
Academic Editor: Giovanni Delnevo

Received: 10 April 2026

Revised: 10 June 2026

Accepted: 12 June 2026

Published: 17 June 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Process over Skill: Testing Kasparov’s Law and Coordination
Protocols in Hybrid Human–AI Decision-Making for
Medical Diagnosis
Alessia Papale 1,* , Gloria Lopiano 1 , Andrea Campagner 1 and Federico Cabitza 1,2

1 Department of Informatics, Systems and Communication, University of Milano-Bicocca, Viale Sarca 336,
20126 Milan, Italy; g.lopiano1@campus.unimib.it (G.L.); andrea.campagner@unimib.it (A.C.);
federico.cabitza@unimib.it (F.C.)

2 Digital Health and Wellbeing Center, Fondazione Bruno Kessler (FBK), Via Sommarive 18, 38123 Trento, Italy
* Correspondence: alessia.papale@unimib.it

Abstract

Artificial intelligence (AI) is increasingly being integrated into Clinical Decision-Support
Systems (CDSSs), shifting attention from algorithmic performance alone to the broader
sociotechnical conditions that shape effective human–AI collaboration. In this study, we in-
vestigated whether nine displacement-based structured coordination protocols can improve
the collective diagnostic decision-making of hybrid human–AI teams (16 board-certified
radiologists and a simulated AI model) in a radiological double-reading task for vertebral
fracture detection from X-ray images. Among the protocols tested, the Accuracy-Oriented,
Confidence-Oriented, and Presumptuous strategies achieved the highest (balanced) accu-
racy overall, with up to 97% among strong clinicians and 92% among weak ones, signifi-
cantly outperforming simpler methods like majority voting. Conversely, approaches opti-
mized for a single metric (e.g., sensitivity or specificity) introduced performance trade-offs.
Benefits were strongest among less proficient clinicians, which exhibited substantial and
consistent improvements, while proficient clinicians showed limited gains and occasional
declines. Critically, Kasparov’s Law emerged as a comparative framework for empirically
evaluating coordination quality relative to the diagnostic task, clinical objective, and clini-
cian proficiency by identifying situations in which less proficient clinicians supported by
superior coordination protocols outperformed more proficient clinicians operating under
inferior ones. These findings demonstrate that coordination design is a critical determinant
of hybrid human–AI decision-making, highlighting that a well-structured process can be
more relevant than individual components’ performance and support process-centered
approaches to the development and evaluation of CDSSs.

Keywords: coordination protocols; interaction protocols; human–AI interaction; process
design; Kasparov’s Law; human–AI collaboration; human–AI synergy; human–AI teaming;
hybrid intelligence; collective intelligence; double reading; Clinical Decision-Support Systems

1. Introduction
1.1. Sociotechnical Challenges of Clinical AI

Artificial intelligence (AI) is rapidly reshaping clinical decision-making through AI-
powered Clinical Decision-Support Systems (CDSSs), whose performance increasingly
approaches—and, in some narrowly defined tasks, even surpasses—that of human ex-
perts [1]. Over the past few decades, CDSSs have evolved from early knowledge-based,
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rule-driven systems such as MYCIN [2] and INTERNIST-I [3] to contemporary machine
learning models capable of extracting latent patterns from large-scale clinical data. This
progression reflects a broader shift toward data-driven healthcare, in which digital tech-
nologies function as cognitive extenders [4], supporting clinicians in managing growing
informational complexity and time pressure. By enhancing clinical reasoning, streamlining
workflows, and reducing human error, modern AI systems have demonstrated effective-
ness in tasks such as the early detection of sepsis and diabetic retinopathy, thereby enabling
timely intervention and improved patient outcomes [5,6].

Several researchers have explored the persistent challenges that hinder the success-
ful adoption and integration of CDSSs in real-world settings [7,8]. A major barrier that
undermines clinicians’ trust and complicates ethical and legal accountability is the lim-
ited interpretability of many contemporary AI systems. As noted by Guidotti and col-
leagues [9], a substantial portion of high-performing models—particularly those based
on deep learning—operate as “black boxes”, generating accurate predictions without pro-
viding a transparent rationale. In clinical settings, such opacity is especially problematic
because medical decision-making is inherently justificatory: clinicians are required to artic-
ulate and defend their decisions to patients, colleagues, and regulatory authorities, while
ultimately retaining both professional accountability and legal responsibility. Moreover,
limited interpretability complicates reliance calibration, that is, the ability to appropriately
trust a system’s recommendations by accepting them when correct and rejecting them
when incorrect, detecting potential anomalies and inherent biases [10,11]. This often leads
to automation bias, defined as the tendency of clinicians to over-rely on system recommen-
dations, especially under conditions of cognitive load, fatigue, or time pressure [12]. Over
time, such over-reliance may reduce clinician vigilance and independent judgment, poten-
tially contributing to deskilling and raising concerns about the preservation of long-term
professional competencies [13–16].

These findings indicate that CDSS deployment is not merely a technical undertak-
ing, but a sociotechnical challenge that cannot be adequately understood if AI systems
are treated as isolated technical artifacts evaluated solely in terms of predictive perfor-
mance [17]. They operate within complex clinical environments and are actively incor-
porated by clinicians into their reasoning processes as they interpret and use system
recommendations. Thus, the potential advantages associated with hybrid configurations
do not automatically arise from merely pairing clinicians with AI systems. According to
the National Academies of Sciences, Engineering, and Medicine [18], effective human–AI
integration requires that human operators be able to understand and anticipate the behavior
of intelligent agents, establish an appropriate level of trust, make accurate decisions using
AI-generated outputs, and effectively control and manage the deployed systems.

From this perspective, clinical AI may increasingly be reframed through the lens of
Human–AI teaming (HAIT), namely configurations involving “one or more people and
one or more AI systems requiring collaboration and coordination to achieve successful
task completion” [19]. This perspective shifts the analytical focus toward the interactional
and organizational dynamics through which human and artificial agents jointly produce
decisions. As also formalized in Friedman’s Fundamental Theorem of Biomedical Infor-
matics [20], the critical unit of analysis needs to be relocated from the technology alone to
the human–technology ensemble. In such contexts, the quality of coordination protocols,
reliance calibration, role allocation, communication structures, and aggregation mecha-
nisms may become as important as predictive accuracy itself. Consequently, designing and
evaluating AI as a “monadic” entity obscures the fundamentally relational and systemic
nature of clinical decision-making environments.
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1.2. Hybrid Intelligence: Synergy or Augmentation?

Taking these issues into consideration, a growing body of research has begun to
explore the paradigm of hybrid intelligence, a framework that emphasizes the deliberate
and synergistic integration of human and machine capabilities [21–23]. According to
Hemmer and colleagues [24], this approach aims to orchestrate joint performance, whereby
AI provides computational speed, scalability, and pattern recognition, while humans
contribute intuition, context sensitivity, ethical judgment, and adaptability in uncertain or
novel scenarios [25]. Wilson and Daugherty [26] argue that the value of hybrid intelligence
lies in designing systems that enable a level of joint performance exceeding what either
humans or machines could achieve independently. Without such integration, the system
would merely default to the better-performing actor, rather than producing a genuinely
cooperative advantage.

