropriate human-AI reliance.

Key insights. Certain methods, such as cognitive forcing, de-
ductive XAI, and second opinions, show positive effects in building
appropriate reliance. However, studies also indicate that several
other applied interventions have either a negative or, at best, a
neutral effect on appropriate reliance. In particular, the users’ poor
self-assessment (i.e., an overestimation of their skills) and the diffi-
culty of the task can negatively impact their reliance on AI. These
results can be attributed to several factors, such as mismatched user
expertise as well as task relevance.

5 Discussion
Current human-AI decision-making research focuses on two main
directions: 1) to engage users in evaluating AI more thoroughly, by
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introducing frictions, and 2) to ease users’ interaction, by simplify-
ing their decisions. Several studies aim to enhance user engagement
by implementing interventions that encourage them to use analyti-
cal thinking [10, 13, 40, 103] instead of blindly accepting AI advice.
Decision-making requires thoughtful engagement; otherwise,
users make flawed decisions or do not exhibit realistic behavior.
Studies try to replicate human behavior with realistic applications;
however, users often lack sufficient domain knowledge to engage
with tasks. Many studies focus on identifying unified frameworks
while acknowledging the limitations of crowd workers. Research
explores how users behave under certain conditions, such as by
investigating their biases [107, 123] or (self) capabilities [11, 17].
Researchers also explore calibrating the users’ capabilities to curb
under-reliance [24, 71, 97, 98] by making users aware of their biases.
However, current HCI research shows that inappropriate reliance
on AI advice is widespread. The field is yet to settle on rigorous met-
rics [13, 103, 132]. Research informs ways that the HCI community
can contribute to a better understanding of appropriate reliance,
particularly regarding the design of AI systems in real-world set-
tings. In what follows, we reflect on our analysis and discuss the
challenges explored in current human-AI reliance research.

5.1 User Engagement and Frictional Design
HCI researchers draw on methods from psychology (e.g., dual-
system theory [72, 159], reflective design [36, 101, 109]) to capture
users’ attention and ensure their analytical engagement, and this
way reduce over-reliance on AI advice, as evidenced by cogni-
tive forcing and frictional AI designs [10, 13, 15, 40]. In general,
a certain degree of over-reliance is unavoidable by default
as humans tend to leverage system 1 (fast) thinking more than
system 2 (deliberative) thinking, for the sake of efficiency. Hence,
studies [10, 13, 15, 40] recommend design interventions to enhance
oversight and discourage automatic behavior, such as through re-
sponsible nudging [25, 105, 119]. While nudging and frictions can
induce behavior change, research emphasizes that they must be
applied carefully to avoid manipulating user behavior through dark
patterns or reducing disconnect from AI advice (e.g., due to algorith-
mic aversion) [16, 51]. Hence, it is critical to ensure that frictions
or nudges are transparent, and that they indeed enhance task accu-
racy/performance rather than just targeting user alignment (agree-
ment) with the system. Applying “positive friction” [31] carefully
can also help discourage the default human tendency for over-
reliance, while adhering to ethical values. Nevertheless, the exact
way that people engage with AI may still depend on situational
factors (e.g., time pressure) [144], traits (e.g., expertise) [43, 120], or
individuality (e.g., motivation [10]).

Although decision-makers can be motivated or nudged to en-
gage with AI, how they choose to rely on the AI system remains
largely an unanswered question [30]. Our review shows that typical
AI system design tries to favor users, making it easier for them
to align with AI advice than contesting it (e.g., AI predicting
X, providing the evidence while burdening users to find counter-
evidence). Cabitza et al. [13] studied the influence AI exerts on users
to align with its decision. Positive AI exertion, though, can help
non-experts achieve higher performance with AI. Still, whether
technology dominance has a positive effect or not is determined by

how the interaction is designed. For instance, systems that provide
full-fledged answers might induce over-dependence. Novices (often
crowd workers) can be more prone to over-reliance and technology
dominance, as they engage less analytically with it [30, 143].

