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HIGHLIGHTS

» Developed novel metrics to evaluate Al’s influence beyond user agreement with AL

« Identified biases impacting Al influence, such as self-anchoring and automation bias.
« Applied framework to four medical studies with 330 clinicians and 15,000 decisions.
» Revealed up to 81% alignment but variances in appropriate reliance and influence.

« Highlighted need for adaptive Al systems to match user expertise.

» Demonstrated that influence metrics uncover dynamics missed by traditional reliance.

ARTICLE INFO ABSTRACT

Keywords: Artificial Intelligence (AI) has become a pivotal tool in augmenting human decision-making across various do-
Calibrated trust mains, yet its influence on user decisions often lacks comprehensive evaluation. While technical performance
Appropriate reliance metrics such as accuracy and efficiency dominate Al design, integrating human-centered approaches that con-

Automation bias
Artificial intelligence
Decision support systems
Influence

sider trust and reliance remains underexplored. This study addresses the knowledge gap in understanding how AI
systems influence decision-making quality, calibrated to user profiles, including their expertise, skills, professional
role, confidence, and reliance tendencies.

We present a novel and comprehensive metric framework for evaluating Al influence, emphasizing behavioral
patterns and measurable improvements in decision outcomes beyond simple alignment with Al recommendations.
The framework is applied to four medical domain case studies—MRI, ECG, X-ray, and ENDO - with user groups
spanning specialists, sub-specialists, and trainees. Results reveal that while human and Al systems achieve high
agreement rates (up to 81%), Al influence on decision quality varies significantly. Notably, X-ray decision-making
showed the highest influence index (0.27), while MRI decisions exhibited substantial self-anchoring bias (6.94),
undermining the potential positive impact of Al Influence metrics unveiled nuances missed by agreement scores,
highlighting domain-specific biases and opportunities to optimize Al-human interaction.

This research underscores the necessity of adapting the type of Al system and affordances to user charac-
teristics and attitudes of reliance to foster calibrated trust and improve decision outcomes. Our findings inform
the design of Al systems that better support diverse user needs and align with human decisions, driving progress
toward human-centered Al integration in high-stakes domains.

1. Introduction which it is presented) and modes of interaction (e.g., when and for what
purpose it is used) fit the user (Carroll and Rosson, 1992), meaning
they are aligned with the user’s characteristics, objectives, and prac-
tices. This alignment is intended to enhance user performance, foster

One of the key tenets of the human-centered approach to devel-
oping Artificial Intelligence (AI) systems is ensuring that the system’s
characteristics (e.g., the type of output it generates and the manner in
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the development of new skills, or maintain those essential to their
work and sense of agency and control (Legaspi et al., 2024). Achieving
this fit can be accomplished through configuration, adaptation, or co-
evolvement (Yang et al., 2020), depending on the timing (respectively,
pre-deployment, at runtime, or across successive deployment cycles) and
the time scale of the process.

This work focuses on obtaining information derived from AI use
and human-Al interaction outcomes, which can serve as criteria for
achieving and enhancing fit during each stage mentioned above (i.e.,
configuration, adaptation, co-evolvement) based on user characteristics
such as skills, perceptions, roles, and expertise (among others). This
information pertains to how appropriately users rely on the system for
decision-making and, crucially, how appropriately the system influences
their decisions. The idea is that once we have operationalized the con-
cepts of reliance and influence through appropriate empirical metrics,
designers and deployers of Al systems can conduct studies within spe-
cific decision-making contexts to gather empirical evidence about which
configuration or type of Al optimizes system influence and ensures its
appropriateness (Cao et al., 2024). This approach is grounded in the as-
sumption that an Al system that users neither rely on nor find influential
in decision-making is ineffective and, consequently, both useless and a
waste of resources, if not worse.

Our work aligns with recent literature on the use of Al systems
in decision-making contexts, which has emphasized the importance of
measuring and evaluating reliance (Kahr et al., 2024; Schemmer et al.,
2023b) among decision-makers and assessing its appropriateness (a com-
prehensive survey of this body of research will be presented in the next
section). Our work also builds on the proposal by Famiglini et al. (2024),
who argued for basing technological adaptations (at any stage men-
tioned above) on empirical evidence, prioritizing stronger evidence as
outlined in the hierarchy proposed in their work.

In the remainder of this paper, we will first motivate the focus on re-
liance and influence by characterizing their essential features and argue
that our work aims to propose a metric framework that moves beyond
the concept of simple agreement between users and Al systems. This
framework is designed to provide more robust metrics for reliance and
influence than those currently employed in the HCI and Al research
community. We will then present the framework in detail, including
its implementation in an online prototype. Following this, we will de-
scribe four user studies conducted in recent years in medical diagnostic
settings, involving 330 practitioners with diverse characteristics and
over 15,000 decisions. We will report the results of applying the metric
framework to the decisions observed in these studies.

The subsequent discussion will focus on interpreting these results to
guide the design of systems optimized for specific categories or types
of users (in terms of role, expertise, perceptions, and skills) within a
given context of use. Ideally, this context would be the same settings
where the studies were conducted. However, depending on the strength
of the evidence, the findings may also be applicable to other settings
with comparable characteristics.

2. Motivations and background

In the current phase of technological development, Al systems are
predominantly designed and developed with a focus on algorithmic opti-
mization to excel in specific tasks, such as image recognition, natural lan-
guage processing, or autonomous driving. In knowledge-intensive tasks,
the prevailing approach prioritizes technical performance metrics - such
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as accuracy, efficiency, and speed — often without explicitly addressing
human values or broader societal considerations.

In response to these practices, the concept of Human-Centered
Artificial Intelligence (HCAI) has gained prominence, offering an al-
ternative perspective on the design, development, and deployment of
Al (Schmager et al., 2023). HCAI emphasizes the centrality of human
needs and aspirations, acknowledging the profound effects AI sys-
tems have on individuals, societies, and the broader human experience
(Bingley et al., 2023; Shneiderman, 2022).

One of the most widely recognized definitions of HCAI emphasizes its
focus on “amplifying, augmenting, and enhancing human performance in
ways that make systems reliable, safe, and trust-worthy” (Shneiderman,
2020) (our emphasis). To operationalize this vision, it is essential to
define what constitutes human performance, moving beyond a simplistic
conflation of performance with the mere use of the system, and where
trust can be observed.

To this aim, the concept of information value chain, introduced
by Coiera (2019) (see Fig. 1), offers a valuable framework to con-
textualize human performance from an HCAI perspective, particularly
in decision-making contexts. This concept allows for a more nuanced
understanding of how Al systems interact with and support human
decision-making processes, and underscores that the generation of out-
puts by decision-support systems — often the primary focus of Al
researchers — is just one step in a broader sequence that determines the
real value and impact for users and deploying organizations (Herrmann
and Pfeiffer, 2023). The first critical opportunity for Al systems to in-
fluence human decisions lies in their capacity to first gain human trust,
at least for a specific case, and hence exert an effect in reducing human
error rates (Bansal et al., 2019), thereby altering human actions and in-
creasing the likelihood of better outcomes. Although this final step is
pivotal in justifying the integration of Al systems into decision-making
contexts, there is limited evidence demonstrating AI’s capacity to signif-
icantly improve the final outcomes of human actions (Cresswell et al.,
2020, 2024; Moja et al., 2019).

Nevertheless, meaningful effects can only emerge from the integra-
tion of humans and machines when the entire process beyond output
generation is considered (Cabitza et al., 2023c). This necessitates a
deeper examination of how Al systems influence the actual environ-
ments or cases of interest. In this contribution, we focus on the second
step after output generation: the stage where the machine’s influence on
decision-making should manifest, as a consequence of human trust, cre-
ating opportunities to improve human action. This step is foundational
for HCAI research, as it represents the point where the promise of Al in-
tegration as a trustworthy augmentation tool is realized. Furthermore,
it is crucial to evaluate the machine’s effects on human capabilities to
ensure alignment with fundamental rights, the long-term sustainability
of its impact, the development and maintenance of human skills, and
the preservation of individuals’ sense of agency and responsibility.

It is important to note that measuring the effect of machine out-
puts on human decision-making solely in terms of decision alignment,
such as agreement and switch rate, that is the number of times humans
change their minds after considering the Al output, is insufficient. Recent
research has shifted towards a more nuanced construct: (appropriate) re-
liance (Lee and See, 2004). Assessing the degree and appropriateness
of human reliance on Al systems is critical for achieving an optimal
human-machine relationship, which is instrumental in fulfilling the ul-
timate goal of the information value chain: improving human action
outcomes.

HUMAN-AI -~ Al OUTPUT I Dl-élér;gfoNN | ACTION COURSE I OUTCOME
INTERACTION “| GENERATED ) CHANGED 1 ALTERED =l CHANGED

Fig. 1. The information value chain in a human-centered Al context, inspired by Coiera (Coiera, 2019).
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Building on this foundation, this contribution advocates for mov-
ing further, and beyond the concept of reliance, to introduce and
operationalize the notion of influence. This concept emphasizes the dif-
ferential utility of a decision support system as a factor contributing to
the achievement of specific goals at the end of the value chain. We argue
that evaluating steps that follow the system output, shifting focus from
abstract accuracy metrics to the tangible impact on human decisions and
actions, is vital. This perspective is particularly relevant in knowledge-
intensive domains such as medical diagnostics, where decision-making
often relies on tacit forms of expertise. Empirical evidence shows that
expert diagnostic reasoning frequently depends on implicit knowledge,
visual inspection strategies (e.g., identification of hot spots, use of mag-
nification), and structured interpretive routines (Plass et al., 2022).
These cognitive and perceptual mechanisms, while difficult to quan-
tify, play a critical role in shaping diagnostic judgments and actions.
Therefore, evaluating Al systems solely on accuracy performance over-
looks the extent to which they align with and support these human
cognitive strategies. Similar observations have been made in applied
domains such as radiology, where recent studies emphasize the impor-
tance of designing Al tools that complement domain-specific expertise
and situated decision-making practices (Sorantin et al., 2022). Assessing
influence on the basis of observable behaviors, and associating that con-
struct with the rate of correct decisions made by the human being after
consulting with the Al system (i.e., the final accuracy of the combined
human-AI system) may be the preliminary step in figuring out which
type of Al is best suited for which type of user, on the basis of their pro-
file, including information such as role, expertise, seniority, and skill, or
their degree of appropriate reliance, i.e., the degree of comprehension of
the system’s capacities at the level of the individual case and individual
decision to be made, and thus of how well calibrated their trust (Buginca
et al., 2021) in the system appears to be.

In what follows, we will argue that to tailor an Al system to a spe-
cific user—whose characteristics, such as role, expertise, perceptions, or
skills, are partially known - it is essential to adopt a grounded, evidence-
based design approach (Famiglini et al., 2024). This approach ensures
that the system can be configured during setup, adapted in real-time,
or improved over time, with a focus on the decision-making step of
the information value chain and guided by the findings of empirical
research. Achieving this requires the development of novel metrics to
better understand this critical step and to substantiate the value of Al in
real-world human contexts.

3. Related work

In this section, we introduce key concepts and provide an overview
of related work concerning appropriate reliance and trust calibration.
Specifically, we explore how these notions have been conceptualized and
measured in previous research, highlighting the diversity of approaches
adopted in the literature (Benda et al., 2022).

Influence.  So far, we have assumed a general understanding of the
term influence. Broadly, influence refers to an agent’s ability to affect
another’s behavior, perception, or cognition. This definition encom-
passes interaction between agents, including humans and Al systems,
where mutual influence may occur. Strategies for exerting influence
range from physical control, such as coercion, to communication-based
approaches, including deception (Umbrello and Natale, 2024), persua-
sion (Burr et al., 2018), nudging (Luciano, 2024), and the provision of
specific affordances (Famiglini et al., 2024).