Noteworthy studies have attempted to assess the achievability of such configurations.
For instance, a recent meta-analysis by Vaccaro, Almaatouq, and Malone [27] provides
one of the most systematic examinations of this concept. The authors define human aug-
mentation as scenarios “where the human–AI group performs better than the human alone” [27].
While this improvement is shown to be reliable and replicable, the results differ when
considering human–AI synergy, namely situations “where the human–AI group performs
better than both the human alone and the AI alone”. In this case, their findings indicate that
such synergy is relatively rare. On average, combined systems often fail to outperform
their individual components. Moreover, enhancements such as confidence scores or model
rationales do not consistently lead to improved outcomes. Several factors may account for
these underwhelming results. One explanation lies in miscalibrated reliance, where human
users may exhibit either over-reliance by uncritically accepting AI suggestions [28,29] or
under-reliance by dismissing valuable AI input [29,30]. Another explanation concerns the
inefficient allocation of decision tasks across human and machine agents, where system
design fails to leverage complementary strengths [25,27].

Considering the medical domain, a recent literature review by Liu and colleagues [31]
highlights a nuanced set of patterns regarding the effectiveness of HAIT in clinical decision-
making. Overall, hybrid configurations tend to outperform human-only performance on
average, supporting the general promise of AI-assisted CDSS. However, such improve-
ments are typically modest, rarely approach the idealized form of full complementarity
in which system-level failures arise only from simultaneous errors by both human and AI
components, and do not consistently exceed the performance of AI systems alone. A key
determinant of effectiveness is the teaming mode, namely the temporal structure through
which AI recommendations are presented to clinicians. Evidence suggests that simulta-
neous configurations, in which clinicians evaluate a case while concurrently observing
the AI output, are generally more effective than sequential settings, in which clinicians
first produce an independent judgment and only subsequently consult the AI. Another
important factor is clinician expertise. Junior physicians tend to benefit more substantially
from AI assistance, whereas senior clinicians exhibit smaller gains, with improvements that
are often minimal or absent, particularly in sequential interaction settings.

1.3. Human–AI Coordination Protocols in Hybrid Decision-Making

Human–AI coordination protocols—in this paper, the expression coordination pro-
tocols and interaction protocols will be used interchangeably as synonyms—comprise
both the topological ensemble of human and computational actors and the explicit set of
rules articulating their activities in order to perform a common task (e.g., how human
and AI contributions are sequenced and integrated into a joint decision process, and how
human and AI components exchange information and manage disagreement). In this per-
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spective, AI systems are conceptualized as sociotechnical interventions embedded within
organizational workflows and professional practices.

Several classes of these coordination protocols have been proposed. Building on
Pierce’s framework of human–technology relations, Cabitza and colleagues [32] distinguish
five major configurations for AI-supported decision-making: foreclosure, traditional inter-
action, inhibition, displacement, and replacement. Among others, we focus in particular on
this taxonomy, as it provides a useful theoretical lens for the present study.

Foreclosure refers to settings in which AI systems are intentionally excluded from the
decision process [32]. This configuration corresponds to a complete absence of automation
support and is generally adopted when AI systems are considered insufficiently reliable,
transparent, or trustworthy for a given task. At the opposite end of the spectrum lies
replacement, in which decision authority is fully delegated to the AI system and humans
are removed from the loop. While replacement may maximize efficiency, it also introduces
substantial risks related to dependency, loss of human agency, and long-term deskilling.

Between these extremes lie protocols that preserve varying degrees of human involve-
ment. The most widespread configuration is the traditional protocol, also referred to as
AI-first, concurrent, or human-in-the-loop interaction [32]. In this setting, humans receive
AI recommendations concurrently with the case information and are expected to integrate
algorithmic advice into their decision-making process. However, empirical research has
shown that this configuration may also induce automation bias [33]. As a consequence,
the quality of outcomes in traditional interaction settings depends heavily on appropriate
reliance on AI advice. To mitigate these risks, several authors have proposed the inhibition
protocol, that deliberately introduces cognitive friction in order to prevent passive reliance
on the machine and to preserve critical reflection and professional autonomy [32].

An extreme form of cognitive friction is represented by the displacement protocol,
which consists in literally displacing the AI system from the physical or abstract location it
would normally occupy in the decision-making process. In displacement settings, humans
and AI systems independently and asynchronously produce complete judgments within a
parallel decision-making scheme, and these judgments are subsequently reconciled through
aggregation procedures [32]. In other words, they could be understood as systematic ways of
combining distinct individual decisions into a single collective decision. Several aggregation
rules commonly adopted in collective decision-making contexts—including majority voting,
plurality voting, and weighted aggregation methods—have been extensively developed
within social choice theory [34] and reviewed by Kameda and colleagues in the context
of information aggregation and collective intelligence [35]. A key feature of displacement
protocols is that humans and machines are integrated into teams without direct interaction.
This seemingly counterintuitive design choice is motivated by a concern that has only
recently become an object of systematic inquiry, namely the need to reduce their mutually
detrimental influence [36,37]. This concern applies both to the influence of humans on
machines in online and interactive learning systems, which use human feedback to better
align with human judgment [38], and to the influence of machines on humans, when
the latter over-rely on AI systems and are thereby led into error [33], when they acquire
the biases embedded in machine recommendations [39], and when prolonged patterns
of improper reliance progressively contribute to deskilling and erosion of expertise [16].
Moreover, recent empirical evidence suggests that this indirect form of hybrid decision-
making can outperform both traditional interaction and AI-only configurations in a series of
medical user studies involving radiology, orthopedics, and gastrointestinal endoscopy [32].

In this work, we specifically focus on displacement protocols.
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1.4. Kasparov’s Law: A Process-Oriented Evaluation Framework

In sociotechnical settings, performance does not reside in the artifact per se but in the
coordinated—either interactive or displaced—system formed by humans and machines.
Despite this important conceptual reorientation, evaluation frameworks rarely consider
human–AI coordination protocols as an independent variable. Conversely, the relevance
of this oversight is vividly illustrated in the domain of chess by insights attributed to
Garry Kasparov [40] and echoed in recent studies [41]. His view was later synthesized by
Brynjolfsson and McAfee into what has been called “Kasparov’s Law” [42], expressed in
the form of a comparative formula:

Weak Human + Machine + Better Process > Strong Human + Machine + Inferior
Process

The formula conveys a crucial insight: the quality of the coordination protocol can
outweigh the individual strength of either the human or the machine. Even a moderately
skilled human, when paired with an AI system through a well-designed interaction protocol,
can outperform a stronger expert supported by the same technology but embedded in a
poorly structured process. In other words, hybrid intelligence is process-sensitive, and
coordination protocols can be more consequential than either raw computational power or
individual expertise alone.

In line with this perspective, our objective is to empirically investigate whether struc-
tured coordination protocols—in this case displacement-based schemes—could:

• (RQ1)systematically influence the performance of human–AI ensembles relative to the
standalone performance of their individual components;

• (RQ2) enable human–AI ensembles composed of less accurate clinicians, but better
coordinated among themselves and with the AI system, to outperform human–AI
ensembles composed of more accurate clinicians operating under inferior coordination
protocols in a clinically relevant diagnostic task.

Consistent with the research questions, we formulate two general hypotheses. With respect
to RQ1, we hypothesize that at least one structured coordination protocol systematically
affects the performance of human–AI ensembles, leading to performance differences relative
to the standalone performance of their individual components (H1). With respect to RQ2,
we hypothesize that there exists at least one pair of coordination protocols such that
less proficient raters operating under a more effective coordination process can achieve
higher diagnostic performance than more proficient raters operating under a less effective
coordination protocol (H2).