Our review identifies that interaction should deter the users’ loss
of skills (over-dependence) and blind faith in AI due to its alleged
exertion [15, 95]. Designing experiences that intentionally introduce
frictions can help users think slowly and deliberatively. How-
ever, frictions can also lead to lower engagement because users will
resist using systems with frictions; hence, design adaptations are
necessary to apply them effectively [106]. For instance, engaging
users to present multiple and contrastive examples instead of AI’s
advice on the decision implements cognitive friction while reducing
disengagement [11, 14]. Reflective design [35], agency for delibera-
tion [96], and evaluative AI [101] approaches can also be applied to
prompt users to reflect more critically over their decision-making
strategies. “Reflective design” is a highly interesting research
avenue, which remains underexplored in our corpus.

5.2 Focus on User Factors or Biases
Studies in our corpus show that various biases could negatively in-
fluence the users’ decisions, undermining their self-efficacy and AI
perceptions [18, 39, 115]. Methods to reduce the effect of biases are
also proposed to evaluate users’ confidence in their self-assessments
and expertise. Evaluating one’s performance is important as people
tend to estimate their abilities poorly [46, 70]. In addition, HCI
researchers derive other human factors, such as motivation, person-
ality, and economic incentivization, to adapt AI advice. Adapting
AI based on user factors improves how AI advice is consumed by
end users. One prominent example is identifying the users’ per-
sonality [144, 145] and reliance strategy to subsequently adapt AI
assistance for over-reliant users (i.e., by limiting AI advice).

We found that effective human-AI interaction depends on the
users forming a faithful mental representation of AI and assessing
the strengths and limitations of models. In some cases, studies high-
light that effective interaction is essential to enhance the users’
capabilities to understand data (e.g., to do practice tests to enhance
their literacy). Hence, calibrating users’ self-confidence is impor-
tant to accommodate decisions with varying levels of uncertainty
while reflecting on AI’s limitations. Calibrating can be appropriate
when the design supports users to rely on AI when it has higher
confidence, and rely on themselves when it has low confidence in
the decisions [97, 98].

Inappropriate self-assessment is only one of many causes of
inappropriate reliance [98, 112]. Our review identifies a mismatch
between real-world tasks and user knowledge/expertise, which may
not mirror natural decision-making scenarios. Crowd workers can
be involved for simple tasks [63], which most laypeople are capable
of dealing with; however, actual applications have more factors,
such as user expertise, familiarity, and stake. XAI methods also
influence behavior, for instance, by showing false depth of reasoning
to make users believe they understand models, which also affects
users’ perceived expertise under uncertainty. Still, designing XAI
to reduce biases and lack of expertise continues to be a challenge
in human-AI reliance research studies [80, 104, 107].



Do People Appropriately Rely on AI-Advice? CHI ’26, April 13–17, 2026, Barcelona, Spain

5.3 Expertise and Task Complexity
Our findings show that studies use simpler tasks and involve non-
representative users due to their ease of availability on crowd-
sourcing platforms. However, it is also noted that crowd workers
interact with tasks with very low motivation and with low delibera-
tion [28, 71, 98]. In addition, decision-making with simple tasks does
not necessarily generalize to high-stakes ones, and going beyond
simple tasks requires domain expertise [112]. Our findings show
significant differences between crowdworkers’ and domain experts’
time on tasks, where crowd workers go through tasks more quickly.
Even when the given task itself is high-stakes (e.g., recidivism [32])
or resembles real-world, if the users involved bear no responsibility
or accountability or lack expertise [53, 152], the task may still fail
to extract user reliance appropriately. Marginal incentives are not
influential motivators to engage users with difficult tasks. Although
reward can be a factor to motivate users, over-reliance is reduced
when people see a value in completing the task. On the contrary,
Grgić-Hlača et al. [55] argue that experiments with real users also
lack realistic aspects, which is comparable to laypeople, i.e., failing
to capture attention or expertise.

