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ABSTRACT

Rare diseases affect approximately 300 million people worldwide, yet physicians
rarely encounter individual conditions, creating significant risk of delayed or missed
diagnosis. Al diagnostic tools offer potential to reduce this uncertainty. However,
metrics for assessing Human-Al Collaboration (HAIC) quality in this context remain
underexplored — existing frameworks lack empirical operationalisation for the Human-
Centric collaboration mode, where the physician retains full decision-making authority.
This study aims to operationalise quality metrics for Human-Centric HAIC within
rare neuromuscular disease diagnosis by exploring neurologists’ experiences with a
conversational Al diagnostic assistant. An exploratory qualitative design employing
thematic analysis is planned. Semi-structured interviews following a critical incident
technique protocol will be conducted with 10-12 neurologists. Questions address ten
collaboration quality dimensions: clarity of communication, ease of use, user satisfaction,
feedback frequency, teaching efficiency, error reduction rate, task completion time,
confidence, trust score, and safety incidents. Thematic analysis will identify context-
specific subdimensions of each metric. The study will lay the groundwork for a domain-
specific HAIC assessment instrument, provide design recommendations for clinical Al
systems, and establish a basis for future psychometric validation and research on Al
adoption in healthcare.

Keywords: Human-Al collaboration assessment, Human-centric mode, Rare disease diagnosis,
Qualitative methodology, Collaboration quality metrics

INTRODUCTION

Al systems are increasingly used to support physicians in complex diagnostic
tasks. Rare disease diagnosis is one such context. With over 6,000 distinct
conditions, it places substantial cognitive demands on clinicians.

Research on Human-AI Collaboration (HAIC) in medicine has focused
mainly on technical performance—accuracy, sensitivity, specificity. Less
attention has been paid to the quality of the collaboration process itself:
how physicians work with Al in practice, and how that collaboration can be
meaningfully assessed.

This paper examines one specific collaboration mode—Human-Centric,
where the physician retains full decision-making authority and Al acts as
a supportive tool. Drawing on the framework by Fragiadakis et al. (2024),
we assess whether existing HAIC quality metrics can be measured within a
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conversational Al diagnostic assistant for rare neuromuscular diseases, and
design a qualitative study to explore their context-specific subdimensions.

This work represents an early step toward developing context-sensitive
tools for assessing HAIC quality in clinical settings.

THEORETICAL BACKGROUND
The Rare Disease Diagnosis Challenge

Rare diseases, comprising approximately more than 6,000 distinct disorders,
affect 30 million people in Europe and approximately 300 million individuals
worldwide (Nguengang Wakap et al., 2020; Schieppati et al., 2008).

The diagnostic process for rare diseases is both lengthy and multi-staged.
Recent evidence from a large-scale European survey shows that the average
time from symptom onset to diagnosis is 4.7 years, with 56% of patients
waiting more than 6 months after their first medical contact to receive a
diagnosis (Faye et al., 2024).

Several factors contribute to this situation (Schieppati et al., 2008).
A primary factor is symptom overlap with common conditions, leading
clinicians to initially attribute symptoms to frequently occurring diseases—a
phenomenon known as particularizing. Another contributing factor is the
necessity for patients to consult multiple specialists, with patients who
consult more than 10 general practitioners experiencing diagnostic delays
of over 42 months (Benito-Lozano et al., 2022). Moreover, physicians have
limited experience with rare diseases as they see them infrequently in their
practice, or may never encounter them at all.

Finally, diagnostic uncertainty creates a tendency toward “low-risk”
prioritization, where clinicians make conservative, reversible clinical
decisions. This approach enables symptomatic treatment while the underlying
disease remains unidentified. However, this uncertainty can sometimes lead to
misdiagnosis, inappropriate treatment, or lack of proper treatment, resulting
in adverse side effects (Faye et al., 2024). These diagnostic challenges result in
misdiagnosis or delayed diagnosis, delayed treatment, and reduced quality of
life for patients. Al diagnostic systems offer potential to shorten this period
of diagnostic uncertainty.

Al as a Potential Solution

Al systems can transcend human cognitive limitations by solving complex
tasks through their capacity to analyze vast amounts of data and recognize
patterns (Korteling et al., 2021). Machine learning enables the execution of
high-level cognitive tasks previously reserved exclusively for humans (Mnih
et al., 2015). Medicine represents one of the domains most significantly
affected by AI advancements. Currently, numerous Al solutions support
physicians by enhancing diagnostic efficiency in medical imaging, radiological
interpretation, genetic analysis, clinical decision-making, and early disease
detection.