In this context, we define process quality as the overall quality of the human–AI coor-
dination process with respect to the goals and constraints of a given use case or operational
setting. Rather than being reducible to a single metric, process quality is conceptualized
as a multidimensional construct that manifests across several performance-, behavioral-,
and cognition-related dimensions. These include short-term performance outcomes, such
as efficacy with respect to the task objective (i.e., accuracy, sensitivity, specificity), and effi-
ciency (i.e., achieving such performance with minimal expenditure of time and resources),
as well as the behavioral and cognitive consequences of the interaction (e.g., appropriate re-
liance, understanding, perceived utility, satisfaction, trust, automation bias, cognitive load,
and potential deskilling) [43]. However, because displacement protocols do not involve
direct interaction with the machine at the decision level, these behavioral and cognitive
consequences are not directly applicable in our case.

Empirical studies systematically evaluating structured displacement protocols in
hybrid human–AI decision-making remain relatively rare. Cabitza and colleagues [41]
introduced and compared multiple coordination protocols in a radiological double-reading
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setting for the detection of knee lesions by means of Magnetic Resonance Imaging (MRI),
providing early evidence that structured coordination frameworks can outperform indi-
vidual performances, although the displacement paradigm had not yet been explicitly
theorized as a distinct design approach. More recently, Cabitza and colleagues [32] formally
introduced displacement protocols in human–AI interaction and showed that majority
voting-based schemes can outperform both traditional protocols and AI-only configura-
tions. However, this study focused primarily on majority voting approaches and did not
investigate how process quality varies as a function of clinician proficiency.

Building on this line of research, we test whether Kasparov’s Law generalizes to a
further diagnostic task in a simulated double-reading radiology setting, in which two or
more clinicians (often referred to as observers or readers) independently assess the same
medical images for diagnostic interpretation [44]. Specifically, we focus on the detection of
vertebral fractures from X-ray images. Compared with prior work, we examine multiple
human–AI configurations that vary in clinician expertise and interaction protocol structure,
thereby expanding the coordination space under investigation through the evaluation of
nine protocols and explicitly modeling clinician proficiency as a moderating variable.

Our findings demonstrate that interaction protocols play a significant role in overall
human–AI system performance. Consequently, the evaluation of CDSSs must critically
examine not only the capabilities of the AI system itself, but also how humans and machines
work together. In this regard, Kasparov’s Law provides a valuable conceptual anchor for
advocating process-centered evaluation frameworks, in which synergy and augmentation
arise not merely from the sum of individual competencies, but from the orchestration of
contributions across the system. The effectiveness of AI in practice depends as much on
effective process design as on algorithmic innovation [45]. Without this dual focus, even
highly accurate AI models may fail to produce meaningful improvements in real-world
clinical outcomes.

The remainder of this paper is structured as follows. In Section 2, we present our
methodological approach, providing a detailed account of the radiological task under
investigation, the coordination protocols we designed, and the quantitative techniques
employed to compare human–AI system performance across multiple scenarios. Section 3
reports the results of these experiments and discusses their implications. Finally, in Section 4,
we summarize the paper, acknowledge its limitations, and suggest potential directions for
future research aimed at optimizing human–AI collaboration in clinical decision-making.

2. Materials and Methods
2.1. Dataset Preparation

We recruited 16 board-certified radiologists from Gaetano Pini Hospital in Milan
(Italy) to participate in the data collection phase. The experiment was conducted using a
structured questionnaire developed with LimeSurvey (6.5.17), an open-source platform for
online survey administration. All ethical standards were rigorously observed throughout
the study, with particular attention to participant confidentiality and responsible collection,
storage, and management of data.

Each radiologist was presented with a set of 18 X-ray images carefully selected to
represent a diverse range of cases commonly encountered in specialized orthopedic clinical
practice. Participants were asked to independently assess the presence or absence of
a fracture in each case, providing a binary response (1 for “fracture present” and 0 for
“fracture absent”). In addition to the binary classification, participants were required to
indicate their level of confidence in each response using a four-point scale, which was
subsequently normalized during preprocessing to ensure consistency across analyses.
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In two instances, radiologists omitted the confidence rating. These missing values
were imputed using the mean confidence score assigned by other participants for the same
image to preserve dataset completeness. Although imputing these two missing confidence
values preserves the overall distributional properties of the confidence scores, it reduces
within-case variance for the affected observations and may marginally influence protocols
that use confidence values to resolve disagreement. However, because only 2 of the 288 total
ratings were affected, the expected impact on aggregate protocol performance is negligible.

Based on the radiologists’ responses and the established diagnostic ground truth,
we computed accuracy, balanced accuracy, sensitivity, and specificity for each participant
(see Table 1). Accuracy (acc) was calculated as the proportion of correctly classified cases
among all cases, (TP + TN)/(TP + TN + FP + FN). Balanced accuracy (bal acc) was
computed as the arithmetic mean of sensitivity and specificity, (sens + spec)/2, thereby
providing a performance measure that is robust to potential class imbalance. Sensitivity
(sens), corresponding to the true positive rate, was defined as the proportion of correctly
identified positive cases, computed as TP/(TP + FN). Specificity (spec), corresponding
to the true negative rate, was calculated as the proportion of correctly identified negative
cases, computed as TN/(TN + FP).

In addition, the dataset included simulated recommendations generated by a well-
calibrated AI-based CDSS, whose performance metrics are reported in Table 1. To reproduce
real-world variability in confidence reporting, a random confidence value between 0.50
and 1.00 was generated for each AI prediction. Consistent with the assumption of good
calibration, correct AI predictions were assigned confidence scores ranging from 0.76 to 1.00,
whereas incorrect predictions were assigned confidence scores ranging from 0.50 to 0.74.

Table 1. Baseline accuracy (acc), balanced accuracy (bal acc), sensitivity (sens), and specificity (spec)
of all participants involved in the study, including the AI.

AI P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16

acc 0.89 0.89 1 0.83 1 0.78 1 0.89 0.89 0.78 0.83 0.89 0.78 0.94 0.89 0.83 0.89
bal acc 0.89 0.89 1 0.84 1 0.78 1 0.89 0.89 0.78 0.84 0.90 0.78 0.95 0.89 0.84 0.89
sens 0.89 0.89 1 0.89 1 0.78 1 0.78 0.89 0.89 0.78 0.79 0.89 1 1 0.78 0.78
spec 0.89 0.89 1 0.78 1 0.78 1 1 0.89 0.67 0.89 1 0.67 0.89 0.78 0.89 1

These different data were later used to test the human–AI coordination protocols
described in the following section.

2.2. Human–AI Interaction Protocols Simulations

After collecting the responses and performance metrics for both the human raters
and the simulated AI-based CDSS, we implemented a double-reading procedure within a
pseudo-arbitration framework [44]. This approach, commonly used in diagnostic work-
flows, involves two observers independently reviewing the same case in sequence without
influencing each other’s judgments. When the two initial interpretations disagree—that is,
when one classifies the case as normal and the other as pathological, or vice versa—a third
observer is introduced. This third observer, often referred to as an arbiter, also evaluates the
case independently and remains blind to the prior disagreement to minimize confirmation
bias and groupthink. The final decision is then determined by majority vote among the
three observers, simulating a consensus mechanism often employed in clinical practice.

Building on this structure, we implemented nine protocol variants to model different
forms of human–AI coordination. These protocols were not intended to exhaust the
space of possible displacement strategies, but rather to represent a set of interpretable
and clinically plausible coordination archetypes reflecting different operational priorities
and decision-making practices. Each protocol operationalized a distinct approach to
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integrating decisions within the diagnostic process, including consensus-based aggregation,
competence- and confidence-weighted disagreement resolution, risk-sensitive strategies
prioritizing either sensitivity or specificity, and different decision styles. This framework
allowed us to examine how different coordination protocols influence diagnostic accuracy,
balanced accuracy, sensitivity, and specificity, as well as how protocol design impacts the
performance of clinicians with varying levels of proficiency:

• Simple-Majority: The first and second observer provide their judgments. The third
observer is involved if and only if the first two observers disagree. The final decision
is the majority choice of the three observers in the team.