Many studies in our corpus used simpler tasks that lack real-
world applicability and were generally designed to elicit user behav-
ior without requiring domain expertise. Comparing the differences
between the expertise of participants, Chen et al. [30] show the pro-
cess through which decision-makers determine whether to rely on
AI or not, e.g., a radiologist looking at an X-ray knows what to look
for, and may form an opinion about the diagnosis, where a novice
might just agree with the AI advice. Though studies [43, 62, 94]
show that users’ expertise with tasks can be enhanced through
knowledge and training, it can have inherent limitations in ex-
tracting realistic human behavior having no stake in the decisions.
Therefore, research needs to explore the tasks that are at the proper
level of difficulty, which are challenging enough and require con-
tinued attention for the target users.

5.4 Understanding User Problems
Our review identifies that most current studies focus on applying
different tasks and ML systems, and little attention has been paid
so far to understanding the users’ actual problems. Proxy tasks
can lead users to analyze only the AI effect, while realistic tasks
focus on improving decision-making, whether or not AI is used. For
instance, Lee and Chew [88] show that AI experiments in the wild
can elicit realistic user behavior better than laboratory-based ones.
Using AI uncertainty and individual differences, it is important
to identify when AI advice is needed and when users can rely on
themselves to make decisions. When users are capable of executing
the tasks themselves, they engage with AI advice appropriately, and
interactions (back and forth) can support understanding uncertain-
ties in AI advice. Users are better at calibrating their reliance on AI
by reasoning or building causality [116] rather than using statistical
or associative explanations. In addition, formulating a good mental
model can facilitate enhancing user interaction with AI [66].

High focus on simplified tasks and simulated AI does not nec-
essarily test interventions beyond crowd workers. Application-
grounded experiments need to build realistic interactive AI systems
so that users can appropriately rely on and override them when

they are likely to fail. We see that engaging users with AI assistance
can help to enhance their stakes in the decisions, as explored in
earlier works [45, 121]. With step-wise examination of the task,
users can build explanations and rationale with the system, which
can help them contest, take ownership of their decisions, and estab-
lish critical engagement or mindful usage [64]. For instance, most
existing work focuses on XAI; however, this is just one component
of the ML pipeline, which also includes data, training, and evalua-
tion. Understanding and supporting how people interact with these
other components is therefore essential, and perhaps even more
relevant than merely knowing how the model works [45, 121].

6 Recommendations for Further Studies
Current research on human-AI reliance has several open questions
that researchers can further explore. In this section, we discuss the
identified gaps and potential recommendations for future avenues.
We provide practical pointers for designing interventions that can
effectively elicit user behavior that is representative of real-world
scenarios.

6.1 Emerging Research Gaps
Our analysis maps out disparities in interventions for both non-
representative and realistic tasks. One overlooked issue is the task-
expertise mismatch, i.e., a misalignment between the complexity
of the tasks and the end users’ expertise [68]. Hence, there is a
need for appropriate human-grounded studies, carefully evaluating
tasks with users’ expertise, for instance, using realistic tasks with
actual users [1, 44]. Although studies explore different tasks and
domains, there is still a need to focus on the unique challenges
posed by complex tasks. More complex tasks tend to require
greater cognitive effort [160], making individuals more likely to
(over) rely on AI systems for assistance. Future research should
consider incorporating methodologies that take task relevancy into
account for user expertise.

Establishing definitions and terminologies for appropriate
reliance is integral. We discussed three views explored in research:
traditional [151], appropriateness [132], and dominance [13]. Al-
though these views focus on objective reliance on AI, there is a
need to unify them as frameworks. With these defined views, stud-
ies use fragmented (often self-defined) concepts and measures to
capture the reliance. This can also be a factor in missing representa-
tive studies covering human-AI reliance due to using non-uniform
terms. Further, we recommend that the HCI community standard-
ize the metrics for measuring user reliance. Future work should
enhance the connection to established terminologies and measures,
and explicitly build upon them to define newer adaptations [103].