In the context of neurological rare diseases, AI promises faster, more
accurate, and more precise diagnosis, along with the development of
personalized treatment plans. Research by Mao et al. (2025) demonstrated
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that a phenotype-based Al pipeline outperformed human experts in
differentiating rare diseases, achieving higher accuracy particularly in cases
involving diseases with overlapping symptoms.

Theoretical Gap: Technical Success Does Not Equal Collaboration
Success

Most research focuses on the technical and quantitative performance of
Human-AI Collaboration in medicine, examining metrics such as accuracy
and sensitivity (Cai et al., 2019; Tschandl et al., 2020; Goh et al., 2024).
Yet technical effectiveness does not automatically translate into effective
collaboration between Al and human clinicians. How clinicians actually work
with Al systems in diagnostic practice remains insufficiently understood. This
reveals that Human-AI Collaboration is a multidimensional phenomenon
extending beyond technical metrics. While Fragiadakis et al. (2024) provide
a domain-agnostic framework of collaboration quality metrics for the
Human-Centric mode, the authors themselves call for empirical verification
of these metrics in specific contexts. Rare disease diagnosis represents a
particularly demanding test case: diagnostic complexity, ambiguity, and
high cognitive stakes may shape how collaboration quality is experienced
in ways that universal metrics cannot anticipate. This gap motivates the
present study.

Human-Al Collaboration: Framework

Researchers in Human-AlI Collaboration recognize collaboration as a
multifactorial (Vossing et al., 2022; Li et al., 2022; Xiong et al., 2022) and
multi-domain phenomenon (healthcare, finance, etc.). This complicates
assessing collaboration quality and comparing results across studies. To
address this challenge, Fragiadakis et al. (2024) proposed a domain-agnostic
theoretical framework that defines universal metrics for collaboration quality.
Such a framework enables cross-study comparison, standardizes assessment
practices, and supports the development of generalizations.

The ability to comprehensively assess collaboration quality is crucial,
particularly as integrating Al into work processes represents one of the main
challenges identified in HAIC literature (Labedzki et al., 2025).

The Fragiadakis et al. (2024) framework builds on the existing literature
by distinguishing three collaboration modes. The first mode—AI-centric—
operates largely autonomously, assuming primary responsibility for decision-
making with minimal human intervention. The second mode represents
symbiotic collaboration, where human and Al contribute comparable
effort and decision-making authority is equally distributed. This mode is
characterized by dynamic task allocation, where the system learns to recognize
its limitations and actively defers to the human when appropriate. The third
mode—Human-centric collaboration—is characterized by decision-making
authority and control residing with the human. Al offloads computationally
demanding, repetitive, or cognitively burdensome tasks, enabling humans to
leverage their unique capabilities.
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This study focuses on the Human-centric collaboration mode. According
to this mode, the authors identified metrics in two categories: (1)
Communication: clarity of communication, ease of use, user satisfaction,
and frequency of feedback, and (2) Efficiency: teaching efficiency, error
reduction rate, confidence, task completion time, trust score, and safety
incidents (Fragiadakis et al., 2024, p. 14). However, they emphasize the need
for empirical verification that operationalizes these metrics within specific
contexts. This study addresses this gap by examining Human-Centric mode
metrics in rare neurological disease diagnosis.

AlTools for Rare Disease Diagnosis: Landscape and Case Selection
Scope and Rationale

A conversational Al diagnostic assistant for rare neuromuscular diseases was
selected as the empirical case. The selection was guided by three criteria:
the system operates in Human-Centric mode; it is actively used in clinical
practice; and it targets a condition category characterized by high diagnostic
complexity and prolonged diagnostic timelines—a theoretically rich context
for examining collaboration quality.

The Al Diagnostic System

The study examines a conversational Al diagnostic assistant developed for
rare neuromuscular diseases. The mobile application supports early-stage
diagnostic workup, particularly when differential diagnosis remains broad—
helping general practitioners identify appropriate subspecialty referrals or
assisting neurologists with complex initial presentations.

Physicians manually enter symptom information gathered during patient
encounters. The system conducts a dialogue, asking adaptive questions based
on previous responses. It analyzes symptoms against a structured knowledge
base encompassing over 300 clinical features (ocular and bulbar symptoms,
limb weakness patterns, temporal characteristics, family history, biomarkers)
mapped to more than 25 disease entities, developed in collaboration with
neuromuscular disorder specialists.

The application generates a ranked differential diagnosis list with
explanatory reasoning linking reported symptoms to characteristic disease
features. It provides diagnostic recommendations (laboratory tests, imaging
studies, specialist referrals) to confirm or exclude specific conditions. The
system operates as a standalone application, not integrated with electronic
health records.