In this work, we propose a more narrowly defined concept of Al influ-
ence. Specifically, we define influence as the system’s capacity, through
its output, to actually change the user’s mind (and hence their deci-
sion), or modify their perception, feelings, or opinion about a decision.
This change may also include increasing or decreasing the user’s con-
fidence in the decision’s correctness. Machine influence occurs within
a specific decision context and depends on various factors in addition
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to the system’s output. While system output may include advice, expla-
nations (Cabitza et al., 2023b), similar cases (Cabitza et al., 2024), or
counterfactual examples (Amann et al., 2022), other contextual factors
include the user’s initial confidence - shaped by prior interactions with
the system or what social learning theory and cultural anthropology call
its reputational prestige, see Henrich et al. (2015) - their level of ex-
pertise, and their understanding of the system’s likely accuracy in the
specific case at hand. More broadly, this understanding of how the ma-
chine operates forms a mental model often referred to as the theory
of machine (Logg, 2022). Machine influence shapes user behavior and
decision-making, ultimately reinforcing or eroding user trust in the ma-
chine based on perceived system reliability and alignment with their
goals (Hoffman et al., 2013).

It is crucial to clearly distinguish Al influence from the closely related
concept of Al persuasion. Persuasive technologies are explicitly designed
to change users’ attitudes or behaviors through persuasion and social
influence (De Vries et al., 2017). An effective persuader is defined as an
entity that successfully convinces a recipient to adopt a specific view-
point or behavior (Baek and Falk, 2018). This characterization positions
Al persuasion as a form of technology-mediated behavioral control,
one that is inherently teleological and intentional, designed to achieve
predefined goals aligned with the persuader’s objectives (Floridi,
2024). As Fogg (1998) succinctly states, “persuasion requires
intentionality.”

In contrast, the changes in behavior or attitudes resulting from Al
influence are not driven by an intent to persuade users to adopt a par-
ticular, Al-backed stance. Rather, designing for an appropriate level of
Al influence focuses on enhancing the collaborative performance of the
human-AI dyad by tailoring the system’s outputs to align with user ca-
pabilities and needs, even when this leads to decisions that diverge from
the AI's recommendations.

Thus, summing things up, Al influence refers to the effect an Al sys-
tem exerts on a decision-making process, shaped by a combination of
technical, socio-technical, and cognitive factors. Key elements include
the system’s validity, its effectiveness in communicating this validity,
and the user’s ability to comprehend the system’s output, evaluate its
reliability, and integrate it into their decision-making process. These
factors can be operationalized through metrics such as positive pre-
dictive values, calibrated confidence scores, and degrees of appropriate
reliance.

Trust and reliance. The terms trust and reliance are often used inter-
changeably in the literature, although they represent different aspects of
human-Al interaction, with trust serving as a primary contributing factor
to the reliance (Klingbeil et al., 2024; Schaschek et al., 2024). Several
studies further blur this distinction by defining behavioral trust through
observable actions, effectively using them as proxies for user trust (Zhou
et al., 2019; Papenmeier et al., 2022). Specifically, such studies propose
that reliance can be measured through behavioral indicators of trust in
an Al system, such as the frequency with which users adjust their deci-
sions to align with the AI’s predictions. However, trusting an entity and
believing it to be correct in a specific instance are two fundamentally
different concepts.

In this work, we align with the research perspective that opposes
conflating trust and reliance, as suggested by (Lee and See, 2004), and
focus on reliance as a measurable quantity, in contrast to trust. Trust
refers to an emotional or attitudinal stance, representing a psychological
belief in the system’s competence and reliability. On the other hand,
reliance is defined as observable behavior: the decision to either adhere
to or override a system’s recommendation (Lee and See, 2004).

In scenarios where an initial Al suggestion is provided, the human
agent retains the discretionary power to evaluate the recommendation
and decide whether to follow it or pursue an alternative course of action.
While trust and reliance are closely related, they do not necessarily align;
users might trust an Al system yet choose not to rely on it due to various
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contextual factors, such as task complexity or personal self-confidence
(Hoff and Bashir, 2015).

Reliance metrics. Appropriate reliance in human-Al decision-making
has been defined and measured in multiple ways across the literature
(Eckhardt et al., 2024), but it is commonly described as relying on
Al predictions when they are accurate and rejecting them when they
are not (Lee and See, 2004; Schemmer et al., 2023b; Schmitt et al.,
2021; Guo et al., 2024b). Several metrics have been developed to
measure appropriate reliance or its key components (e.g., under- or over-
reliance)Schaschek et al. (2024). However, assessing reliance in a way
that accurately reflects Al’s real influence on decision-making remains
challenging.

Common metrics, such as Agreement Fraction or Percentage (Yin
et al., 2019), Reliance Rate (Yu et al., 2019), Failure Detection (Merritt
et al., 2015), and the metrics of appropriate and inappropriate reliance
proposed by Brachman et al. (2022), have been extensively used in stud-
ies of human-Al interaction (Wang and Yin, 2021; He et al., 2023b).
While these metrics have often been employed to quantify people’s trust
and reliance on Al recommendations (Lu and Yin, 2021), they actu-
ally measure agreement, that is, the degree to which the decision of the
humans and the AI recommendations match.

In particular, the Agreement Fraction measures the number of de-
cision tasks where the user’s final decision matches the AI’s prediction,
divided by the total number of tasks (expressed as a percentage in the
Agreement Percentage).

Reliance Rate refers to the proportion of consistent decisions made
with the system over a set number of consecutive trials.

Failure Detection is calculated as the percentage of times users’ fi-
nal decisions disagreed with incorrect automation advice (i.e., correct
disagreements) divided by the percentage of incorrect disagreements.
Similarly, the metrics defined by Brachman et al. (2022) measure ap-
propriate reliance as the ratio of items where the user agreed with the
correct advice to the total number of correct advice items, and inap-
propriate reliance as the ratio of items where the user agreed with an
incorrect advice to the total number of incorrect advice items.

Although these metrics offer insights into the decision-making pro-
cess, they have a key limitation in that they do not account for the user’s
initial decision (HD1, see Table 2). Therefore, they cannot determine
whether the AI genuinely influenced the user’s judgment, as the user
may have already agreed with the Al before seeing its suggestion. As a
result, these metrics are insufficient for assessing reliance and the true
influence of the AI on the user’s decision-making process, but should
rather be interpreted as metrics of simple agreement.

The limitation of not considering users’ initial decisions has been
addressed by implementing additional metrics that do not solely rely
on the agreement rate between human and AI decisions. Examples in
this line of work include the Switch Fraction (Yin et al., 2019), Weight
of Advice (WoA) (Harvey and Fischer, 1997), Weight of Own Estimate
(WOE) (Yaniv and Kleinberger, 2000), Relative Positive Al Reliance
(RAIR) (Schemmer et al., 2022), Relative Positive Self-Reliance (RSR)
(Schemmer et al., 2022) and Deception of Reliance (DoR) (Morrison
et al., 2024).

The Switch Fraction or Percentage, employed in several decision
support system studies by He et al. (2023a); Lu and Yin (2021); Ma et al.
(2024), is defined as the ratio of the number of tasks where the subject’s
initial prediction disagreed with the model’s prediction, but the final
prediction aligned with the model, to the total number of tasks where
the initial prediction disagreed with the model. This metric measures
how often users, after initially disagreeing with the Al, subsequently
changed their final decision to match the AI’s suggestion. As such, it
provides a more stringent measure of reliance on Al as it tracks explicit
decision changes.
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The Weight of Advice (WoA), introduced by Harvey and Fischer
(1997) and further defined by Yaniv (2004), is a a measure of ad-
vice utilization (Logg et al., 2019) and it is calculated as the ratio of
the difference between the final decision and the initial decision, di-
vided by the difference between the advice and the initial decision. This
proportion quantifies the extent to which users modify their decisions
after receiving advice. A positive WoA indicates that users adjusted their
responses toward the AI’s advice, while a negative WoA suggests they
discarded it.

A related metric to WoA, the Weight of Own Estimate (WOE)
(Yaniv and Kleinberger, 2000), measures the weight users place on their
initial judgment relative to Al advice, with a value of 1.0 indicating
complete reliance on their original decision (100% discounting of the ad-
vice). It is calculated as the ratio of the difference between the advice and
the final decision, divided by the difference between the advice and the
initial decision. A key limitation of the Switch Fraction, WoA and WOE
is that they do not distinguish between appropriate and non-appropriate
reliance, that is, they do not distinguish cases in which a decision switch
resulted in an improvement from those cases in which instead it did not.
Additionally, from a more statistically-oriented perspective, the Switch
Rate takes the form of a conditional rate, which are harder to interpret
than commonly used statistical indicators of effect (Schechtman, 2002)
(i.e, unconditional rates, odd ratios or relative risks) and also have worse
statistical properties (e.g., confidence intervals for conditional rates are
usually bigger than for other indicators, as they use a reduced number
of samples).

WoA and WOE, by contrast, only provide informative indicators in
case of numerical decisions: for categorical ones, they can only assume
values equal to 1 (when both the initial and final user decisions disagree
with the Al decision), 0 (when the final user decision and the Al decision
agree) or oo (when the initial user decision and AI decision agree, but
then the user switches their decision).

A more advanced approach was proposed by Schemmer et al. (2022),
which considered two different metrics to model reliance, namely the
Relative Positive Al Reliance (RAIR) and Relative Self-Reliance (RSR),
to provide deeper insight into decision-making behavior.

Relative AI Reliance (RAIR) reflects the proportion of instances
in which users change their incorrect initial decisions to follow cor-
rect Al advice. It is calculated by dividing the number of cases where
participants were initially wrong, received correct Al advice, and subse-
quently changed their decision to the correct one (reliance pattern 011,
see Table 2), by the total number of instances where participants were
initially wrong and the Al provided correct advice, regardless of the final
decision (reliance patterns 011+ 010, see Table 2).

Relative Positive Self-Reliance (RSR), on the other hand, refers to
instances of correct self-reliance when the Al advice is incorrect. It is cal-
culated by dividing the number of cases where participants were initially
correct, received incorrect Al advice, and maintained their correct deci-
sion (reliance pattern 101, see Table 2), by the total number of instances
where participants were initially correct and the Al provided incor-
rect advice regardless of the final decision (reliance patterns 101 +100,
see Table 2). Both metrics range from O to 1, with higher values in-
dicating more appropriate reliance on the Al The authors refer to the
theoretical goal of achieving an RSR (Relative Self Reliance) and RAIR
(Relative Al Reliance) metric of “1” as the optimal Appropriateness of
Reliance (AoR) (Schemmer et al., 2023a,b). Nonetheless, AoR does not
provide a metric of appropriate reliance as it can only take two values
(0 or 1), thus not allowing an easy comparison between different Al
systems, and also as it focuses on over- and under-reliance rather than
appropriate reliance properly defined. Additionally, and similarly to the
Switch Rate, WoA and WOE, RSR and RAIR take the form of conditional
rates.
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Table 1

Summary of the metrics discussed in related work.
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Metric

Definition

Limitation

Agreement Fraction (Yin et al., 2019)

Reliance Rate (Yu et al., 2019)

Failure Detection (Merritt et al., 2015)

Appropriate Reliance (Brachman et al.,
2022)

Accuracy Wid (Harvey and Fischer, 1997)

Switch Fraction (Yin et al., 2019)

Weight of Advice (WoA) (Harvey and
Fischer, 1997; Yaniv, 2004; Logg et al.,
2019)

Weight of Own Estimate (WOE) (Yaniv
and Kleinberger, 2000)

Relative Al Reliance (RAIR) (Schemmer

Agreements between the subject’s and model’s prediction

Total number of tasks

Consistent decisions made with the system
Set number of consecutive trials

% Correct disagreements
% Incorrect disagreements

Decisions where the user agreed with the correct advice
Total number of correct advice

Correct final decisions following initial disagreement

Total number of decisions with initial disagreement
Number of switch (from disagreement to agreement)

Total number of initial disagreement

|Final Decision — Initial Decision|

|Advice — Initial Decision|

|Advice — Final Decision|
|Advice — Initial Decision|
Positive Al Reliance
Positive Al Reliance + Negative Self — Reliance

Agreement measure, does not consider the user’s
initial decision (H1)

Agreement measure, does not consider the user’s
initial decision (H1)

Agreement measure, does not consider the user’s
initial decision (H1)

Agreement measure, does not consider the user’s
initial decision (H1)

Does not consider cases with initial agreement

Does not consider whether switches are for the
better or for the worse

Informative only for numerical decisions

Informative only for numerical decisions

et al., 2022)

Relative Self-Reliance (RSR) (Schemmer — Posmv«_a Selfl — Rehaéce -
Positive Self — Reliance + Negative Al Reliance

et al., 2022)

RSR=1

Appropriateness of Reliance .
pprop otherwise

AoR = { (l)
(AoR) (Schemmer et al., 2023b)

Number of correct switches (from disagreement to agreement)

and RAIR=1

Not informative (can only take values 0 and 1)

Appropriate Reliance (Guo et al., 2024a)

Total number of cases

Does not consider the rejection of AlI’s recommenda-
tion when it is wrong

Table 2

Reliance pattern: definition of all possible decisional configurations between human decision makers and their AI system. In the first three columns, 0 denotes
an incorrect decision, and 1 denotes a correct decision. We associate the attitude towards the Al in each possible reliance pattern, which leads to either
accepting or discarding the Al’advice, and the main related cognitive biases. Al support can be further decoupled into advice and explanation.