To encourage users to maintain an active and engaged role in
the decision-making while fostering their abilities, it is necessary
to add limited inconvenience or delay in the design, to facili-
tate what in this study we refer to as “slow human-AI interaction”.
For instance, Cabitza et al. [15] posit providing possible decisions
instead of direct advice for user engagement, resonating with the
psychological aspects of reflective [109] and evaluative AI [101].
Future research should focus on demonstrating its effectiveness in
mitigating concerns of automation bias [108], deskilling [11], and
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agency loss [121]. Our review finds that research should use a holis-
tic perspective on algorithmic transparency, grounded in concrete
desiderata [133] and encouraging thoughtful human-AI collabora-
tion. Current human-AI reliance research does not fully represent
the challenges and dynamics of real-world scenarios, particularly
in complex tasks coupled with uncertainty.

Recent explorations show emerging directions; for instance,
pointing out that people with different over-reliance qualities can
be given different AI assistance [145]. A fixed type of AI assistance
for all people and tasks can worsen decision accuracy compared
to the accuracy achieved when relying solely on AI in many set-
tings [12, 54], often because humans are over-relying on the AI.
Quantifying the end-users’ mental models of AI systems can help
design effective decision aids, which can – in turn – empower
and nudge people to rely on AI appropriately. Recently explored
conversational XAI shows potential; however, it is reported to over-
simplify the explanations and create an illusion of explanatory
depth [60]. Another emerging issue concerns deceptive explana-
tions [103], where research illustrates differences for correct and
incorrect XAI. Also, there is a growing interest in understanding
the decision-maker’s expertise [88, 164]; hence, research should
also consider answering such problems.

6.2 Recommendations for Interventions
Here, we discuss recommendations for interventions that facilitate
eliciting user behavior to study human-AI reliance.

6.2.1 Use Reflective and Layered Disclosure. We find that most
studies overload users with information (tasks, XAI, uncertainty,
time-pressure, etc.). For effective interaction, a gradual/layered ap-
proach can assist users to contemplate and engage effectively, such
as showing only the high-level information first and letting the
user drill down for detailed evidence. Cox et al. [36] propose adding
reflection design points [135] to create friction that helps users shift
from system 1 to system 2 thinking. Reflections can include par-
tial explanations, progressive disclosure, layering information, or
thought-provoking questioning [142]. For example, interventions
could include putting barriers on default functionalities, making
them difficult to run, or slowing them down [58] to enhance deliber-
ate thinking. Design frictions [35] can be useful for forming reliance;
however, they should be carefully applied to avoid disengaging the
users or exerting technology dominance [51].

6.2.2 Engage More Than Advice. Users can be engaged more ef-
fectively when they are given the option to contest and adjust
an AI prediction rather than accepting it as-is [42]. Hence, en-
abling users to modify system outputs can be beneficial, such as
in active/interactive learning [45, 136]. However, exposing the AI
models’ internal mechanics may not be effective at the beginning
of the interaction, as it can overwhelm people; instead, it should be
deployed in a step-wise approach, permitting people to dig down
interactively to contest. The cognitive load incurred as a result of
such a step-wise engagement approach can be reduced by guiding
users to prevent them from reverting to System 1 thinking. Engag-
ing also includes mapping people’s stake in the task, for instance,
co-designing decision support with relevant stakeholders and re-
alistic (deployed) contexts. Interventions should aim to match the

users’ decisions with their mental models while ensuring that eth-
ical concerns are addressed [118]. In general, transparent models
are desirable due to ethical and trust issues.