• Accuracy-Oriented: The three observers provide their judgments. If they agree, their
decision is taken as final. If they disagree, the decision is made by comparing the
average accuracy of the two agreeing observers with the accuracy of the dissenting
one. If the average of the pair is higher, their shared decision is chosen; otherwise, the
dissenting opinion prevails.

• Confidence-Oriented: The three observers provide their judgments. If they agree, their
decision is taken as final. If they disagree, the decision is made by comparing the
average confidence of the two agreeing observers with the confidence of the dissenting
one. If the average of the pair is higher, their shared decision is chosen; otherwise, the
dissenting opinion prevails.

• Specificity-Oriented: The first observer provides their judgment and the second ob-
server is involved if and only if the first observer deemed the case abnormal. If the
first two observers disagree, then the third observer is also involved. The final deci-
sion is made by comparing the average speci × confi, where specificity also accounts
for how confident the observer is in this particular case, of the two agreeing observers
with the same product computed for the dissenting one. If the average of the pair is
higher, their shared decision is chosen; otherwise, the dissenting opinion prevails.

• Sensitivity-Oriented: The first observer provides their judgment and the second ob-
server is involved if and only if the first observer deemed the case normal. If the
first two observers disagree, then the third observer is also involved. The final deci-
sion is made by comparing the average sensi × confi, where sensitivity also accounts
for how confident the observer is in this particular case, of the two agreeing observers
with the same product computed for the dissenting one. If the average of the pair is
higher, their shared decision is chosen; otherwise, the dissenting opinion prevails.

• Cautious: The first two observers provide their judgments, accuracy, and subjective
confidences. If they agree in their judgment, the team accepts the decision only if both
have accuracy and confidence above a defined threshold αacc and αconf (acci ≥ αacc

and confi ≥ αconf), both equal to the quantile 0.25 of human’s accuracy and confidence
respectively in the considered case. Otherwise, if the two observers disagree or if at
least one of them has accuracy or confidence below the threshold α, the third observer
is involved. The final decision is made by comparing the average acci × confi, where
accuracy also accounts for how confident the observer is in this particular case, of the
two agreeing observers with the same product computed for the dissenting one. If the
average of the pair is higher, their shared decision is chosen; otherwise, the dissenting
opinion prevails.

• Presumptuous: The first two observers provide their judgments, accuracy, and sub-
jective confidences. If both of them have accuracy above a defined threshold αacc

(acci ≥ αacc), equal to the quantile 0.25 of the human accuracies in the considered
case, the team’s decision is the same as the one provided by the observer with greater
confidence. If at least one observer has accuracy below the threshold αacc, the team
follows the observer with the highest accuracy.
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• Positive-Gated Review: The first observer provides their judgment. The second observer
is involved if and only if the interpretation of the first observer is abnormal and, in
that case, the decision of the team is the same as the second observer’s.

• Negative-Gated Review: The first observer provides their judgment. The second observer
is involved if and only if the interpretation of the first observer is normal and, in that
case, the decision of the team is the same as the second observer’s.

Specifically, for each X-ray and each permutation of observers, we determined whether
the final classification (fracture vs. non-fracture) was correct and then computed accuracy,
balanced accuracy, sensitivity, and specificity for each protocol across all evaluated cases.
Then, 95% confidence intervals (CIs) were subsequently estimated using a binomial ap-
proximation. Throughout Section 3, performance differences are considered significant
when the 95% CIs of the compared metrics do not overlap, a conservative criterion that
approximately corresponds to a two-sided test with α < 0.01 for proportions [46].

To assess the reliability of both individual-level performance and group-level de-
cisions, we calculated the Intraclass Correlation Coefficient (ICC), a statistical measure
commonly used to evaluate inter-rater, test–retest, and intra-rater reliability [47]. We em-
ployed ICC(2,1), which is appropriate when raters are treated as a random sample from a
larger population and the objective is to assess agreement among individuals rating the
same set of cases. According to the guidelines proposed by Cicchetti [48], the resulting ICC
value of 0.63 [0.47, 0.80] indicates good reliability, thereby supporting the validity of the
comparative analyses across protocols and participants.

2.3. Testing Kasparov’s Law

To empirically investigate the quality of coordination protocols in human–AI decision-
making, we adopted Kasparov’s Law as a comparative methodological framework:

Weak Human + Machine + Better Process > Strong Human + Machine + Inferior
Process

Importantly, we did not assume a priori that any protocol was intrinsically “superior”
or “inferior”. Instead, we operationalized Kasparov’s Law as a relational and compara-
tive framework for empirically identifying coordination processes capable of producing
compensatory or augmentative effects. Specifically, we examined whether clinicians with
lower baseline performance, when paired with a given protocol, could outperform stronger
clinicians operating under an alternative protocol. When such differences were observed
and found to be significant, they provided evidence that coordination processes can play a
decisive role in shaping team performance, particularly when the clinician is less proficient.

Based on individual accuracy scores, participants were divided into two groups: a
“strong” rater group and a “weak” rater group. Specifically, participants whose accuracy
was equal to or above the median value of all accuracy scores (0.89) were classified as
“strong”, while those scoring below this threshold were classified as “weak”. To further
ensure that this grouping reflects a meaningful difference in diagnostic performance, we
computed the Intraclass Correlation Coefficient (ICC(2,1)) [47]. The results showed that
the “strong” group had an ICC of 0.75 [0.61, 0.88], while the “weak” group had an ICC
of 0.47 [0.28, 0.70]. According to the interpretive guidelines proposed by Cicchetti [48],
these values correspond to excellent (ICC ≥ 0.75) and fair (0.40 ≤ ICC < 0.60), respectively.
Overall, these findings provide statistical support for the grouping strategy, indicating that
the two sets of raters differ meaningfully in diagnostic consistency and overall performance.

Following this stratification, we implemented a full factorial comparison across ex-
pertise levels and coordination protocols. In practice, we systematically constructed and
evaluated all possible human–AI configurations obtained by pairing clinicians classified as
“strong” and “weak” with each available coordination protocol. The resulting experimental
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space was explored through direct pairwise comparisons between two contrasting configu-
rations: (1) “weak” clinicians operating under a given protocol, and (2) “strong” clinicians
operating under a different protocol. For each configuration, diagnostic performance was
computed separately in terms of accuracy, sensitivity, and specificity, and these metrics
were analyzed independently within each pairwise comparison.