Human judgment (HD1) Al support (AI) Final decision (FHD)

Reliance pattern

Other formulations Facilitating Biases

wrong (0) wrong (0) wrong (0) detrimental reliance / automation complacency

wrong (0) wrong (0) right (1) beneficial under-reliance / extreme algorithmic aversion
wrong (0) right (1) wrong (0) detrimental self-reliance Detrimental overriding self-anchoring bias

wrong (0) right (1) right (1) beneficial over-reliance Correct adherence algorithm appreciation

right (1) wrong (0) wrong (0) detrimental over-reliance Detrimental adherence automation bias

right (1) wrong (0) right (1) beneficial self-reliance Corrective overriding algorithmic aversion

right (1) right (1) wrong (0) detrimental under-reliance / extreme algorithmic aversion
right (1) right (1) right (1) beneficial reliance / confirmation bias (in later cases)

Guo et al. (2024b) define appropriate reliance as the probability that
a rational agent will choose to follow the AI's recommendation when
there is a disagreement between the human and the AI. While this met-
ric correctly identifies one component of appropriate reliance (adopting
the AI recommendation when it is correct), it forgoes the other key
component of rejecting the AI’s incorrect recommendation.

In this section, we present a summary of the metrics used in
the literature to measure (appropriate) reliance and their limitations
(see Table 1). In the following sections, we introduce our proposed
framework for assessing Al influence, using established metrics along
with some of our own additions.

4. The metric framework

In this section, we present and discuss the various metrics that
constitute our framework, including those previously proposed in the
literature as well as our original contributions. The foundation of our
framework is the notion of a reliance pattern, which is a decisional con-
figuration in which both the human user and the AI DSS have formulated
a decision. After the introduction of an AI DSS into a decision-making
context, eight distinct behavioral patterns can be identified based on

two factors: the extent of agreement between human and Al decisions
and the resulting error rate in the final human decision. These re-
liance patterns, assuming a binary decisional outcome, are detailed in
Table 2.

By considering the frequency of occurrence of each reliance pattern
and their mutual relationships, we can define several metrics, as summa-
rized in Table 3. In the following, we provide an intuitive explanation of
the rationale and significance of each of the metrics. In the definition of
the metrics, we adopt the following notational conventions: the number
of occurrences of a given reliance pattern is denoted using a three-
character label representation of the pattern! derived from Table 2
(e.g., 000 represents the number of occurrences where both the hu-
man and the Al system are initially wrong, and the final decision is
also incorrect). Additionally, we use the term AIER to denote the
sample average of the Al-supported error (FHD) individual rates, and
UER to denote the sample average of the unsupported (HD1) error
rates.

1 We note that in such expressions the symbols 0/1 are used solely as indicator
values for incorrect/correct judgments with respect to ground truth.
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Table 3
Metrics of the proposed framework of Al influence. For each metric we report either its analytical formulation (when easily
given) or a description of it in natural language.

Metrics of agreement Description

number of agreements between Al and FHD
Percent of Agreement

N
number of negative agreements between Al and FHD

Error rate in Agreement -
number of agreements between Al and FHD

Metrics of reliance Description

. number of induced changes
Dominance Strength " S indu 8

number of recommendations given
Dominance orientation the difference between the number of changes for the right (1) and the number of changes for the

wrong (0), wrt the total number of changes
number of changes leading to agreement

Deference Strength " -
number of recommendations given

Deference Orientation the difference between the number of changes leading to agreement with the correct decision (1)
and the number of changes leading to agreement with the incorrect decision (0), relative to the
total number of changes

1-AIER UER

AIER 1-UER
aided by Al to the likelihood of making errors when unaided.

Al decision Impact , represents the odds ratio comparing the likelihood of making errors when

Team Al Effect on Decision W, the difference between the Al-supported and the unsupported average accuracy
scores wrt the unsupported standard deviation (cf. Glass’ Delta)
Number Needed of Decisions Number of Al-supported decisions that must be made before avoiding a mistake that would have

been made without the AI support
detrimental over — reliance N — beneficial sel f —reliance
N — detrimental over — reliance  beneficial sel f — reliance
detrimental sel f — reliance N — bene ficial over — reliance

Automation Bias

Self-anchoring Bias

N —detrimental sel f — reliance  beneficial over — reliance

. . number of positive trust and distrust pattern occurrences
Appropriate reliance level

number of recommendations — given

Metrics of influence Description

1-A iate relianc
Appropriate influence - M
1 — E[Appropriate reliance]

Influence Index IRR(FHD, AI) - IRR(HD1, AI)
Percent of agreement. The percent of agreement (also referred to as extent to which the human decision (FHD) and Al advice align. This is
the Agreement Fraction or Reliance Rate in the literature) measures the defined as:

Sum of cases where the final decision aligns with system advice
—

100 + 011 + 000 + 111

N
T Total number of advice provided by the Al )

Error rate in agreement.  The error rate in agreement is defined as the proportion of agreements that were associated with a wrong decision: that is,
the cases in which AI and the human decision (FHD) coincided, but both were wrong. It is expressed as:

Sum of cases where agreement with system advice led to incorrect decisions

h
100 + 000
100 + 011 + 000 + 111

Sum of cases where the final decision aligns with system adviceJA )

Dominance strength.  Dominance is essentially the extent to which users change their minds after consulting the AI and whether they do so for better
or worse (positive or negative orientation). Dominance Strength (also called Switch Rate in the literature) measures the ratio of changes made by
users induced by Al suggestions, relative to the total number of Al suggestions provided, regardless of whether the final decision aligns with the AI’s
advice. That is, in formula:

Sum of cases where users made changes based on Al suggestions

!
011 4- 100 + 110 + 001

N
T Total number of advice provided by the Al (3)
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It indicates how frequently a user modifies their decision based on
the AT’s advice. The metric ranges from O to 1, where a value closer to
1 indicates that the Al frequently affects users to change their decisions,
while a value closer to 0 suggests that the Al has minimal or no impact
on user behavior.

Number of changes that led to correct decision

I
0114001 — 100 — 110

011 + 100 + 110 + 001
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Dominance orientation. Dominance Orientation compares the number
of changes in human decision that results in correct judgments with
those that lead to incorrect ones, relative to the total number of changes.
It is defined as:

T Cases where users made changes based on Al suggestions )

It is expressed as a number between —1 and +1, where a positive value indicates that changes induced by Al advice more often lead to correct
decisions, while a negative value suggests that Al advice more often results in incorrect decisions.

Deference strength.
human-AI agreement. It is defined as:

011 + 100

010 + 011 4 100 + 101
Cases where users made changes based on Al suggesﬁmns

Deference strength (also referred to as Switch Fraction in the literature) represents the portion of dominance leading to a

(5)

It measures how often users change their minds to align with the AI’s suggestion. It’s a number between 0 and 1, a higher value indicates that users
frequently defer to the AI's recommendations by adjusting their decisions in agreement with the Al

Deference orientation.

Deference Orientation is the difference between the number of decision changes that result in agreement with a correct

Al decision (1) and those that result in agreement with an incorrect Al decision (0), expressed as a proportion of the total number of changes,

that is:

Difference between correct and incorrect alignments with Al advice

¥

011 — 100
011 + 100

This metric ranges from —1 to +1, where positive values indicate
that deference was predominantly positive (meaning users tended to
accept correct recommendations provided by the AI, while rejecting
incorrect ones).

AI decision impact. It is measured as the odds ratio comparing two
scenarios, namely: the odds of the human user making an error with
Al support (denoted as AIER, Al-supported error rate) and without Al
support (denoted as UER, unsupported error rate). It is defined as:

Odd of the user making an error with Al support
—

1—AIER UER
AIER 1—-UFER
-
Odd of the user making an error without Al support )

Thus, values of Al Decision Impact greater than 1 denote a positive
impact of the Al support on the final decision, as they correspond to cases
where UER (unsupported error rate) is higher than AIER (Al-supported
error rate). In other words, introducing Al support decreases the error

(6)

rate. Conversely, values lower than 1 denote a negative impact, as they
are associated with UER being lower than AIER, meaning that the intro-
duction of Al support has increased the error rate. When interpreted as
the ratio of (1 — ATER)/(1 — UER) to (AT ER)/(U ER), the Al decision
impact can be understood as the ratio between relative benefit and rela-
tive risk. These are two widely used measures in the statistical analysis of
ecological, cohort, medical, and intervention studies (Cook and Sackett,
1995; Malenka et al., 1993). Unlike other metrics, this ratio of ratios
accounts for both positive and negative outcomes, integrating these ef-
fects into a single comprehensive measure. This characteristic makes Al
Decision Impact particularly valuable for trade-off analyses, where un-
derstanding an intervention’s overall impact may clarify trade-offs, and
in goal prioritization, where decision-making should aim to maximize
benefits while also minimizing harms.

Team AI effect on decision. The difference between the aver-
age accuracy scores of the Al-supported and unsupported samples,
in relation to the standard deviation of the unsupported sample,
that is:
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Average error rate of the unsupported users
G

UER — AIER

USD

A

Average error rate
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of the Al-supported users

where U S D is the standard deviation of the user individual unsupported
error rates. Intuitively, the Team Al Effect on Decision quantifies the
effect of the Al support in terms of a standardized effect similar to Glass’
Delta (Hedges, 1981): the metric takes a positive value if and only if
the accuracy improves after being exposed to the Al support, that is if
the AI had a positive effect. Furthermore, it takes values larger than 1
if and only if the improvement described above is at least as large as
the average deviation in the baseline accuracies (hence, the observed
improvement in performance due to being exposed to the Al is larger
than what could be expected by chance due to purely random variations
in the users’ population).

Number needed of decisions (NND). This metric calculates the number
of Al-supported decisions required to prevent a single error that would
have occurred without the support. This is defined as the minimum sam-
ple size based on the Team AI Effect on Decision A (interpreted as an
effect size) through the formula, originally proposed by Furukawa and
Leucht (2011) to compute the number needed to treat in the context of
epidemiological studies (Cook and Sackett, 1995):

1
(I)(A —N( JER)) — (1 — UER)
[
The expected accuracy when supported by Al 9)

Inverse of odds of users rejecting incorrect Al advice compared to all

®

where ® is the cumulative distribution function of a standard Gaussian
random variable (that is, a Gaussian random variable with mean equal
to 0 and standard deviation equal to 1), N is the corresponding den-
sity function. This formula expresses that, given a certain effect size
representing the effect the AI support had on the final decision, the
number needed of aided decisions will differ according to the response
threshold one expects by random chance (that is, N'(U ER)) and the ac-
curacy obtained when unaided associated with that threshold (that is,
1-UER).