6.2.3 Convey Limitations and Risks. Studies rarely [32, 43, 118] con-
vey limitations or risks associated with AI advice. It is important
to develop features that effectively reflect AI limitations or uncer-
tainty. In practice, Prabhudesai et al. [118] show that suppressing
uncertainty oversimplifies the tasks and can lead to over-reliance
through what is referred to as the “white-box paradox” [13]; a sit-
uation where explanations increase automation bias, since users
assume that XAI provides them with complete system understand-
ing when in reality it does not. Intervention design should include
detailed limitations and risks, for example, by including qualitative
narratives, and uncertainty quantification of complex statistical
decisions in a digestible (visual) manner [75]. Communicating un-
certainty also helps users slow down and think analytically before
making decisions. Conveying variations/uncertainty in the output,
even when AI is wrong, can help users assess its limitations [131].
AI interventions should also enhance practical relevance to effec-
tively impact human decision-making.

6.2.4 Support Reasoning and Interactive Hedging. It is essential to
design methods that support reasoning and interactive hedging [8]
for verifying multiple alternatives before trusting the outputs. For
example, by providing evidence both for and against a potential de-
cision, as opposed to providing a single decision recommendation,
judicial AI [15] can reduce automation bias and support reason-
ing. Design should engage users to assess advice with evidence
or alternatives, motivating the role of advisor and judge (JAS),
and conduct further analysis instead of making instant decisions.
These approaches can be further classified into cautious, analog-
ical, or decentralized protocols, as instances of frictional AI [17].
This approach also requires enhancing the users’ expertise in un-
derstanding and evaluating AI advice. Hence, it is important to
consider to what extent users are aware of their abilities and those
of the AI system.

6.2.5 Complement User Skills. Assessing users’ expertise about the
task is essential for eliciting a realistic behavior, for instance, to cal-
ibrate users’ self-confidence in decision-making [97]. It is useful to
design literacy interventions that enable users to analyze data distri-
butions, outliers, or model parameters. Such literacy (becoming an
expert through interactions) can help users rely appropriately [132].
Calibrating reliance and evaluating the performance of systems
correctly is an essential and non-trivial task for users, which can
enhance their comprehension of AI predictions and uncertainty.
Interventions should also carefully select the explanatory reason-
ing style. This can include designing explanations with concrete
objectives and providing cues [133]. Clear guidance on checking
advice, knowing when to use it, and when to intervene manually
can help users calibrate their reliance.

7 Limitations
This work has several limitations. First, like most reviews, we may
have missed some relevant studies, even with a diverse search strat-
egy and concrete inclusion criteria. Nevertheless, the quality of our
corpus – comprising high-impact HCI venues such as PACMHCI,
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CHI, IUI, andmany similar venues – provides a comprehensive view
of the relatively nascent topic of human-AI reliance. Human-AI
decision-making studies can use highly variable measures and fluid
measure definitions, which may have led to the exclusion of studies
that place less focus on objective reliance. The corpus extraction
also depended on search queries, which, although representative,
may have missed articles that explore objective reliance but do
not contain corresponding metadata. Our search was conducted
using SCOPUS and the ACM Digital Library, similar to reviews in
the related domain [81, 162]. We also used snowballing strategies
to improve the wide coverage of studies. While our search and
snowballing strategies were comprehensive, we acknowledge that
including additional databases (such as IEEE Xplore) could further
complement this study.

Second, our focus on the definition of objective reliance stems
from Schemmer et al. [132], and the inclusion criteria were applied
accordingly. Consequently, our approach for categorizing different
methods of appropriate reliance (AI systems, users, interactions)
represents only one of many possible categorization frameworks.
Third, as we focus on HCI research, it could be possible that some
work on human-AI reliance may exist outside the covered databases.
Finally, despite careful evaluation, we acknowledge that results may
be affected by screening bias and subjective interpretation during
the application of inclusion and exclusion criteria.