3. Results
3.1. Overall Performance

Table 2 and Figure 1 present the aggregate results of the simulation, considering
all participants irrespective of individual diagnostic proficiency. Among the evaluated
strategies, the Accuracy-Oriented, Confidence-Oriented, Presumptuous protocols con-
sistently achieved the significantly highest overall (balanced) accuracy scores, reaching
0.92 [0.91, 0.93], 0.91 [0.90, 0.91], and 0.91 [0.91, 0.92] respectively. Conversely, protocols
designed to prioritize either sensitivity (Sensitivity-Oriented) or specificity (Specificity-
Oriented) exhibited a pronounced trade-off, excelling in their targeted metric but signifi-
cantly underperforming in the complementary dimension compared to all other protocols.
Notably, the Positive-Gated Review and Negative-Gated Review protocols also demon-
strated strong overall (balanced) accuracy (0.89 [0.89, 0.90] and 0.88 [0.87, 0.88]), with
Positive-Gated Review achieving the significantly highest specificity (0.97 [0.97, 0.97]) and
Negative-Gated Review the significantly highest sensitivity (0.96 [0.96, 0.96]). When fo-
cusing specifically on sensitivity under Sensitivity-Oriented and Negative-Gated Review
protocols and on specificity under Positive-Gated Review, team performance exceeded
the standalone performance of both the average human rater and the AI system, thus
constituting clear instances of human–AI synergy [27]. From a practical standpoint, these
findings suggest that coordination protocols can be strategically selected based on clinical
priorities. In screening contexts where minimizing false negatives is critical to ensure
that no true cases are missed, sensitivity-oriented schemes may be preferable, whereas in
confirmatory or resource-constrained settings where it is better to minimize false positives
to avoid overdiagnosis or unnecessary interventions, specificity-oriented protocols may
be more appropriate. More broadly, the results indicate that optimizing the structure of
decision aggregation, rather than focusing exclusively on improving individual human or
algorithmic performance, can yield measurable gains in diagnostic effectiveness.

Overall, protocols that weigh decisions based on rater accuracy or confidence, or that
allow for less conservative decision-making, appear to offer greater diagnostic benefit. In
contrast, both the Simple-Majority and Cautious protocols yielded mediocre performance,
consistently failing to improve upon baseline human or AI results and, in many cases,
even leading to performance declines. This suggests that, in a general radiological double-
reading context, these strategies may be suboptimal.

The fact that some coordination schemes produce measurable synergy while others
systematically undermine it underscores that hybrid intelligence is not guaranteed by mere
combination, but is critically shaped by the structure of interaction and decision aggrega-
tion. Even when the same human and machine components are involved, differences in
coordination protocols can determine whether the ensemble outperforms its constituents
or falls below them.
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Table 2. Accuracy (acc), balanced accuracy (bal acc), sensitivity (sens), and specificity (spec) scores
for all participants across the different human–AI interaction protocols, along with 95% confidence
intervals (CI). Differences between protocols can be assessed by examining non-overlapping CIs
within each performance dimension, which provide an indication of superior or inferior diagnostic
performance in terms of accuracy, balanced accuracy, sensitivity, and specificity.

Protocol spec [95% CI] sens [95% CI] acc [95% CI] bal acc [95% CI]

Simple-Majority 0.86 [0.84, 0.88] 0.77 [0.74, 0.80] 0.82 [0.80, 0.84] 0.82 [0.79, 0.84]
Accuracy-Oriented 0.93 [0.92, 0.93] 0.92 [0.91, 0.92] 0.92 [0.91, 0.93] 0.92 [0.91, 0.93]
Confidence-Oriented 0.91 [0.91, 0.92] 0.91 [0.90, 0.91] 0.91 [0.90, 0.91] 0.91 [0.90, 0.91]
Specificity-Oriented 0.90 [0.89, 0.90] 0.62 [0.61, 0.63] 0.77 [0.76, 0.78] 0.76 [0.75, 0.77]
Sensitivity-Oriented 0.58 [0.57, 0.59] 0.93 [0.93, 0.94] 0.75 [0.74, 0.76] 0.76 [0.75, 0.77]
Cautious 0.77 [0.77, 0.78] 0.84 [0.83, 0.85] 0.81 [0.80, 0.82] 0.81 [0.80, 0.81]
Presumptuous 0.91 [0.90, 0.91] 0.92 [0.91, 0.92] 0.91 [0.91, 0.92] 0.91 [0.91, 0.92]
Positive-Gated Review 0.97 [0.97, 0.97] 0.81 [0.81, 0.82] 0.89 [0.89, 0.90] 0.89 [0.89, 0.90]
Negative-Gated Review 0.80 [0.79, 0.81] 0.96 [0.96, 0.96] 0.88 [0.87, 0.88] 0.88 [0.87, 0.88]

Figure 1. Accuracy, sensitivity, and specificity scores for all participants across the different human–AI
interaction protocols, along with their 95% confidence intervals represented as error bars. Dashed
lines represent the baseline performance of the AI and the mean baseline performance of human
clinicians when operating independently. The lighter-colored bands surrounding the lines indicate
the corresponding confidence intervals (95%). Differences between protocols can be assessed by
examining non-overlapping CIs within each performance dimension, which provide an indication
of superior or inferior diagnostic performance in terms of accuracy, balanced accuracy, sensitivity,
and specificity.

3.2. Performance of Strong and Weak Participants

Stratifying participants based on their baseline diagnostic accuracy revealed the mod-
erating effects of the interaction protocols. Figures 2 and 3 present a comparative analysis
of the performance of “strong” and “weak” clinicians across all human–AI interaction
protocols, showing protocol-specific scores in the former and aggregated scores in the latter.
As expected, clinicians who exhibited higher baseline performance continued to generally
outperform their “weaker” counterparts—although not consistently nor always to a statis-
tically significant extent—when collaborating with the AI regardless of the protocol used
and across all metrics.
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Figure 2. Accuracy, sensitivity, and specificity scores for all participants, grouped by strong (skyblue)
and weak (green) clinicians, across the different human–AI interaction protocols, along with their
95% confidence intervals represented as error bars. Dashed lines represent the baseline performance
of the AI and the mean baseline performance of human clinicians when operating independently.
The lighter-colored bands surrounding the lines indicate the corresponding confidence intervals
(95%). Differences between protocols can be assessed by examining non-overlapping CIs within each
performance dimension, which provide an indication of superior or inferior diagnostic performance
in terms of accuracy, balanced accuracy, sensitivity, and specificity.

Figure 3. Comparison of accuracy, sensitivity, and specificity scores between strong (skyblue) and
weak (green) clinicians on all protocols, along with their 95% confidence intervals represented as error
bars. Dashed lines represent the baseline performance of the AI and the mean baseline performance
of human clinicians when operating independently. The lighter-colored bands surrounding the lines
indicate the corresponding confidence intervals (95%). Differences between protocols can be assessed
by examining non-overlapping CIs within each performance dimension, which provide an indication
of superior or inferior diagnostic performance in terms of accuracy, balanced accuracy, sensitivity,
and specificity.
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However, a more nuanced pattern emerges when we consider the impact of AI collab-
oration on performance change relative to baseline. “Strong” performers generally showed
little to no improvement, and in some cases even a decline in performance, particularly and
consistently under the Specificity-Oriented and Sensitivity-Oriented protocols. This decline
is especially evident in sensitivity, where more than half of the protocols yielded lower
scores compared to their human-only baselines. This suggests a potential ceiling effect [49],
whereby participants who already perform at a very high level leave little room for further
measurable improvement, thus limiting the observable benefits of AI assistance. In this
case, senior clinicians may already operate close to the upper bound of diagnostic accuracy,
so the marginal gain achievable through AI support is substantially reduced compared to
less experienced clinicians, whose lower baseline performance allows for greater room for
improvement. A ceiling effect has been observed in a large number of human–AI clinical
teaming studies [31].

In contrast, “weaker” clinicians demonstrated substantial and consistent improve-
ments across all metrics when using the Confidence-Oriented and Presumptuous protocols.
When metrics are disaggregated, additional protocol-specific benefits emerged. In terms of
specificity, improvements were also observed under the Positive-Gated Review protocol,
while for sensitivity, gains were evident under the Accuracy-Oriented, Sensitivity-Oriented,
and Negative-Gated Review protocols.