Automation bias.  Refers to the negative aspect of reliance on Al, char-
acterized by Al-induced commission errors (Cabitza et al., 2023a).
It occurs when users are misled by incorrect Al advice, resulting in
mistakes they would not have made independently, reflecting an over-
reliance on faulty Al recommendations: thus, intuitively, automation
bias can be understood as the lack of a component of appropriate
reliance, namely the ability to appropriately discard wrong Al rec-
ommendations. In terms of the reliance patterns, automation bias
corresponds to the detrimental over-reliance pattern: the more fre-
quently this pattern is observed, the stronger the automation bias. In
the proposed metric of automation bias, the detrimental over-reliance
pattern is compared with the beneficial self-reliance in terms of an odds
ratio:

other cases

|
100 N —101

N — 100 101
A
Odds of users following incorrect Al advice

If the automation bias metric is lower than, or close to, 1, then there
is no significant indication of automation bias, since the users are less
or equally likely to be misled by the Al as they are to rightfully ignore
its wrong advice. By contrast, a value of the metric much larger than
1 provides a significant evidence of automation bias since the user is
much more likely to retain rather than discard a wrong advice. This
metric is related to the Relative Positive Self-Reliance (RSR) proposed
in (Schemmer et al., 2022): automation bias is equal to 0 if and only
if RSR is equal to 1, and it is equal to 1 if and only if RSR is equal
to 0. Compared with the RSR, however, it offers a more natural inter-
pretation, as it is expressed in terms of an odds ratio (which represents
the relative strength of automation bias compared with the opposite be-
havior of discarding wrong AI support) rather than a conditional rate;
furthermore, it has a larger effective sample size (equal to N, the whole
sample size, compared with 100 + 101 < N for the RSR), which can in
general result in smaller estimation uncertainty (e.g., when computing
confidence intervals).

Self-anchoring bias.  Self-anchoring Bias reflects a preference for hu-
man over algorithmic advice, resulting in reduced reliance on Al

10)

interventions (Dietvorst et al., 2015). It occurs when users are not con-
vinced to follow correct Al advice, but rather reject it reflecting an
over-reliance on their own faulty judgments. Similar to automation bias,
self-anchoring bias can be understood as the lack of a component of
appropriate reliance, namely the ability to identify and appropriately
accept correct Al recommendations. In terms of reliance patterns, self-
anchoring bias corresponds to the detrimental self-reliance pattern. The
considered metric for self-anchoring bias is defined similarly to the cor-
responding one for automation bias, as it compares the detrimental
self-reliance pattern with the beneficial over-reliance pattern using an
odds ratio:

Inverse of odds of users following correct Al advice

!

010 N —011

N —010 011
-
Odds of users rejecting correct Al advice 1n

If the self-anchoring bias metric is smaller than or close to 1, then
there is no significant indication of the presence of self-anchoring bias,
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since the users are more or equally likely to accept the correct recom-
mendations of the Al as they are to reject them. By contrast, a value
of the metric much larger than 1 provide a significant evidence of self-
anchoring bias, as users are much more likely to discard rather than
retain a correct advice. Similarly to the relationship between automation
bias and RSR, this metric is related to the Relative Positive Al Reliance
(RAIR) proposed by (Schemmer et al., 2022).

Appropriate reliance.  Intuitively, AR is an indication of how well users
determine, from any clue, whether they can trust or should distrust the
machine’s advice. We operationalize this concept as the ratio of the sum
of beneficial trust and distrust pattern occurrences to the total number of
recommendations provided. The beneficial reliance patterns are 011 and

Beneficial trust and distrust pattern

011 4101 +001 + 1111 +
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111, while beneficial distrust patterns are 101, 001 and 000. Notably,
the metric considers not only reliance patterns associated with a decision
switch, but also patterns in which the Al recommendation and human
user decision agree (i.e., the patterns 000 and 111): to assess whether
the AI influenced the decision-making in these cases, we consider the
change in the confidence the human users attaches to its decision be-
tween HD1 and FHD. In particular, 111 is considered a beneficial trust
pattern if it is associated with an increase in confidence, while 000 is
considered a beneficial distrust pattern if it is associated with a decrease
in confidence: the rationale behind this approach lies in the observation
that, even though the Al recommendation was not sufficient to make the
human user change its mind, it still had an impact. Consequently, the
formula for the appropriate reliance level can be defined as:

N

Confidence Increase

Total number of advice provided by the Al J

where 1 (resp., |) denote an increase (resp., decrease) in confidence be-
tween HD1 and FHD, and N is the total number of recommendations
given. Appropriate reliance combines, and goes beyond, the proposals
by Schemmer et al. (2023b) and Guo et al. (2024b): compared to the
proposal of Schemmer et al., our metric provides a single indicator com-
bining the elements that appear in the RAIR and RSR components; while
compared to the proposal of Guo et al. it considers an additional com-
ponent of appropriate reliance (that is, the probability of discarding a
wrong Al recommendation). In particular, appropriate reliance is related
to automation bias and self-anchoring bias (see below), as well as RAIR
and RSR. Indeed, it holds that if the appropriate reliance level is equal
to 1, then both automation bias and self-anchoring bias are equal to 0 (if
and only if both RAIR and RSR are equal to 1).2 The converse implication
does not, however, automatically hold, due to the terms 111 1 +000 | in
the definition of the appropriate reliance.

Appropriate influence. ~ Appropriate influence aims to address the shift
in focus from reliance to influence, as highlighted in the previous
section. It can be defined as the extent to which a system’s advice makes

2 If Appropriate reliance level is equal to 1, then 011 + 101 + 011 + 000 |
+111 1= N, which implies 100 = 0, as well as 010 = 0, hence, automation bias
= self-anchoring bias = 0 and RAIR = RSR = 1.

(12)

user reliance appropriate beyond what would occur by random chance.
As such, it allows researchers to distinguish between informed and un-
informed reliance, in virtue of a model of chance through which to
calculate the likelihood that users may appear to appropriately rely (that
is, accept correct advice, or discard incorrect advice) on the system’s
advice by chance, and then to discount this factor from the appropriate
reliance.

Analytically, the formula for the appropriate influence stems from
calculating the expected value of the appropriate reliance level metric
under the assumption of no influence, that is, all observed cases of ap-
propriate reliance are due to chance. This is equivalent to assuming that
the decisions of the human user and Al are entirely independent. Hence,
let AI be the accuracy of the AL Under the uniform prior on the con-
fidence increasing or decreasing (that is, the confidence has the same
probability, equal to 0.5, of increasing or decreasing between HD1 and
FHD), the expected value of appropriate reliance can be computed as:

The expected frequency of a beneficial trust pattern

¥
UERx Al % (1~ UER) + 13)
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The expected frequency of the 111 pattern with a confidence increase

|
(1—UER) = Al «(1— UER)

5 +
14
+ 1-UER)«(1-Al)«(1-UER)+UER«*(1—Al)+«x(1—-UER).
The expectLd frequency of a beneficial distrust pattern (15)
The formula for the appropriate influence is then defined as:
Portion of appropriate reliance explained by mere chance
v
1 1 — Appropriate reliance
1 — E[Appropriate reliance] - 16)

Intuitively, the appropriate influence is larger than 0 if and only if the observed appropriate reliance is larger than what could be expected by chance.
In particular, under the convention that g = 0, the appropriate influence is equal to 1 if and only if the appropriate reliance is equal to 1. By contrast,
the appropriate influence can also take negative values, whenever the observed appropriate reliance is smaller than what could be expected by
chance: in particular, if the appropriate reliance is equal to 0 or E[Appropriate reliance] = 1, then the appropriate influence takes value tending to —co.

Influence index. The Influence Index measures how persuasive the Al support is. It is the difference in chance-adjusted agreement scores between
the final decision (FHD) and the AI and the first judgment (HD1) and the Al, that is:

Chance-adjusted agreeement between supported users and Al

¥
IRR(FHD, AI) — IRR(HD1, AI) .
1

Chance-adjusted agreeement between unsupported users and Al

a7

To gauge the Influence Index, we measure how often users change rate the scans for presence of lesions (ligament or knee abnormality).
their decisions to align with the AI's advice, regardless of whether the ad- The radiologists provided diagnoses with the aid of a simulated Al sys-
vice is correct or incorrect. IRR denotes a chance-discounted inter-rater tem operating at 80% accuracy. A human-first design was employed, in
agreement metrics, such as Krippendorff «. Thus, the Influence Index which, for every case, the users were first asked to provide their initial
quantifies the change in chance-discounted agreement between a hu- decision (HD1), then they were shown the support of the Al (in the form
man user and the Al after the user has been exposed to Al support. An of a clear-cut diagnosis), subsequently they had to formulate a final deci-
Influence Index greater than 0 indicates that the Al influenced the user, sion (FHD). The baseline accuracy (unsupported) of the users (evaluated
as the exposure resulted in an increased agreement rate. Conversely, a based on the HD1 decisions) was 79%. Users were also asked to evalu-
negative value signifies that the AI support reduced the agreement rate. ate the confidence in their decision, both for their initial (C1) and final
(FC) decisions, through a 6-item ordinal scale ranging from value 1 (no

5. Methods of the user studies confidence at all) to 6 (absolute confidence in the decision). In half of

the cases (60), users were also presented with explainable support (in
the form of activation maps, generated through the GradCAM method,
highlighting the regions of the MRI image with color denoting their im-
portance for the Al decision) together with the support of the Al Further
details can be found in (Cabitza et al., 2023c).

To demonstrate our framework, we applied it to decision perfor-
mance data from four user studies conducted in the medical domain.
These studies involved simulated AI systems tested under controlled
conditions using real-world retrospective cases (see Fig. 2). Below, we
summarize the key features of the user studies, which provided evidence
classified as lf:vel 5 Famiglini et al. (2024) regarding the Al systems 5.2, The ECG user study
under evaluation.

In this cardiology-oriented study, 21 medical professionals from the
5.1. The MRI user study Medicine School of the University Hospital of Siena (Italy) participated
in classifying heartbeat patterns from 20 ECGs. These ECGs were cu-
rated by a cardiologist from the ECG Wave-Maven repository.* Using a
web-based LimeSurvey questionnaire, participants provided diagnoses
while interacting with a simulated Al system with 70% accuracy. The
study followed a human-first protocol: for each case, users were initially
asked to provide an initial decision (HD1), they were then shown the Al
support (in the form of a diagnosis), after which they had to formulate

This radiology-based study involved 12 certified radiologists from
IRCCS Ospedale Galeazzi Sant’Ambrogio (Milan, Italy) and other hos-
pitals throughout the country. The task was to classify knee lesions
using 120 MRI scans selected from the MRNet dataset.® The study was
carried out using an online, multi-page LimeSurvey questionnaire where
participants viewed the MRI cases in random order, with each case dis-
playing three standard views (axial, sagittal, and coronal), and had to

4 https: .bidmec.h d.ed in.
3 https://stanfordmlgroup.github.io/competitions/mrnet/ ps://ecg.bidme.harvard.edu/maven/mavenmain.asp
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adenoma

X-RAY ENDOSCOPY

Fig. 2. Screenshots from the simulated Al systems employed in the user stdies.

a second decision (HD2), subsequently they were shown an explainable
Al support (in the form of a textual explanation describing the observed
ECG trace), and they were finally asked to formulate a final decision
(FHD). Although the participants had been told that the explanations
were automatically generated by the Al system, like the diagnostic ad-
vice, these had been prepared by a cardiologist: 40% of the explanations
were prepared to be incorrect or not completely pertinent to the cases.
The baseline accuracy (unsupported) of the users (evaluated based on
the HD1 decisions) was 56%. For further details, see (Cabitza et al.,
2023c).

5.3. The x-ray user study

This orthopedic study focused on detecting traumatic thoraco-
lumbar fractures in X-ray images. Seven orthopedists with varying levels
of expertise participated in classifying 12 X-ray images, using a multi-
page LimeSurvey questionnaire. The participants worked with an Al
support system with an accuracy of 78%. The Al system, a ResNeXt-50
model, was trained to detect thoraco-lumbar lesions based on a dataset
consisting of 630 vertebral cropped X-rays, which had been collected
at the Spine Surgery Centre of the Niguarda General Hospital of Milan
(Italy) from 2010 to 2020, from 151 trauma patients over 18 years old,
split into 328 no-fracture images (52%) and 302 fracture ones. The ex-
periment utilized a human-first interaction protocol: for each case, users
were initially asked to provide an initial decision (HD1), they were then
shown the AI support (in the form of a diagnosis) together with an ex-
plainable AI support (in the form of a saliency map), and they were
finally asked to formulate a final decision (FHD). Users were also asked
to rate their confidence, for both their initial (C1) and final (FC) deci-
sions, through a 6-item Likert scale ranging from value 1 (no confidence
at all) to 6 (absolute confidence in the decision). Further information is
available in (Cabitza et al., 2022).