8 Conclusion
Human-AI complementarity is still a far-fetched goal. Human re-
liance on AI advice is influenced by many factors, including the
users’ perception of AI systems, their cognitive factors, and how the
AI advice is presented to them. HCI research has recently focused
on the concept of appropriate human-AI reliance, differentiating
it from user trust. In this work, we review 56 studies on human-
AI reliance to examine how users can build appropriate reliance
on AI advice, aiming to avoid both under- and over-reliance. Our
findings show that there are clear gaps in the definitions used in
the literature, as well as in measuring reliance in realistic contexts.
Researchers use various experimental methods, often involving
crowd workers, to study reliance, applying behavioral and interac-
tion theories. Research shows progress towards identifying patterns
for supporting reliance; however, there is a lack of common frame-
works due to fragmented experiments across domains. We discuss
several open-ended directions and emerging avenues for future re-
search to better understand and design interventions that improve
human reliance on AI advice. We provide our study corpus, coding,
and analysis for future work to expand upon.
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Table 5: Objective and subjective measures used in studies. The objective reliance measures are used to study how users fare
with decisions. Trust is a commonly used subjective measure. Other measures are used to understand users’ interaction with
systems.

Category Reported Measures
Reliance Agreement Fraction [13, 22, 23, 28, 55, 60–63, 76, 88, 94, 96–98, 102, 123, 127, 156, 168, 170], Switch Fraction [22, 24, 60–

63, 94, 96–98, 102, 112, 114, 127, 168, 170], AI-effect on Accuracy [5, 10, 11, 13, 15, 40, 43, 114, 131, 164, 170], Accuracy [8,
9, 11, 17, 18, 23, 27–29, 32, 40, 43, 60–63, 71, 76, 83, 88, 93, 96, 98, 108, 112, 118, 123, 127, 132, 133, 144–146, 156], Over-
reliance [10, 27, 29, 32, 93, 96, 98, 103, 133, 144, 145, 151, 167], Under-reliance [27, 32, 93, 96, 98, 103, 133, 167], Human
Error [10], Weight of Advice [13, 33, 117, 146], Absolute Percentage Error [33], RAIR [13, 60–63, 103, 127, 131, 132, 145],
RSR [13, 60–63, 103, 127, 131, 132], AI Safety [13], Deception of Reliance [103], Accuracy-wid [60, 62, 63, 98, 127]

Trust Subjective Trust Rating [8–10, 18, 23, 43, 76, 83, 88, 94, 96, 97, 102, 151, 164, 167, 168, 170], Trust in Automation [22, 40, 60–
63, 112, 127], Affinity for Technology [60–63, 112, 127]

Others Understanding [9, 24, 32, 33, 43, 60, 76, 88, 94, 96, 112, 156, 164, 167], Confidence Rating [15, 17, 23, 24, 27, 29, 32, 40, 55, 76, 93,
94, 96–98, 112, 114, 117, 132, 167], Usefulness/helpfulness [5, 9, 15, 17, 18, 22, 33, 62, 63, 88, 96, 97, 108, 112, 144, 164], Mental
Demand (and/or Task Load) [9, 10, 29, 61, 88, 96–98, 108], Appropriateness [9, 11, 24, 27, 88, 112], Enjoyment [11, 33, 145, 151],
Preference [10, 18, 29, 88, 145, 167], Complexity [10, 17, 40, 43, 96–98, 144], Satisfaction [33, 40, 88, 96–98, 164], Comfort [167],
Assertiveness [103], Accountability [32], Agreement [23], Literacy [43], User Engagement [60], Risk [43], Fairness [133],
Personality Traits [144, 145], Motivation [11, 145]

Table 6: Research uses various types of decision-making tasks in several real-world and toy domains, ranging from high-stakes
(healthcare) to low-stakes (leisure), to study human reliance patterns.