Once again, the findings suggest that human–AI coordination protocols should not
be treated as universally optimal. The same protocol may benefit “weaker” clinicians
while providing little advantage or even producing performance decrements for “stronger”
ones, which might not even need an AI support. This implies that a “one-size-fits-all”
deployment strategy in clinical settings may be suboptimal. However, certain protocols
(notably, the Confidence-Oriented and Presumptuous) can function as performance equal-
izers, substantially raising the diagnostic floor by enabling “weaker” clinicians to approach
higher performance levels, without eroding “strong” clinicians performance. From an
organizational perspective, this may improve consistency of care and reduce variability
across practitioners.

Tables 3 and 4 provide a detailed breakdown of the accuracy, balanced accuracy, speci-
ficity, and sensitivity scores achieved by “strong” and “weak” participants, respectively,
across all human–AI interaction protocols.

Table 3. Accuracy (acc), balanced accuracy (bal acc), sensitivity (sens), and specificity (spec) scores for
“weak” participants across all the different human–AI interaction protocols and the superior protocols
specifically, along with 95% confidence intervals (CI). Differences between protocols can be assessed
by examining non-overlapping CIs within each performance dimension, which provide an indication
of superior or inferior diagnostic performance in terms of accuracy, balanced accuracy, sensitivity,
and specificity.

Protocol spec [95% CI] sens [95% CI] acc [95% CI] bal acc [95% CI]

Simple-Majority 0.80 [0.74, 0.86] 0.78 [0.72, 0.84] 0.79 [0.73, 0.85] 0.79 [0.73, 0.85]
Accuracy-Oriented 0.89 [0.87, 0.91] 0.89 [0.87, 0.91] 0.89 [0.87, 0.91] 0.89 [0.87, 0.91]
Confidence-Oriented 0.92 [0.90, 0.93] 0.90 [0.89, 0.92] 0.91 [0.90, 0.93] 0.91 [0.90, 0.93]
Specificity-Oriented 0.90 [0.89, 0.92] 0.76 [0.74, 0.78] 0.85 [0.83, 0.86] 0.83 [0.81, 0.85]
Sensitivity-Oriented 0.66 [0.63, 0.68] 0.95 [0.93, 0.96] 0.81 [0.79, 0.83] 0.80 [0.78, 0.82]
Cautious 0.73 [0.71, 0.75] 0.85 [0.84, 0.87] 0.79 [0.78, 0.81] 0.79 [0.77, 0.81]
Presumptuous 0.93 [0.91, 0.94] 0.91 [0.90, 0.92] 0.92 [0.90, 0.93] 0.92 [0.90, 0.93]
Positive-Gated Review 0.96 [0.96, 0.97] 0.80 [0.78, 0.81] 0.88 [0.87, 0.89] 0.88 [0.87,0.89]
Negative-Gated Review 0.70 [0.69, 0.72] 0.93 [0.92, 0.94] 0.81 [0.80, 0.83] 0.81 [0.80, 0.83]
All Protocols 0.82 [0.75, 0.89] 0.77 [0.70, 0.86] 0.80 [0.72, 0.87] 0.80 [0.72, 0.87]
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Table 4. Accuracy (acc), balanced accuracy (bal acc), sensitivity (sens), and specificity (spec) scores for
“strong” participants across all the different human–AI interaction protocols and the inferior protocols
specifically, along with 95% confidence intervals (CI). Differences between protocols can be assessed
by examining non-overlapping CIs within each performance dimension, which provide an indication
of superior or inferior diagnostic performance in terms of accuracy, balanced accuracy, sensitivity,
and specificity.

Protocol spec [95% CI] sens [95% CI] acc [95% CI] bal acc [95% CI]

Simple-Majority 0.90 [0.87, 0.93] 0.87 [0.84, 0.90] 0.88 [0.85, 0.92] 0.89 [0.85, 0.92]
Accuracy-Oriented 0.96 [0.95, 0.97] 0.97 [0.96, 0.98] 0.97 [0.96, 0.97] 0.97 [0.96, 0.97]
Confidence-Oriented 0.91 [0.90, 0.92] 0.91 [0.90, 0.92] 0.91 [0.90, 0.92] 0.91 [0.90, 0.92]
Specificity-Oriented 0.95 [0.94, 0.95] 0.66 [0.65, 0.68] 0.78 [0.77, 0.80] 0.81 [0.79, 0.82]
Sensitivity-Oriented 0.64 [0.62, 0.65] 0.95 [0.94, 0.96] 0.78 [0.77, 0.80] 0.79 [0.78, 0.81]
Cautious 0.90 [0.89, 0.91] 0.87 [0.86, 0.88] 0.88 [0.88, 0.89] 0.88 [0.88, 0.89]
Presumptuous 0.92 [0.92, 0.93] 0.93 [0.93, 0.94] 0.93 [0.92, 0.93] 0.93 [0.92, 0.93]
Positive-Gated Review 0.98 [0.97, 0.98] 0.82 [0.81, 0.83] 0.90 [0.89, 0.91] 0.90 [0.89, 0.91]
Negative-Gated Review 0.86 [0.85, 0.86] 0.98 [0.97, 0.98] 0.92 [0.91, 0.92] 0.92 [0.91, 0.92]
All Protocols 0.91 [0.87, 0.95] 0.95 [0.92, 0.98] 0.93 [0.90, 0.97] 0.93 [0.90, 0.97]

For participants classified as “strong”, the Accuracy-Oriented protocol once again
yielded the highest (balanced) accuracy (0.97 [0.96, 0.97]), followed by the Presumptu-
ous protocol (0.93 [0.92, 0.93]). As in previous analyses, the Positive-Gated Review and
Negative-Gated Review protocols retained their respective advantages in specificity (0.98
[0.97, 0.98]) and sensitivity (0.98 [0.97, 0.98]).

On the other hand, among “weak” participants, the Presumptuous protocol emerged
as the top performer in terms of (balanced) accuracy (0.92 [0.90, 0.93]), followed closely
by the Confidence-Oriented protocol (0.91 [0.90, 0.93]). Although the Accuracy-Oriented
protocol remained effective (0.89 [0.87, 0.91]), its advantage was less pronounced than
among the “strong“ subgroup. Once again, the Positive-Gated Review protocol maintained
its lead in specificity (0.96 [0.96, 0.97]), while the Sensitivity-Oriented protocol achieved the
best sensitivity score (0.95 [0.93, 0.96]), albeit at the cost of lower specificity (0.66 [0.63, 0.68]).

Interestingly, the Confidence-Oriented protocol presented a more stable performance
across all metrics for both “weak” and “strong” clinicians.

3.3. Kasparov’s Law

To evaluate whether effective coordination can compensate for differences in indi-
vidual proficiency, we performed an exhaustive comparison of diagnostic performance
across all human–AI configurations obtained by combining clinicians classified as as
“strong” or “weak” with each available coordination protocol. For each performance
metric—accuracy, sensitivity, and specificity—we constructed a pairwise comparison ma-
trix reporting whether a given configuration involving less proficient clinicians achieved
higher performance than a configuration involving more proficient clinicians under a
different coordination protocol. The resulting matrices are visualized in Figures 4–9.

With respect to accuracy (see Figures 4 and 5), Accuracy-Oriented and Positive-Gated
Review protocols emerged as superior to both the Specificity-Oriented and Sensitivity-
Oriented protocols according to the Kasparov’s Law comparison framework. The
Confidence-Oriented and Presumptuous protocols extended this pattern by additionally
outperforming the Cautious protocol. Furthermore, the Specificity-Oriented protocol was
found to be superior to the Sensitivity-Oriented protocol, whereas the reverse relationship
was never observed. However, a closer examination of these results suggests that much of
this apparent superiority is driven by performance degradation among “strong” operating
under less effective protocols rather than by substantial improvements among “weak” clin-
icians operating under more effective ones. A notable exception is the comparison between
the Confidence-Oriented and Cautious protocols and the comparison between the Presump-
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tuous and Cautious protocols. In both these cases, the superiority of the former cannot be
attributed solely to a deterioration in the performance of proficient clinicians operating
under the latter, but also to a significant gain in the performance of “weak” clinicians.