5.4. The endoscopy user study

The gastroenterological study involved the assessment of gastroin-
testinal bleeding and inflammatory lesions through small bowel capsule
endoscopy, as well as to evaluate ulcerative colitis activity through
proctosigmoidoscopy. A total of 274 participants, comprising specialists
(79%) and trainees (21%) of different experience levels, were tasked
with diagnosing up to 90 short endoscopic video clips (15-20 s each)
with and without Al assistance via a LimeSurvey-based questionnaire,
amounting to 12,000 paired video assessments. The task involved indi-
cating the presence or absence of small bowel lesions with high bleeding
potential (30 paired videos), the presence or absence of small bowel le-
sions with significant inflammatory potential (30 paired videos), and
providing a score on the Ulcerative Colitis Index of Severity (UCEIS, 30
paired videos). The support was provided in form of a simulated Al sys-
tem with a set diagnostic accuracy of 80%, a sensitivity of 86%, and a
specificity of 75%. To indicate the presence of lesions, the system dis-
played geometric cues (arrows, circles) and, in the UCEIS setting, also
reported a suggested severity score at the end of the video. The interac-
tion protocol involved a human-first approach: after watching the video
without Al assistance, participants registered their initial decision (HD1)
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as well as their confidence in their own response (C1, on a scale from 1
to 4). Then, the video was shown again, but with an Al overlay highlight-
ing target lesions. Participants then provided their final decision (FHD),
their final confidence (FC), and an assessment of the system’s utility (on
a scale from 1 to 4, including an I don’t know option). For more details,
refer to (Tontini et al., 2025).

5.5. Statistical analysis

We analyzed the effect of Al on decision-making based on the metric
framework described in Section 4. For each study, we considered both
the general results, calculated based on the entire sample, as well as a
stratified analysis, in which we calculated the metrics separately for the
different user profiles and types of Al considered. Additionally, for the
MRI and X-ray studies, where confidence was also measured, we consid-
ered an additional stratification based on the confidence. Specifically,
we stratified the population in two strata: low-confidence (LC) and
high-confidence (HC) users; a user was considered an LC (resp. HC)
user, depending on whether their average confidence was lower (resp.,
higher) than the median of the sample’s average confidence. Finally, for
all studies, we also considered a stratification based on skill, in which
we distinguished the samples’ population based on their HD1 accuracy.
Specifically, for each study, we stratified users into low-performers (LP)
and high-performers (HP) based on whether their HD1 decision accuracy
was lower or higher than the median HD1 accuracy for that study.

Statistical analysis of the results was based on interval analysis
(Altman et al., 2013): for each metric, we computed the correspond-
ing 95% confidence interval through a bootstrap-based approach using
Efron (1987) Bias-corrected and Accelerated (BCa) bootstrap algorithm.
Statistical significance was assessed based on interval comparison: two
metrics’ values were deemed significantly different (at the 95% confi-
dence level) if, considering only that comparison/isolating that research
question from the others,® the corresponding 95% confidence intervals
did not overlap.

6. Results and discussion

The results obtained by applying the metric framework proposed in
this work to the aforementioned user studies are presented in Table 4
and are discussed in the following sections. All results were gener-
ated using an online tool that implements the metrics described in
Section 4. This tool is accessible at https://haiiassessment-metimeter.
eu.pythonanywhere.com/ or its proxy https://www.entechne.com/
metimeter/haiassessment/. The associated Python libraries are avail-
able on GitHub and can be found via the Software section of our
laboratory’s website: https://mudilab.disco.unimib.it/software/. In the
following sections we illustrate how the proposed metrics could be ap-
plied in a practical context, highlight which kinds of discussion they can
stimulate, as well as illustrate the existence of macro-level differences
between settings and scenarios and how our framework could be used
in such a sense to guide design decisions (Table 5).

5 The risk of false discovery rate depends on which and how many other
comparisons/research questions are considered.
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Table 4
The results from the user studies (columns) for each metric (rows) presented in
this work.

Metric Endoscopy ~ X-ray ECG MRI All
Percent of Agreement 0.81 0.72 0.79 0.71 0.79
Error rate in Agreement 0.11 0.04 0.27 0.09 0.12
Dominance Strength 0.08 0.24 0.10 0.06 0.08
Dominance orientation 0.38 0.39 0.71 0.18 0.38
Deference Strength 0.07 0.19 0.10  0.03 0.07
Deference Orientation 0.44 0.64 0.71 0.82 0.46
Al decision Impact 1.21 2.00 1.61 1.06 -
Team AI Effect on Decision 0.34 1.23 0.66 0.18 0.36
Number Needed of 12 6 5 19 11
Decisions

Appropriate reliance 0.51 0.46 0.52 0.28 0.51
Automation Bias 0.21 0.19 0.30 0.02 0.19
self-anchoring bias 1.90 0.20 096  6.94 2.00
Appropriate influence —-0.05 —-0.22 0.04 -0.59 —0.05
Influence Index 0.13 0.27 0.18 —0.00 0.14

Across all studies, the results consistently demonstrate that influence-
based metrics such as appropriate influence and the influence index
provide a more nuanced and fine-grained understanding of how Al im-
pacts human decision-making than agreement, dominance, or reliance
scores alone. Percent of agreement remains high and relatively sta-
ble across all studies, as seen with scores ranging from 0.71 (MRI) to
0.81 (Endo). While agreement scores reveal alignment between human
and Al decisions, they fail to indicate whether this alignment translates
into improved decision quality or meaningful shifts in decision-making
behavior.

Appropriate reliance scores highlight varying levels of trust and
distrust in Al, with Endo (0.51) and ECG (0.52) showing more appro-
priate reliance compared to X-ray (0.46) and MRI (0.28). While in the
x-ray study no bias seems to be prominent in negatively impacting
reliance, in the MRI study, conversely, the self-anchoring bias is not

Table 5
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only much greater than the automation bias (6.94 vs 0.02), which is
virtually absent, but it is by far the highest detected in all studies. This
is confirmed by the results regarding influence, which in that study was
negligible as expressed by the influence index (0.00) and the least ap-
propriate (—0.59), whereas a negative value indicates that influence
has been observed to be about half of what would be expected if it
were due entirely to chance. All these measurements indicate that the
sub-specialists involved in the MRI study overlooked the correct AI ad-
vice too often and suggest an information campaign to make them more
aware of the potential of the technology for the diagnostic task under
consideration: this is still relevant, since, as evidenced by the value of
NND it only takes 19 images to be diagnosed with Al support to avoid
an error that would have been made without the use of Al

On the other hand, since the highest value in appropriate reliance is
just half of the theoretical maximum (0.52), and so it is the mean value
across all studies (0.51), we can argue that there is a great deal of room
for improvement regarding the optimal way to integrate machine ad-
vice into human decision-making in all studies. However, reliance scores
lack the depth to account for whether such reliance improves decision
outcomes beyond chance.

Influence metrics uncover critical dynamics hidden by agreement
and reliance scores. The influence index reveals that X-ray (0.27) and
ECG (0.18) benefit the most from Al advice, while MRI (0.00) shows
negligible improvement. These findings contrast with reliance metrics,
which suggest relatively similar trust patterns for X-ray and Endo, yet
only X-ray demonstrates substantial decision improvement. Similarly,
appropriate influence is negative across most cases, especially MRI
(—0.59), showing that reliance in these contexts often fails to pro-
duce beneficial decision-making beyond random chance. Notably, ECG
stands out with a positive appropriate influence (0.04), suggesting that
decisions in this domain are more effectively shaped by Al interactions.

Bias measures further contextualize these patterns. Automation
bias is particularly high for ECG (0.30), suggesting over-reliance on Al
recommendations, whereas MRI shows minimal automation bias (0.02),

Summary of study insights and Al support strategies aimed at fostering Appropriate Influence and achieving a positive impact across various user types and Al

support modalities.

Study User Profile Recommended Al Type Rationale Suggested Intervention
MRI Specialist XAl (significant) or None Less negative Appropriate Influence, Al Decision Impact not Reduce CB
(suggestive) significantly positive
Sub-Specialist XAI (significant) or None Less negative Appropriate Influence, Al Decision Impact not Reduce CB
(suggestive) significantly positive
Low-Confidence Al (significant) Much higher and positive Appropriate Influence Reduce CB
High-Confidence  XAI (significant) or None Less negative Appropriate Influence, Al Decision Impact not Reduce CB
(suggestive) significantly positive
Low-Performers Al (suggestive) or None AB and CB are lower for Al, Al Decision Impact not significantly Reduce CB
(suggestive) positive
High-Performers XAI (significant) or None Less negative Appropriate Influence, Al Decision Impact not Reduce CB
(suggestive) significantly positive
ECG Expert Al (significant) or None Less negative Appropriate Influence, Al Decision Impact not Reduce CB
(suggestive) significantly positive
Novice Al (significant) Much higher and positive Appropriate Influence Slightly reduce AB
Low-Performers Al (significant) Much higher and positive Appropriate Influence Reduce CB and AB
High-Performers Al (significant) Much higher and positive Appropriate Influence Reduce CB

X-Ray Specialist None (suggestive)
Sub-Specialist None (suggestive)
Resident XAl (significant)
High-Confident XAI (significant)
Low-Confident None (significant)
High-Performers None (suggestive)
Low-Performers XAI (significant)

Endoscopy  Specialist Al (significant)
Trainee Al (significant)

High-Performers
Low-Performers

Al (significant)
Al (significant)

Al Decision Impact not significantly positive

Al Decision Impact not significantly positive

Al Decision Impact significantly positive

Al Decision Impact significantly positive

Dominance Direction and Team Al Effect on Decision significantly
negative

Al Decision Impact not significantly positive

Al Decision Impact significantly positive

Al Decision Impact significantly positive
Al Decision Impact significantly positive
Al Decision Impact significantly positive
Al Decision Impact significantly positive

Slightly reduce AB and CB

Reduce extreme algorithm aversion,
slightly reduce AB and CB
Slightly reduce CB

Reduce CB
Reduce CB
Reduce CB
Reduce CB
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potentially reflecting underutilization of Al. Self-anchoring bias paints
an inverse picture, with MRI users (6.94) heavily resistant to Al ad-
vice, in stark contrast to X-ray users (0.20), who exhibit almost no
such reluctance. These biases explain much of the variance in influence
metrics: high self-anchoring bias in MRI corresponds with negligible in-
fluence index and highly negative appropriate influence, highlighting
how resistance to Al undermines its potential benefits.

Taken together, these results confirm that influence metrics offer a
richer and more detailed assessment of Al’s impact, revealing the inter-
play of bias, decision shifts, and alignment that agreement and reliance
scores cannot capture. For instance, reliance scores suggest broad trust
in AI across domains like Endo, X-ray, and ECG, but only X-ray demon-
strates substantial positive influence on decision quality. Conversely,
MRI reliance is low, and influence metrics confirm this is due to high self-
anchoring bias rather than Al ineffectiveness. These insights reinforce
the value of influence-based measures in evaluating human-Al interac-
tion and underscore the importance of domain-specific interventions,
such as bias training or adjustments to Al system design, to optimize
decision-making outcomes.

6.1. Interpretation of the MRI results

The results of the MRI user study are shown in Table 6 and Fig. 3.

At first glance, agreement metrics suggest a broadly positive effect
of Al support. Indeed, all configurations of Al and user expertise (as
well as confidence) showed a moderate to large agreement, as shown
by the Percent of Agreement metric being generally larger than 70%,
except for specialists and high confidence users supported by XAI. In
all cases, irrespective of the user expertise or initial confidence level,
agreement between FHD and AI was significantly higher when the sup-
port was not accompanied by explanations. Similar observations can
be made in terms of the accuracy of the final decisions: when the Al
and FHD decisions agreed, users erred on approximately one case out
of 10. Furthermore, as could be expected, it can be observed that sub-
specialists were significantly more accurate than specialists irrespective
of the type of the Al support. Interestingly, as in the case of agreement,
Error Rate in Agreement was significantly lower when the provided sup-
port was not explainable, except for users with low initial confidence,
where no significant difference between the two types of Al support
could be detected.