Domains Decision-Task
Medical/ Health-
care

Medical Diagnostic [13, 15, 17, 24, 71, 76, 153], Patient Seriousness Classification [88, 164], Drug Prescription [144, 145]

Business Income Prediction [30, 97, 98, 170], Sentiment Analysis [5], Housing Prices Prediction [33, 117, 118], Banking [8],
Investment [28, 43], Loan Approval [62], Profession Prediction [30, 133], Job Applications [29]

Educational Nutrition [9, 10], LSAT [5], Kitchen Task [108], Student Performance Assessment [123], Analytical Reasoning (Text [27,
63], Spatial [22], Visual [114], Graph-based [40]), Spell Checking [40], Graduate Admissions [96]

Leisure Speed Dating [94, 168], Block Completion [23], Bird Classification [18, 103, 131], Maze Completion [151], Board
Game [114, 153], Penguin Identification [22], News Classification [112], Trip Planning [127], Logic Puzzles [144, 145],
Exercise Recommendation [11], Movie Reviews [93]

Legal Recidivism [32, 55, 156]
Science Statelite Image Classification [18, 102], Leaf Classification [167], Forest Cover [156]
General Hotel Review Classification [18, 61, 83, 132], Hand-written Digits Identification [27], General Image Recognition [146]



Do People Appropriately Rely on AI-Advice? CHI ’26, April 13–17, 2026, Barcelona, Spain

Table 7: A summary of intervention mechanics (datasets, data class, ML model, and deep learning models), decision-making
types (binary, multi-class, and others), and target population type. There is a diverse use of datasets, while mostly studies
use text/tabular or image/video datasets. Studies also use a mix of actual and simulated machine learning and deep learning
models. Most interventions test binary decisions, while a handful use multi-class decisions. The majority of studies recruit
crowd-workers and general participants.

Category Studies
Dataset Type Dating Profiles [94, 168], COMPAS [32, 55, 156], Income [30, 97, 98, 170], Food Ingredients [9, 10], Leaf [167], For-

est [156], Reviews and Text Classification [5, 18, 27, 40, 61, 63, 83, 93, 112, 132, 133], Videos [108], Housing [33, 117, 118],
Banking NLP [8], Investment [28, 43], Students [96, 123], Games [153], Loan [60, 62], Medical (Images, X-Rays,
ECG, MRI, Profiles, etc.) [13, 17, 24, 71, 76, 88, 144, 145, 153, 164], Natural or General Images [18, 22, 27, 102],
Birds [18, 103, 131], ImageNet [146], Job Applications [29]

Data Class Text or Tabular [5, 8–11, 18, 27–30, 32, 33, 40, 43, 55, 60–63, 76, 83, 93, 94, 96–98, 112, 117, 118, 123, 127, 132, 133, 144,
145, 156, 164, 167, 168, 170], Images or Video [13, 15, 17, 18, 22, 24, 27, 71, 88, 102, 103, 108, 131, 146, 153], Patterns or
Maze [23, 114, 151]

ML Models SVM [83, 132, 167, 168], Random Forest [28, 168], Logistic/Linear/OLS Regression [33, 55, 62, 96–98, 117, 118, 123, 156],
Gradient Boosting [29, 43, 60, 170]

Deep Learning RoBERTa [5, 93], GoogleNet [108], MLP [8], VGG-19 [146], ResNet50 [131], ResNet18 [24], ResNext50 [15], ResNet [71],
LogiFormer [63], CNN [27], FFNN [88], BERT [61]

Decision-
Making

Binary [5, 9, 10, 13, 15, 17, 18, 22, 24, 27–30, 32, 40, 55, 60–62, 71, 76, 83, 88, 93, 94, 96–98, 102, 112, 114, 118, 123,
132, 133, 153, 156, 164, 167, 168], Multi-Class [5, 8, 11, 13, 18, 27, 30, 43, 63, 103, 108, 127, 131, 144–146, 151], Value-
based [13, 33, 117], Pattern [23]