Figure 4. Pairwise comparison matrix for the Kasparov’s Law analysis based on accuracy perfor-
mance, along with 95% confidence intervals represented as error bars. Rows represent human–AI
ensembles composed of weak (green) clinicians operating under a given coordination protocol,
whereas columns represent human–AI ensembles composed of strong (skyblue) clinicians operating
under a different coordination protocol. Each comparison indicates whether the accuracy achieved by
weak clinicians exceeds that achieved by strong clinicians operating under an alternative coordination
protocol. Dashed lines represent the mean baseline performance of human clinicians when operating
independently. The lighter-colored bands surrounding the lines indicate the corresponding confi-
dence intervals (95%). Differences between groups can be assessed by examining non-overlapping
CIs within each comparison.
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Figure 5. Pairwise comparison matrix for the Kasparov’s Law analysis based on accuracy perfor-
mance, along with 95% confidence intervals. Rows represent human–AI ensembles composed of
weak (green) clinicians operating under a given coordination protocol, whereas columns represent
human–AI ensembles composed of strong (skyblue) clinicians operating under a different coordina-
tion protocol. Each comparison indicates whether the accuracy achieved by weak clinicians exceeds
that achieved by strong clinicians operating under an alternative coordination protocol. Differences
between groups can be assessed by examining non-overlapping CIs within each comparison. Light
blue cells indicate superior performance of the strong clinicians coordinated ensemble, green cells in-
dicate superior performance of the weak clinicians coordinated ensemble, whereas gray cells indicate
no significant difference between the two coordinated groups.

With respect to sensitivity (see Figures 6 and 7), the Specificity-Oriented protocol
exhibited a pronounced degradation in performance among “strong” clinicians, to the
extent that their sensitivity falls below the unaided performance of “weak” clinicians.
Consequently, this protocol is consistently outperformed by all alternative coordination
strategies, although improvements among “weak” clinicians also contribute to the observed
effect. A similar, though less pronounced, pattern is observed for the Positive-Gated
Review. Notably, the Sensitivity-Oriented protocol outperformed both the Simple-Majority
and Confidence-Oriented, Negative-Gated Review protocol outperformed the Simple-

https://doi.org/10.3390/technologies14060366

https://doi.org/10.3390/technologies14060366


Technologies 2026, 14, 366 17 of 25

Majority, and Confidence-Oriented, Sensitivity-Oriented, Presumptuous, and Negative-
Gated Review protocols all outperformed the Cautious protocol in terms of sensitivity.

Figure 6. Pairwise comparison matrix for the Kasparov’s Law analysis based on sensitivity perfor-
mance, along with 95% confidence intervals represented as error bars. Rows represent human–AI
ensembles composed of weak (green) clinicians operating under a given coordination protocol,
whereas columns represent human–AI ensembles composed of strong (skyblue) clinicians operating
under a different coordination protocol. Each comparison indicates whether the sensitivity achieved
by weak clinicians exceeds that achieved by strong clinicians operating under an alternative co-
ordination protocol. Dashed lines represent the mean baseline performance of human clinicians
when operating independently. The lighter-colored bands surrounding the lines indicate the cor-
responding confidence intervals (95%). Differences between groups can be assessed by examining
non-overlapping CIs within each comparison.
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Figure 7. Pairwise comparison matrix for the Kasparov’s Law analysis based on sensitivity perfor-
mance, along with 95% confidence intervals. Rows represent human–AI ensembles composed of
weak (green) clinicians operating under a given coordination protocol, whereas columns represent
human–AI ensembles composed of strong (skyblue) clinicians operating under a different coordina-
tion protocol. Each comparison indicates whether the sensitivity achieved by weak clinicians exceeds
that achieved by strong clinicians operating under an alternative coordination protocol. Differences
between groups can be assessed by examining non-overlapping CIs within each comparison. Light
blue cells indicate superior performance of the strong clinicians coordinated ensemble, green cells in-
dicate superior performance of the weak clinicians coordinated ensemble, whereas gray cells indicate
no significant difference between the two coordinated groups.

A nearly symmetric pattern emerged when considering specificity (see Figures 8 and 9).
In this case, the Sensitivity-Oriented and Negative-Gated Review protocols are consistently
inferior under the Kasparov’s Law comparison framework. This effect is again driven by
a pronounced reduction in performance among “strong” clinicians—particularly severe
for the Sensitivity-Oriented protocol and more moderate for the Negative-Gated Review
protocol—together with a concurrent improvement in “weak” clinicians under alternative
coordination schemes. Within this dimension, the Positive-Gated Review protocol stood
out as the strongest overall performer, surpassing not only the Simple-Majority, Confidence-
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Oriented, Specificity-Oriented, Cautious, and Presumptuous strategies, but crucially doing
so without inducing a significant reduction in the performance of “strong” clinicians.

Figure 8. Pairwise comparison matrix for the Kasparov’s Law analysis based on specificity perfor-
mance, along with 95% confidence intervals represented as error bars. Rows represent human–AI
ensembles composed of weak (green) clinicians operating under a given coordination protocol,
whereas columns represent human–AI ensembles composed of strong (skyblue) clinicians operating
under a different coordination protocol. Each comparison indicates whether the specificity achieved
by weak clinicians exceeds that achieved by strong clinicians operating under an alternative co-
ordination protocol. Dashed lines represent the mean baseline performance of human clinicians
when operating independently. The lighter-colored bands surrounding the lines indicate the cor-
responding confidence intervals (95%). Differences between groups can be assessed by examining
non-overlapping CIs within each comparison.
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Figure 9. Pairwise comparison matrix for the Kasparov’s Law analysis based on specificity perfor-
mance, along with 95% confidence intervals. Rows represent human–AI ensembles composed of
weak (green) clinicians operating under a given coordination protocol, whereas columns represent
human–AI ensembles composed of strong (skyblue) clinicians operating under a different coordina-
tion protocol. Each comparison indicates whether the specificity achieved by weak clinicians exceeds
that achieved by strong clinicians operating under an alternative coordination protocol. Differences
between groups can be assessed by examining non-overlapping CIs within each comparison. Light
blue cells indicate superior performance of the strong clinicians coordinated ensemble, green cells in-
dicate superior performance of the weak clinicians coordinated ensemble, whereas gray cells indicate
no significant difference between the two coordinated groups.

4. Conclusions
This study empirically investigated whether structured interaction protocols can af-

fect the performance of human–AI ensembles in a simulated double-reading radiology
setting for vertebral fracture detection from X-ray images, and whether better-coordinated
teams with “weaker” human components can outperform worse-coordinated teams with
“stronger” human components. Specifically, we simulated nine distinct human–AI in-
teraction protocols involving 16 radiologists with varying diagnostic proficiency and a
fixed-performance AI system.
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Overall, the results show that human–AI performance is strongly shaped by the coordi-
nation protocol rather than solely by the capabilities of the human and artificial components
of the system. Accuracy-Oriented, Confidence-Oriented, and Presumptuous protocols con-
sistently achieved the highest overall (balanced) accuracy, while sensitivity-oriented and
specificity-oriented protocols produced predictable trade-offs. Importantly, some protocols
(e.g., Positive-Gated Review, Negative-Gated Review, and Sensitivity-Oriented for their
target metrics) generated clear human–AI synergy, surpassing both standalone human and
AI performance. In contrast, other protocols, such as Simple-Majority and Cautious, failed
to improve performance and in some cases degraded it, confirming that hybrid intelligence
is not guaranteed by aggregation alone. Stratified analyses further revealed that protocol
effects are moderated by clinician baseline proficiency. “Strong” clinicians showed limited
gains and occasional declines, suggesting ceiling effects, whereas “weak” clinicians exhib-
ited substantial and consistent improvements, particularly under Confidence-Oriented and
Presumptuous protocols. Moreover, these two schemes effectively raised the diagnostic
floor without penalizing top performers.