By contrast, reliance metrics offer a rather different perspective.
Appropriate reliance, while relatively stable across configurations, indi-
cates that users appropriately relied on the Al in only about one quarter
of the cases. This value was the smallest among the considered case
studies, and significantly so. Only one of the groups, users with initial
low confidence supported by Al had a significantly higher appropriate
reliance, approximately close to one case out of two (which was more
aligned with the other case studies). This suggests that users who were
initially unsure about their decision may be more willing to reflect upon
and accept the value of the Al suggestions. Such a difference was not
however observed in terms of NND, for which there were no significant
differences among the different configurations.

To explain the discrepancy between the pictures drawn by the agree-
ment and reliance metrics, we can observe that AI support exerted
only a moderate to small dominance and deference, consistently be-
low 10%, and in some cases even significantly smaller than 5%. As
a result, a relevant portion of the observed agreement between FHD
and Al was simply due to the HD1 decision already aligning with the
Al support, rather than reflecting the influence of the Al. Dominance
was notably stronger for specialists than for sub-specialists as well as
for low confidence users compared to high-confidence users. By con-
trast, except for specialists, there were no differences in dominance
strength between AI with and without explainability, while there were
significant, but pragmatically small, differences in terms of deference
strength. By contrast, there were significant differences both in terms of
dominance direction and deference orientation: in all cases, except for
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sub-specialists, the number of decision switches for the better was sig-
nificantly higher when the Al was not accompanied by explanations. In
this case, that is for non-explainable Al support, notably specialists had a
significantly larger fraction of decision switches for the better than sub-
specialists (approximately one case out of three against one out of ten),
and the same held for low confidence users over high confidence ones
(with all decision switches being for the better against one out of two).
The picture reversed when considering explainable support where, no-
tably, low confidence users seem to have been negatively impacted by
it, and significantly so.

A deeper understanding of the difference between agreement and
reliance can be found by examining the Automation Bias and Self-
anchoring Bias metrics. In all cases, except for the low confidence users
supported by Al, users exhibited a markedly high self-anchoring bias, as
the null hypothesis of no self-anchoring bias was rejected (with the confi-
dence intervals not containing the value 1). Consequently, in most cases,
users rejected Al suggestions even when they were correct, and accepting
them would have led to improvement. Furthermore, the same configu-
rations showed no significant evidence of automation bias, as the null
hypothesis of no automation bias could not be rejected. These results fur-
ther explain why appropriate reliance was low compared to agreement:
in all of the mentioned groups, users simply disregarded Al advice, re-
gardless of whether it was correct (and following it would have led to
improvement) or incorrect (and following it would have led to a wors-
ening). As a result, the patterns 000 and 111 were relatively common,
explaining the relatively high Percent of Agreement, while the pattern
011 occurred much less frequently than the pattern 010. In contrast,
the group of Al-supported low confidence users showed no evidence
of either self-anchoring or automation bias or the lack of them, as the
confidence interval for the two metrics straddled both sides of 1.

The limited impact of Al support, which might be overlooked when
considering agreement alone, becomes more evident when looking at
the influence metrics. In terms of the Influence Index, when we account
for the possibility that decision switches could also be due to chance,
Al support showed only modest influence on users. While the chance-
adjusted agreement between FHD and Al was significantly higher than
that between HD1 and Al, this difference was relatively small, amount-
ing to less than one (chance-adjusted) case out of 5. Furthermore, for
all groups except the Al-supported low confidence users, the observed
appropriate reliance was significantly lower than would be expected by
chance, as indicated by the consistently negative Appropriate Influence
metric. At the same time, similarly to how the difference in appropriate
reliance between the Al-supported low confidence users and the other
groups was large and significant (approximately 25%), accounting for
chance reveals an even larger difference, with Al-supported low con-
fidence users being the only group where Appropriate Influence was
positive and significantly so, and also much larger than for the other
groups.

6.2. Interpretation of the ECG study

The results of the ECG user study are shown in Table 7 and Fig. 4.

Similarly to the MRI case study, the results of the ECG study also
reveal markedly different insights depending on whether one examines
agreement, reliance, or influence metrics, underscoring the limitations
of relying solely on agreement scores to evaluate the impact of Al
support.

At first glance, the Percent of Agreement suggests a broadly positive
effect of Al support, with consistently high values across all configura-
tions (exceeding 70%) and notably higher scores for novices compared
to experts. Additionally, explainable AI (XAI) appears to improve agree-
ment for both novices and low performers, while also reducing the Error
Rate in Agreement (hence, improving the accuracy in the agreement
cases), and significantly so.

However, reliance metrics offer a more nuanced view. Appropriate
reliance, while relatively stable across configurations, indicates that
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Table 6

The results from the MRI user study, stratified by level of user expertise and type of Al support.
Metric Specialist - Specialist - Al Sub-specialist Sub-specialist HC - XAI HC - Al LC - XAI LC - AL HP - XAI HP - Al LP - XAI LP - Al

XAI - XAI - Al

Percent of 0.70 0.73 0.67 0.74 0.68 0.74 0.71 0.75 0.7 0.75 0.67 0.73
Agreement [0.69,0.71] [0.73,0.74] [0.66,0.67] [0.74,0.75] [0.68,0.68] [0.74,0.75] [0.69,0.73] [0.73,0.77] [0.69,0.7] [0.74,0.75] [0.66,0.67] [0.73,0.74]
Error Rate in 0.15 0.07 0.1 [0.1,0.11] 0.07 0.12 0.07 0.11 0.13 0.13 0.06 0.11 0.08
Agreement [0.14,0.15] [0.06,0.07]1 [0.07,0.071 [0.12,0.12] [0.07,0.07] [0.1,0.12] [0.11,0.14] [0.12,0.13] [0.06,0.06] [0.11,0.12] [0.08,0.08]
Dominance 0.08 0.06 0.04 0.04 0.05 0.05 0.1 0.1 0.07 0.07 0.04 0.03
Strength [0.08,0.08] [0.06,0.07] [0.04,0.04] [0.04,0.04] [0.05,0.06] [0.04,0.05] [0.09,0.11] [0.09,0.11] [0.07,0.08] [0.07,0.07] [0.03,0.04] [0.02,0.03]
Dominance 0.14 0.38 0.18 0.1 0.12 0.27 -0.33 1.0 0.17 0.08 0.14 0.6
Orientation [0.1,0.19] [0.33,0.42] [0.14,0.22] [0.05,0.15] [0.09,0.15] [0.24,0.31] [-0.45,-0.22] [1.0,1.0] [0.14,0.21] [0.04,0.12] [0.09,0.2] [0.55,0.65]
Deference 0.07 0.06 0.04 0.03 0.05 0.04 0.07 0.1 0.07 0.05 0.03 0.02
Strength [0.07,0.08] [0.05,0.06] [0.04,0.04] [0.03,0.03] [0.05,0.05] [0.03,0.04] [0.06,0.08] [0.09,0.11] [0.07,0.07] [0.05,0.05] [0.03,0.03] [0.02,0.03]
Deference 0.26 0.57 0.3 0.43 0.24 0.54 0.0 1.0 0.26 0.37 0.33 0.78
Orientation [0.22,0.31] [0.53,0.62] [0.26,0.34] [0.38,0.48] [0.21,0.28] [0.5,0.57] [-0.15,0.15] [1.0,1.0] [0.22,0.29] [0.33,0.41] [0.28,0.39] [0.74,0.82]
Al Decision 1.06 1.15 1.04 1.03 1.03 1.08 0.86 1.58 1.07 [0.78, 1.04 1.03 1.10
Impact [0.72,1.54] [0.75,1.76] [0.79,1.37] [0.75,1.41] [0.82,1.30] [0.83,1.41] [0.30,2.49] [0.42,6.01] 1.48] [0.72,1.50] [0.75,1.40] [0.78,1.56]
Team Al 0.19 0.34 0.12 0.08 0.09 0.22 0.2 0.18 0.21 0.1 0.08 0.32
Effect on [0.12,0.25] [0.3,0.39] [0.1,0.14] [0.05,0.12] [0.08,0.11] [0.2,0.24] [0.15,0.26] [0.16,0.21] [0.1,0.32] [0.05,0.14] [0.05,0.1] [0.28,0.36]
Decision
NND 17 [0,462] 12 [0,153] 26 [0,115] 47 [0,116] 33 [1,66] 19 [4,34] 14 [9,20] 15 [13,18] 16 [0,136] 41 [17,66] 39 [0,166] 13 [5,22]
Automation 0.22 0.10 0.09 0.06 0.12 0.06 0.58 0.18 0.15 0.13 0.08 0.03
Bias [0.10,0.49] [0.03,0.31] [0.04,0.18] [0.02,0.16] [0.07,0.21] [0.03,0.13] [0.07,4.68] [0.01,4.00] [0.08,0.30] [0.06,0.29] [0.03,0.22] [0.00,0.13]
Self- 4.19 3.54 8.66 6.40 7.04 4.83 6.22 1.48 3.98 3.51 11.88 7.14
anchoring [2.19,8.05] [1.78,7.04] [4.83,15.52] [3.28,12.48] [4.49,11.04] [2.96,7.90] [1.00,38.88] [0.26,8.60] [2.29,6.90] [1.87,6.58] [5.77,24.46] [3.41,14.95]
Bias
Appropriate 0.26 0.26 0.28 0.27 0.27 0.27 0.27 0.5 0.27 0.21 0.28 0.32
Reliance [0.25,0.26] [0.26,0.27] [0.28,0.29] [0.26,0.27] [0.26,0.27] [0.26,0.27] [0.25,0.28] [0.48,0.52] [0.26,0.27] [0.21,0.22] [0.28,0.29] [0.32,0.32]
Appropriate —-0.55 -0.57 —0.53 —0.62 —0.55 —0.61 -0.39 0.07 -0.59 -0.73 —0.48 —0.48
Influence [—0.56,—0.54] [—0.58,—0.56] [-0.53,-0.52] [-0.63,—0.61] [-0.55,—0.54] [-0.61,—0.6] [—0.42,—0.35] [0.03,0.11] [-0.6,—-0.58] [-0.74,—0.72] [—0.49,—0.47] [-0.49,—0.47]
Influence 0.15 0.12 0.08 0.04 0.1 0.07 0.17 0.18 0.15 0.11 0.06 0.03
Index [0.14,0.16] [0.12,0.13] [0.07,0.08] [0.04,0.05] [0.1,0.11] [0.06,0.07] [0.14,0.19] [0.15,0.21] [0.14,0.15] [0.1,0.11] [0.05,0.06] [0.03,0.04]
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Fig. 3. Results from the MRI user study, showing the Influence Index (left) and Appropriate Influence (right) metrics, stratified by user skills (LP stands for Low
Performers, HP for High Performers), user confidence (‘LC’ stands for Low Confidence, ‘HC’ for High Confidence), level of expertise, and type of Al support (‘Al’ refers
to advice-only support, while ‘XAT’ represents explainable support). Ninety-five percent confidence intervals were generated using bootstrapping.

users appropriately relied on the Al in only about half of the cases. This
uniformity obscures the stark differences in how Al impacts decision-
making. For instance, novices using non-explainable AI achieved the
highest appropriate reliance, suggesting they were not only more will-
ing to follow AI advice than other groups (as highlighted by the higher
percent of agreement) but also had better trust calibration. Also in terms
of NND, a significantly smaller number of decisions would be needed to
bring about an improvement in decision accuracy for the Al-supported
novices and low-performers than for other configurations.

To explain the discrepancy between the pictures drawn by the agree-
ment and reliance metrics, we can observe that Al support exerted only
a moderate to small dominance and deference, consistently below 25%.
As a result, a significant portion of the observed agreement between
FHD and AI was simply due to the HD1 decision already aligning with
the Al support, rather than reflecting the influence of the AIl. Dominance
was notably stronger for novices than for experts, as well as for low per-
formers than high performers. Furthermore, Al without explainability
resulted in significantly higher dominance than when explanations were
provided. In fact, novices and low performers with Al support changed
their opinion in one case out of four, and in all of these cases, the re-
vised user decision (FHD) was in agreement with the AL In contrast,
for all other configurations, the number of decision switches was signif-
icantly smaller than 10%, indicating that AI support influenced human
decisions in fewer than one case out of ten.