Participants Potential Users [13, 15, 17, 88, 164], Crowd-workers [5, 8–11, 18, 27–29, 33, 40, 55, 60–63, 76, 83, 93, 94, 96–98, 102,
103, 112, 117, 123, 127, 131–133, 144–146, 151, 153, 156, 168, 170], General Participants [9, 22–24, 30, 43, 71, 88, 108,
114, 118, 167]
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Table 8: An overall summary of included studies. Studies mostly use empirical evaluations with the crowd-worker population.
While a few studies use single-stage decisions, a majority favor the multi-stage decisions. Studies mostly explore binary or
multi-class decisions. Diverse explanation methods are used with a high focus on example-based and feature-based XAI. Notes:
Most reported attributes are mutually non-exclusive. The dot (•) shows inclusion.
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1 Yin et al. [168] 2019 • • • • • •
2 Grgić-Hlača et al. [55] 2019 • • • • • •
3 Lai and Tan [83] 2019 • • • • • •
4 Zhang et al. [170] 2020 • • • •
5 Buçinca et al. [9] 2020 • • • • • • •
6 Yang et al. [167] 2020 • • • • • •
7 Bansal et al. [5] 2021 • • • • • • •
8 Buçinca et al. [10] 2021 • • • • •
9 Nourani et al. [108] 2021 • • • • •
10 Lu and Yin [94] 2021 • • • • • •
11 Wang and Yin [156] 2021 • • • • • •
12 Poursabzi-Sangdeh et al. [117] 2021 • • • • • •
13 Cao and Huang [23] 2022 • • • Pattern •
14 Chiang and Yin [33] 2022 • • • • • •
15 Brachman et al. [8] 2022 • • • • •
16 Dikmen and Burns [43] 2022 • • • • •
17 Rastogi et al. [123] 2022 • • • • •
18 Tejeda et al. [146] 2022 • • • • • • •
19 Schemmer et al. [132] 2023 • • • • • •
20 Schemmer et al. [131] 2023 • • • • •
21 Cabitza et al. [13] 2023 • • • • • • •
22 Vasconcelos et al. [151] 2023 • • • • •
23 Wysocki et al. [164] 2023 • • • • • •
24 Vered et al. [153] 2023 • • • • • • •
25 He et al. [63] 2023 • • • • •
26 He et al. [62] 2023 • • • • •
27 Chen et al. [30] 2023 • • • • • • •
28 Prabhudesai et al. [118] 2023 • • • • • •
29 Cabrera et al. [18] 2023 • • • • • •
30 Cau et al. [27] 2023 • • • • • • •
31 Cau et al. [28] 2023 • • • • • •
32 Morrison et al. [102] 2023 • • • • •
33 Cao et al. [22] 2023 • • • • •
34 Chiang et al. [32] 2023 • • • •
35 Lee and Chew [88] 2023 • • • • • • •
36 Ma et al. [97] 2023 • • • • • •
37 Peng et al. [114] 2024 • • • • •
38 Cabitza et al. [17] 2024 • • • • •
39 Cao et al. [24] 2024 • • • • • •
40 Ma et al. [98] 2024 • • • • • •
41 Pareek et al. [112] 2024 • • • • •
42 Salimzadeh et al. [127] 2024 • • • • •
43 Schoeffer et al. [133] 2024 • • • • •
44 He et al. [61] 2024 • • • • •
45 Morrison et al. [103] 2024 • • • • • •
46 Swaroop et al. [144] 2024 • • • • • •
47 Kim et al. [76] 2024 • • • • •
48 Lu et al. [93] 2024 • • • • •
49 Cabitza et al. [15] 2025 • • • • • •
50 de Jong et al. [40] 2025 • • • • •
51 Jeon et al. [71] 2025 • • • • • •
52 He et al. [60] 2025 • • • • •
53 Swaroop et al. [145] 2025 • • • • • •
54 Buçinca et al. [11] 2025 • • • • •
55 Cau and Spano [29] 2025 • • • • • •
56 Ma et al. [96] 2025 • • • • •

Total 56 44 1 11 5 40 12 20 40 40 17 3 0 13 25 22 12 9
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