Finally, when evaluated under the Kasparov’s Law comparison framework, all coordi-
nation protocols satisfy the Law by enabling less proficient clinicians to outperform more
proficient clinicians operating under alternative decision-making processes in at least one
comparison and on at least one diagnostic metric. However, in many of these cases, the
observed superiority is primarily explained by performance degradation among “strong”
clinicians rather than by meaningful improvements among “weak” clinicians. The most
notable exception is the Positive-Gated Review protocol, which, when compared with most
other protocols, consistently enables less proficient clinicians to surpass their more profi-
cient counterparts in terms of specificity while simultaneously preserving the performance
of the latter. Consequently, although Kasparov’s Law is satisfied whenever a less proficient
but better coordinated ensemble outperforms a more proficient but worse coordinated
one, such outcomes may arise through qualitatively different mechanisms—either through
suppression of expert performance or through genuine enhancement of less experienced
clinicians—and should therefore be interpreted in light of the underlying behavioral and
performance dynamics of the coordination process. Understanding these mechanisms
is essential for translating Kasparov’s framework into a meaningful tool for evaluating
collective decision-making in clinical practice. Future research should continue to employ
Kasparov’s Law as a valuable evaluative framework for studying human–AI collaboration,
but always alongside an explicit assessment of the baseline performance of the decision-
makers involved, accounting for how coordination protocols affect participants relative to
their standalone performance.

These findings suggest that thoughtful coordination design should be considered
alongside algorithmic optimization, as it can enhance human performance and reduce
performance gaps between clinicians of differing expertise, improving consistency of care,
reducing inter-clinician variability, and elevating “weak” performers without risking AI-
induced deskilling. Such a result reinforces the value of process-centric approaches in the
design, development, and deployment of CDSSs. However, the choice of coordination
protocol governing how humans and AI integrate their individual decisions, as well as its
adaptability to specific clinical situations, is also crucial for overall performance. A one-size-
fits-all approach to human–AI coordination is therefore suboptimal. Rather, coordination
protocols should be selected strategically according to the diagnostic task, the clinical
objective, and the proficiency of the participating clinicians. To support this perspective,
we operationalized Kasparov’s Law as a context-sensitive, relational, and comparative
framework for empirically identifying coordination processes that enable less proficient but
better-coordinated ensembles to outperform more proficient but less effectively coordinated
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ones. This conclusion is further supported by the contrast with the findings reported by
Cabitza and colleagues [41], who tested Kasparov’s Law in a different use case and found
majority voting to be the most effective coordination strategy for enabling less proficient
clinicians to outperform more proficient ones. Future work should further investigate
whether certain coordination protocols exhibit stable advantages across tasks, or whether
their effectiveness remains closely tied to the specific clinical objective, evaluation metric,
and operational context in which they are deployed.

A promising direction suggested by these findings concerns adaptive protocol assign-
ment. Since “strong” clinicians exhibit ceiling effects or even performance decrements
under some protocols, a proficiency-aware deployment strategy where the coordination
protocol is dynamically selected or adjusted based on the clinician’s estimated baseline
performance would be preferable to a uniform approach. In practice, this could be oper-
ationalized through a pre-deployment calibration phase in which a clinician’s accuracy
on a validated reference set is estimated, and the coordination protocol is selected or dy-
namically adjusted accordingly. From a technical perspective, such adaptivity could be
implemented via rule-based thresholding (e.g., assigning Accuracy-Oriented to clinicians
above a given accuracy quantile and Presumptuous or Confidence-Oriented otherwise) or
via reinforcement learning mechanisms [50] that update protocol selection in response to
observed performance trajectories. Such an architecture would preserve the performance
gains observed among less proficient clinicians while mitigating the performance degrada-
tion observed among more proficient clinicians. More broadly, this approach represents a
natural extension of the process-centric design philosophy advocated in this work, aligning
with the broader vision of adaptive CDSSs and personalized human–AI collaboration.

Yet, some limitations must be acknowledged:

1. The simulated environment, although methodologically controlled, does not cap-
ture the variability present in real clinical workflows, thereby limiting the ecological
validity of the findings. First, we modeled the AI system as a fixed-performance
support with known calibration properties, whereas real CDSSs exhibit variable per-
formance across image subtypes, patient demographics, and acquisition conditions.
Coordination protocols should ideally be robust to such performance heterogeneity.
Second, although some protocols in our implementation relied on fixed thresholds,
in real-world deployments these parameters should remain configurable by clini-
cians and healthcare organizations, allowing adaptation to contextual and operational
constraints such as workload, risk tolerance, clinical urgency, available expertise, or
institutional policies. Indeed, a key strength of protocol-based human–AI collabora-
tion lies in the possibility of tailoring coordination mechanisms to the sociotechnical
environment in which they are embedded, rather than treating protocols as static
or universally optimal solutions. Third, the simulated setting abstracts away the
temporal dynamics of clinical practice: in real workflows, the sequential activation
of observers and arbiters introduces latency costs that may render certain protocols
impractical in high-throughput settings. Future work should therefore evaluate not
only the diagnostic effectiveness of different coordination protocols, but also their
operational efficiency. Such analyses would help identify coordination strategies that
achieve an appropriate balance between diagnostic performance and practical feasibil-
ity. Fourth, the grouping of “strong” and “weak” clinicians is based on a single task
and a limited set of X-ray images, and may therefore oversimplify the true spectrum
of clinical expertise. Future studies should also extend protocol design to incorporate
additional factors, such as clinicians’ reliance behaviors and cognitive load.

2. The present study considers only binary diagnostic outcomes (fracture present/absent),
whereas real clinical workflows often involve multi-label or ordinal classifications.
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The extension of displacement protocols to such settings is non-trivial, as agree-
ment and disagreement are no longer binary states, and aggregation rules must be
redesigned accordingly.

3. Broader ethical and regulatory implications also warrant attention. If process design
can improve the performance of less experienced diagnosticians, this may affect how
responsibility is assigned in AI-assisted care and how competence is assessed or
augmented through technology.

4. The relatively limited dataset and the fact that all 16 radiologists were recruited
from a single institution constrain the generalizability of the baseline performance
distribution and the resulting proficiency stratification. However, our aim was not
to identify universally superior coordination processes. Rather, our goal was to
investigate whether Kasparov’s Law could be evaluated in a specific clinical use case
and under specific pairs of coordination protocols. Consequently, the relevance of the
framework is not diminished by the absence of broad generalizability, as its purpose is
to assess coordination quality on a case-by-case basis, taking into account the specific
task, performance objectives, and population of decision-makers under consideration.

In conclusion, this study underscores that the effectiveness of CDSSs depends not only
on predictive accuracy or algorithmic optimization, but also on the design of human–AI
coordination itself, supporting a shift toward a process-centric perspective as a central
concern in medical AI. By placing structured coordination at the core of system design
and evaluation, we move closer to realizing the potential of hybrid and collective decision-
making in healthcare.
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