A deeper understanding of the difference between agreement and
reliance can be found by examining the Automation Bias and Self-
anchoring Bias metrics. In all cases, except for the Al-supported novices
and low-performers, users exhibited high self-anchoring bias, as the null
hypothesis of no self-anchoring bias was rejected (with the confidence
intervals not containing the value 1). Consequently, in most cases, users
rejected Al suggestions even when they were correct, and accepting
them would have led to improvement. The same configurations showed
no significant evidence of automation bias. These results further explain
why appropriate reliance was low compared to agreement: in the men-
tioned groups, users simply disregarded Al advice, regardless of whether
it was correct (and following it would have led to improvement) or in-
correct (and following it would have led to a worsening). As a result, the
patterns 000 and 111 were relatively common, explaining the relatively
high Percent of Agreement, while the pattern 011 occurred much less
frequently than the pattern 010. In contrast, the Al-supported novices
and low-performers showed no evidence of either self-anchoring or au-
tomation bias, although the presence of automation bias could not be
ruled out, as the confidence interval for the Automation Bias metric in
both groups straddled both sides of 1.
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The limited impact of Al support, which might be overlooked when
considering agreement alone, becomes more evident when looking at
the influence metrics. In terms of the Influence Index, when we account
for the possibility that decision switches could also be due to chance,
Al support showed only modest influence on users. While the chance-
adjusted agreement between FHD and AI was significantly higher than
that between HD1 and Al, this difference was relatively small, ex-
cept for the Al-supported novices and low performers. Furthermore, for
all groups except the Al-supported novices, low-performers and high-
performers, the observed appropriate reliance was significantly lower
than would be expected by chance, as indicated by the consistently
negative Appropriate Influence metric. At the same time, while the
differences in appropriate reliance between the Al-supported novices,
low-performers and high-performers and the other groups were small
but significant (approximately 5%), accounting for chance reveals a
much larger difference, with Al-supported novices and low perform-
ers being the only groups where Appropriate Influence was positive
and significantly so, and also much larger than for the other groups. In
particular, novices reported the highest value of appropriate influence.

6.3. Interpretation of the x-ray results

The results of the X-ray user study are shown in Table 8 and Fig. 5.

Similarly to the MRI and ECG studies, also in the X-ray study
the agreement metrics suggest a broadly positive effect of Al support.
Indeed, all configurations of Al and user expertise (as well as confidence)
showed a rather large agreement, as shown by the Percent of Agreement
metric being generally larger than 70%. Agreement was significantly
higher for specialists than for either residents or sub-specialists, as it
was higher for low-confidence users than for high-confidence ones. The
picture reverses, however, when looking at the error rate in agree-
ment. Specialists erred significantly more than both specialists and
sub-specialists when they agreed with the AI support (one case out of
10 against one case out of 20, for both residents and sub-specialists),
similarly as low-confidence users erred significantly more than high-
confidence ones (approximately one case out of 10 against less than one
case out of 20). By contrast, low- and high-performers reported the same
value of Percent of Agreement, while low-performers erred significantly
less than high-performers in cases of agreement with the Al support.

Reliance metrics offer a picture which is different from the one that
could be obtained by looking at agreement alone. Appropriate reliance,
while relatively stable across configurations, indicates that users appro-
priately relied on the Al in only about one half of the cases. Residents
appropriately relied on the AI support significantly more than both
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Fig. 4. Results from the ECG user study, showing the Influence Index (left) and Appropriate Influence (right) metrics, stratified by user skills (‘LP’ stands for Low
Performers, ‘HP’ for High Performers), expertise level, and type of Al support (‘Al’ refers to advice-only support, while ‘XAI’ represents explainable support). Ninety-five

percent confidence intervals were generated using bootstrapping.

the observed negative dominance is mostly due to the 110 pattern, asso-
ciated with extreme algorithm aversion. As this pattern is not involved
in the computation of appropriate reliance (and, consequently, of appro-
priate influence), this explains why the low-confidence users had higher
appropriate influence (and reliance) than all other groups except the
residents from a metric point of view. Intuitively, this behavior could
be explained by conjecturing that a user who is not very confident in its
own decision could end up doubting the AI support being correct when
this latter agrees with their own decision.

The interpretation and insights that could be drawn from the results
of the X-ray case study are more nuanced and less straightforward than
for the MRI and ECG case studies. Indeed, except for the low-confidence
users, neither the presence nor absence of automation and self-anchoring
bias could be proven, thus not making it immediately clear how to inter-
vene on the Al support (see also Section 6.5). Nonetheless, we note that
for sub-specialists and high-performers, the self-anchoring bias metric
was much larger than the automation bias one, while for specialists and
low-performers the opposite was true: thus, a potential direction for im-
provement in sub-specialists and high-performers (resp., specialists and
low-performers) would be to increase the likelihood that the AI support
is accepted (resp. rejected). By contrast, for low-confidence users, as also
described above, a potential way to improve the appropriate influence
would be to reduce the risk of extreme algorithmic aversion: this could
be done by informing the user about the relatively small likelihood that
both his and the AI’s interpretations are incorrect when they agree with
each other (as an example, such information could be provided as a
disclaimer to the user).

6.4. Interpretation of the endoscopy results

The results of the Endoscopy user study are shown in Table 9 and
Fig. 6.

As in the other studies, also for Endoscopy case the Percent of
Agreement is uniformly high across roles. This indicates a general align-
ment between human decisions and Al advice but does not distinguish
how roles interact with or benefit from Al in terms of decision quality
and reliance. A slightly different picture is captured by the Error Rate
in Agreement, where specialists reported a significantly higher accuracy
than trainees on the cases on which they agreed with the AI support,
as well as low-performers reported a significantly higher accuracy than
high-performers on the same cases.

In terms of reliance, however, we see that similarly to the ECG and
X-ray studies, users appropriately relied on the AI support in only half of
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the cases, with no difference between specialists and trainees. The dis-
crepancy between agreement and reliance can be understood through
the lens of the Dominance Strength: users, irrespective of expertise or
skill level, changed their opinion in less than one case out of 10 af-
ter receiving the support of the Al: in most cases, these switches led to
agreement with the AL The dominance, as well as the deference, was sig-
nificantly higher for trainees than for specialists: however, by contrast,
trainees switched their decision for the worse significantly more often
than specialists. A similar analysis is also suggested by the Automation
Bias and Self-anchoring bias. Irrespective of expertise or skill level, there
was no significant evidence of the presence of automation bias, though
the automation bias was slightly higher (but not significantly so) for the
trainees than for all other groups. By contrast, for all of the groups there
was significant evidence of the presence of self-anchoring bias: this con-
firms the analysis based on the dominance strength, and suggests that in
most cases the users simply ignored the AI advice. Also, while the self-
anchoring bias was higher for specialists than for trainees, there was no
significant difference between the two user groups.

Influence metrics reinforce the observations made based on the re-
liance metrics, and also underscore the nuanced relationship between
roles and Al While trainees were influenced significantly more than spe-
cialists (with a difference of approximately one chance-adjusted case out
of 20) and high-performers were similarly influenced significantly more
than low-performers (albeit to a much smaller degree, with a difference
of approximately one chance-adjusted case out of 50), all groups were
only weakly influenced by the Al Despite this difference in influence, ap-
propriate influence was the same across all groups: users appropriately
relied on the Al slightly less than expected by chance, as highlighted by
the observed negative values of Appropriate Influence. Combined with
the findings above, these results suggest that there are only minor differ-
ences between users of different expertise or skill levels in how they use
and rely upon the AI: in all cases, the metrics suggest that the most likely
cause for the low appropriate reliance is the presence of self-anchoring
bias.

6.5. Further remarks

We explored appropriate reliance on Al-based decision support
systems across four user studies in medical contexts. Our find-
ings provide several insights into decision-makers’ interaction with
Al and highlight factors influencing trust calibration and reliance
on these systems. Below, we discuss the main outcomes and their
implications.
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Table 8
Results of the X-ray study, in terms of Influence Index (left) and Appropriate Influence (right), stratified by level of user expertise and user confidence.
Metrics Resident Sub-specialist Specialist HC LC LP HP
Percent of Agreement 0.74 [0.74,0.75] 0.74 [0.74,0.75] 0.80 [0.79,0.81] 0.73 [0.73,0.74] 0.8 [0.79,0.81] 0.75 [0.74,0.76] 0.75 [0.74,0.76]
Error Rate in 0.05 [0.05,0.06] 0.05 [0.05,0.06] 0.10 [0.09,0.11] 0.03 [0.03,0.04] 0.13 [0.12,0.14] 0.05 [0.04,0.05] 0.07 [0.07,0.08]
Agreement
Dominance Strength 0.31 [0.31,0.32] 0.18 [0.18,0.19] 0.25 [0.23,0.27] 0.25 [0.24,0.25] 0.22 [0.21,0.22] 0.3 [0.29,0.3] 0.17 [0.16,0.17]
Dominance 0.59 [0.56,0.61] 0.15 [0.12,0.19] 0.33 [0.27,0.39] 0.54 [0.52,0.56] —0.06 [—-0.11,-0.01] 0.46 [0.43,0.49] 0.24 [0.19,0.28]
Orientation
Deference Strength 0.27 [0.26,0.28] 0.13 [0.13,0.14] 0.19 [0.18,0.21] 0.19 [0.19,0.2] 0.19 [0.18,0.2] 0.23 [0.23,0.24] 0.13 [0.13,0.14]
Deference Orientation 0.79 [0.77,0.82] 0.47 [0.44,0.51] 0.43 [0.36,0.50] 0.85 [0.83,0.87] 0.07 [0.02,0.12] 0.74 [0.72,0.76] 0.41 [0.37,0.45]
Al Decision Impact 3.29 [1.60,6.75] 1.27 [0.64,2.50] 1.71 [0.52,5.63] 2.86 [1.62,5.04] 0.92 [0.42,2.04] 2.75 [1.47,5.13] 1.33 [0.68,2.59]
Team Al Effect on 6.45 [6.32,6.59] 0.97 [0.88,1.05] - 1.3 [1.25,1.34] —0.29 [-0.37,-0.22] 2.24 [2.12,2.36] 0.45 [0.39,0.5]
Decision
NND 4 [4,5] 9 [0,41] - 5 [5,6] Non-Positive Effect 5 [5,6] 11 [0,54]
Automation Bias 0.15 [0.05,0.49] 0.18 [0.07,0.48] 0.52 [0.10,2.64] 0.07 [0.02,0.22] 0.77 [0.28,2.11] 0.16 [0.06,0.42] 0.23 [0.09,0.62]
Self-anchoring Bias 0.13 [0.05,0.38] 0.35 [0.13,0.97] 0.24 [0.04,1.56] 0.12 [0.05,0.31] 0.62 [0.20,1.90] 0.06 [0.02,0.22] 0.66 [0.26,1.63]
Appropriate Reliance  0.53 [0.52,0.54] 0.40 [0.39,0.4] 0.47 [0.46,0.49] 0.43 [0.42,0.43] 0.53 [0.52,0.54] 0.49 [0.48,0.5] 0.41 [0.4,0.42]
Appropriate Influence 0.01 [-0.01,0.04] —0.41 [—0.43,-0.4] —0.17 [-0.21,-0.13] —0.27 [-0.28,-0.25] —0.07 [—0.1,-0.04] —0.12[—-0.14,-0.1] —0.34 [—0.36,-0.32]
Influence Index 0.33 [0.30,0.35] 0.22 [0.20,0.24] 0.33 [0.28,0.37] 0.16 [0.15,0.17] 0.46 [0.44,0.48] 0.29 [0.28,0.31] 0.25 [0.23,0.27]
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Fig. 5. Results from the X-ray user study, showing the Influence Index (left) and Appropriate Influence (right) metrics, stratified by user skills (‘HP’ stands for High
Performers, ‘LP’ for Low Performers), user confidence (‘LC’ stands for Low Confidence, ‘HC’ for High Confidence) and professional role (level of expertise). Ninety-five
percent confidence intervals were generated using bootstrapping.
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Fig. 6. Results from the Endoscopy user study, showing the Influence Index (left) and Appropriate Influence (right) metrics, stratified by user skills (‘LP’ stands for
Low Performers, ‘HP’ for High Performers), and professional role (expertise). Ninety-five percent confidence intervals were generated using bootstrapping.
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Table 9
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The results from the Endoscopy user study, stratified by level of user expertise (HP, High Performers, LP Low Performers).

Metric Specialists

Trainees

HP LP

Percent of Agreement
Error Rate in Agreement
Dominance Strength
Dominance Orientation
Deference Strength
Deference Orientation
Al Decision Impact
Team Al Effect on Decision
NND

Automation Bias
Self-anchoring Bias
Appropriate Reliance
Appropriate Influence
Influence Index

0.81 [0.81,0.81]
0.11 [0.11,0.11]
0.08 [0.08,0.08]
0.37 [0.36,0.37]
0.07 [0.07,0.07]
0.43 [0.42,0.44]
1.20 [1.12,1.28]
0.33 [0.33,0.34]
12 [12,13]

0.20 [0.17,0.23]
1.97 [1.76,2.20]
0.51 [0.51,0.51]
—0.05 [—0.05,-0.05]
0.13 [0.13,0.14]

0.81 [0.80,0.81]
0.13 [0.13,0.13]
0.09 [0.09,0.10]
0.35 [0.34,0.36]
0.09 [0.08,0.09]
0.40 [0.39,0.41]
1.21 [1.07,1.38]
0.35 [0.34,0.36]
11 [11,12]

0.28 [0.21,0.36]
1.67 [1.36,2.06]
0.51 [0.51,0.51]
—0.05 [~—0.05,-0.05]
0.18 [0.17,0.18]

0.81 [0.81,0.81]
0.12 [0.12,0.12]
0.08 [0.08,0.08]
0.35 [0.35,0.36]
0.07 [0.07,0.07]
0.41 [0.41,0.42]
1.19 [1.11,1.28]
0.34 [0.33,0.34]
12 [12,13]

0.21 [0.18,0.25]
1.91 [1.70,2.14]
0.51 [0.51,0.51]
—0.05 [—0.05,-0.05]
0.15 [0.15,0.15]

0.81 [0.81,0.81]
0.11 [0.11,0.11]
0.08 [0.08,0.08]
0.4 [0.39,0.41]
0.07 [0.07,0.07]
0.47 [0.46,0.49]
1.22 [1.08,1.39]
0.35 [0.34,0.36]
12 [12,13]

0.20 [0.15,0.27]
1.90 [1.55,2.33]
0.51 [0.51,0.51]
—0.05 [—0.05,-0.04]
0.13 [0.12,0.13]

The primary objective was to investigate how Al’s decision support
impacts decision-makers’ reliance behaviors and to propose metrics for
evaluation. We examined four medical fields: radiology, cardiology, or-
thopedics, and gastroenterology, where participants made diagnostic
decisions using Al systems of varying accuracy. Reliance patterns dif-
fered across contexts, suggesting that reliance on Al is domain-specific
and heavily influenced by interaction protocols and Al accuracy. Our
key findings emphasize the need to focus on influence, rather than
simple reliance, let alone agreement, to assess Al's effectiveness in
decision-making environments.

Our results align with prior studies on Al reliance, particularly the
notion that Al systems can induce both appropriate reliance and automa-
tion biases (e.g., Lee and See, 2004). However, our findings extend the
current understanding by introducing metrics that capture not only re-
liance but also the influence of Al on cognitive processes. Metrics such as
the Influence Index and Appropriate Influence offer more granular insights
into how AI systems shape decisions, providing a more comprehensive
framework for evaluating the interplay between human cognition and
machine intelligence.

Additionally, our metric framework not only provides a detailed,
static overview of a case study but also offers insights into address-
ing observed discrepancies among agreement, reliance, and influence.
Specifically, in three out of four studies (MRI, ECG, and Endoscopy),
we found significant evidence of self-anchoring bias across almost all
groups. This bias explains why users relied on the Al less than ex-
pected, as the appropriate influence was consistently below zero for most
groups. Despite the Al exerting a small but significant influence, users
largely ignored its support and struggled to accurately identify cases
where following the AI’s correct suggestions would have improved their
performance.

These findings suggest that corrective measures to enhance appropri-
ate reliance should focus on increasing the likelihood that users correctly
detect and accept accurate Al recommendations. While explanations are
often proposed in the literature as a means to improve understanding
and appropriate reliance, our results indicate that this approach is either
insufficient or counterproductive in isolation. In the MRI and ECG stud-
ies, the provision of explanations not only exacerbated self-anchoring
bias but also, particularly for less experienced or low-confidence users,
worsened appropriate reliance and influence.

Thus, explanations alone are insufficient for improving reliance on Al
in this context. Additional strategies should be explored to mitigate self-
anchoring bias. Potential approaches include increasing users’ aware-
ness of the AI’s superior performance, training users in the effective
use of Al-based diagnostic systems, or adopting advanced interaction
protocols that better arbitrate between Al and human decisions, thereby
reducing the likelihood of users outright rejecting Al advice.

The observed differences in reliance between less and more experi-
enced users, as well as between low- and high-confidence users, warrant
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further discussion. While the general conclusions mentioned above hold
across the four case studies and most user groups, certain groups— Al-
supported novices and low-performers in the ECG study, low-confidence
users in the MRI study, and residents in the X-ray study—exhibited sig-
nificantly different patterns. Specifically, for these groups, there was
no significant evidence of self-anchoring bias, and their appropriate
reliance significantly exceeded expectations.

In two of these groups (novices in the ECG study and residents in the
X-ray study), automation bias was slightly more pronounced than self-
anchoring bias, although neither bias was statistically significant. These
findings suggest that less experienced users, who may exhibit a higher
tendency to trust Al due to a greater perceived utility or familiarity with
technological support, might benefit from strategies aimed at reducing
the risk of automation bias.

One potential approach could involve providing less experienced
users with uncertainty-aware Al systems that present a calibrated es-
timate of uncertainty in their recommendations. By increasing users’
awareness that Al suggestions may sometimes be incorrect, such sys-
tems could help mitigate over-reliance and foster more appropriate trust
in AL

Thus, the main general insight that could be drawn from our studies
pertains to the role of selecting most fit interaction protocols so as to
optimize trust calibration and appropriate reliance in a given setting and
for a given user profile. This suggests that Al systems and human-AI in-
teraction protocols should be designed and adjusted based on evidence
about the reliance behavior exhibited by their users, through a process-
oriented, technovigilance-inspired approach that periodically updates
system’s design based on increasing and dynamically changing evidence
about AI use (Cabitza and Zeitoun, 2019).

Obviously, our study is not without limitations. In particular, as we
also mentioned at the beginning of Section 6, we want to emphasize that
the main aim of the case studies was to illustrate the use of our main
methodological contribution, that is, the metric framework for evaluat-
ing the phenomenon of reliance. In this sense, even though we adopted
an approach grounding on statistical hypothesis testing, we note that our
results should not be blindly generalized, as our analysis does not include
correction measures for multiple testing, nor sophisticated approaches
to model associations between user characteristics and reliance dimen-
sions beyond stratification. In practical use, we would not suggest the use
of all metrics or the application of all stratifications used in the paper,
to avoid alpha error multiplication. Indeed, selecting the relevant strata
and the most appropriate metrics, as well as evaluating claims of signifi-
cance, must be carefully done by the researcher, based on the specifics of
their setting: practitioners and researchers should carefully decide which
metrics they prefer to adopt for their own studies, and they are therefore
responsible for addressing issues of statistical significance in relation
to the number and dependency of their research questions. Therefore,
while our results highlight some relevant and suggestive conclusions that
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can be helpful for informing the design of Al and XAI systems, we be-
lieve that such findings must be further assessed, also using more robust
statistical standards. In this sense, we believe that the more generaliz-
able finding of our results consists in highlighting the need to consider
metrics that go beyond simple agreement and also account for reliance
and chance effects (as in influence metrics). Hence, beyond our method-
ological proposal, our results also provide a guiding principle to select
relevant metrics to measure the impact of Al systems in work practice.

More in general, in regards to the proposed framework, while we con-
ceived it as general-purpose and not domain-specialized, our applicative
exemplifications were all in the medical domain. Thus, we emphasize the
need for larger-N, cross-context validation of the proposed indices, es-
pecially for establishing the observed results and, possibly, generalizing
them beyond the clinical domain, as well as validating the proposed be-
havioral indices. That said, an important limitation of this study lies in
its static, cross-sectional design. While this approach was appropriate for
demonstrating the framework’s applicability across diverse contexts, it
does not account for how user reliance and Al influence may evolve over
time. Nevertheless, the proposed framework is inherently compatible
with longitudinal research designs. By tracking metric trajectories across
repeated interactions or temporal phases, future studies could examine
how patterns of reliance shift and how Al influence adapts in response
to user experience, increasing familiarity, or varying task complexity.

Finally, we acknowledge that the current framework prioritizes ob-
servable behaviors over subjective constructs such as user satisfaction,
perceived transparency, and perceived trust. This choice was deliber-
ate: by focusing on measurable influence, we aim to provide objective
and reproducible metrics that are less susceptible to context-specific
biases and more generalizable across domains. Nonetheless, we rec-
ognize the importance of attitudinal and experiential dimensions in
evaluating human-AlI interaction. Future research may complement our
behavioral metrics with longitudinal and self-reported data to support
a more comprehensive understanding of trust calibration and reliance
over time.

7. Conclusion

The findings of this research emphasize the complexity and nuance
required to evaluate the influence of AI systems on human decision-
making, particularly in high-stakes domains like healthcare. This study
explored reliance and influence metrics beyond traditional agreement
scores, identifying how these measures provide a deeper understanding
of human-AlI interaction dynamics. The studies we reported in this work
broadly suggest that the effectiveness of Al systems in clinical decision-
making depends not only on the algorithm’s accuracy but also on its
impact on user behavior.

Our findings indicate that inappropriate reliance - whether excessive
or insufficient - poses a significant risk, particularly when Al accuracy is
suboptimal or interaction protocols do not foster well-calibrated trust.
In particular, we found that self-anchoring bias and automation bias
play a significant role in shaping user reliance and influence, with stark
differences observed across modalities like MRI and X-ray diagnostics.

The implications of these findings are twofold. First, they underscore
the need for adaptive Al systems capable of addressing specific user
biases, such as self-anchoring or over-reliance, through tailored inter-
action protocols and decision support mechanisms. Second, the study
highlights the necessity of fostering calibrated trust, ensuring that users
appropriately rely on Al outputs in contexts where they enhance decision
accuracy.

However, this work is not without limitations. The findings are
based on studies conducted within specific medical domains and may
not generalize to other fields without further validation. Nevertheless,
the medical domain represents a critical and high-stakes environ-
ment where decision-making outcomes have immediate and measurable
consequences, ensuring the findings’ relevance to similarly high-stakes
contexts. Additionally, the reliance on simulated Al outputs limits the
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exploration of real-world complexities, such as dynamic user feedback
loops and evolving system accuracy. Despite this, the controlled na-
ture of the simulations allows for isolating key variables and deriving
robust metrics, which can serve as a foundation for more complex real-
world applications. Addressing these limitations in future research could
provide a more comprehensive understanding of Al influence.

Future research should focus on further refining the metrics for eval-
uating appropriate reliance and Al influence, particularly in real-world
settings. This includes investigating how interaction protocols, user ex-
pertise, and domain-specific factors shape reliance behaviors. Expanding
research into diverse application contexts beyond healthcare—such as
autonomous systems, aviation, financial services, and legal decision-
making—could provide deeper insights into tailoring Al systems to
different professional environments. Additionally, developing training
interventions to mitigate biases and studying their effectiveness in
conjunction with advanced Al explainability tools represent promising
directions for enhancing human-AI collaboration.
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