Human-Centric Mode Classification

The system aligns with the Human-Centric mode defined by Fragiadakis
etal.(2024), where humans retain primary decision-making authority while Al
serves as a supportive tool. This alignment manifests across four dimensions.
All outputs are framed as suggestions, with final decisions remaining entirely
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with the treating physician. The system offloads cognitively burdensome
tasks, extending physician reach without replacing clinical reasoning. It
cannot initiate autonomous actions. Each diagnostic suggestion includes
transparent reasoning, enabling critical evaluation rather than “black box”
acceptance.

METHODOLOGY
Research Objective and Questions

This study aims to operationalize metrics for assessing the quality of
Human-AI collaboration in the Human-Centric mode within the context
of rare neuromuscular disease diagnosis. The study addresses two research
questions:

RQ1: How do physicians experience Human-Centric Al collaboration in
rare neuromuscular disease diagnosis, and what subdimensions of
collaboration quality does this experience surface?

RQ2: How can these subdimensions be operationalized into measurable
indicators suitable for future quantitative assessment?

Preliminary Metric Assessment

The examined system is a conversational Al diagnostic assistant, in which
the physician retains full clinical authority over all diagnostic decisions. To
determine the scope of the qualitative study, we assessed whether Human-
Centric collaboration quality metrics from the Fragiadakis et al. (2024)
framework can be directly measured within this system. Each metric was
evaluated against the application’s functionalities and available system-
generated data.

Several metrics permit quantitative measurement—through system-
generated data (e.g., session duration, iteration count) or standardised
instruments (e.g., SUS, Confidence Delta). However, two remain partially
inaccessible: feedback frequency cannot be reliably captured as the system
provides no error-reporting mechanism, and correction rate misses physician
interventions made outside the system. Importantly, even technically
accessible metrics require clinical context to be interpretable—qualitative
exploration is therefore warranted for all ten metrics.

Qualitative exploration is therefore necessary: to interpret quantitative
indicators that are clinically uninterpretable in isolation, to capture
phenomena invisible to system logs, and to generate subdimensions informing
future questionnaire development.

Table 1 presents all Human-Centric mode metrics examined in this
study, the available quantitative measures, and their limitations in this
clinical context. These limitations justify the qualitative approach and will
shape the semi-structured interview guide.



Bityk

36

‘souenbesuoo
Jeotui Aq Aouanbasy Jouie Jo UoREI@ILIEIU! PEIBM BUYEUS KBRS JOUB Iy JO AWOUOXE) POALBP-UBIOUID € USIGEIS 0) {209

(Aunqeqoud x ys00
100 = Y51 10002 1210 UBWEINSEIRd) SE0UANDASUCD JURAYUBIS OU BABY — JOLJOUE U U ‘JuaLIABEURL (€O Ul SBURLD OeIpOwL Ue

oD Jou3 aNWO

[000Z “1e 10 vewieinsesed] ,1suuew Ajewp e ut jo Anysseoons
BuueAIBIU WOy Jojesado ay) BunuaAaId () $99UBNDISUCD UONIB/UOISIPP JO SISD,

1nbe; 850 8UO U} Aew SUOYPUOD eI OMY BurSjUOD BIBM [E01UD 18U} BUBPISUCD oYM BIelRIdIB|UN SI SI0LS [y JO JqUINU BYL aqeoiddy (5207 ‘spiepeiBes] . paselunooua senssi palefai-Kiajes Jo Jequinu SyoeiL, uBIH syuepiou; Aiojes
“sonsouelp eseasip aies ul sueriskud i wsna
[v661 Aeso g 9971).[001-0] 8fe0S & vo pajes
“adcyoe wial e A po dous 6 ABU 611 6ISUM ‘e370UBBID B PN efeog 1sny verp | <AIOAUCO ICUOING ) IS NOK PIP YO MOH, BupYSE () 1S Jo SBUR. ONRaNS,
1oy I Ut 1) Jo soyoads 8y} @inided 10U Aew ‘SwalSAS LOTRWOINE [EUISNPUI 10 PRUBISAP ‘(661) ARIOY PuE 997 Aq Binsesu Sni) By L sqeoyddy [5202 ‘spiepebes.], safeas 1snuj pue skanins yBnouy) () 1S Jasn sessassy, uBIH 1008 3511
“WBJUCO [BOlUIID BSESIP
9J8J B UJ UORBWIOINE UJ }SNJ} PUB S3USPYUOD-}S J0) SWay ajesedes doj@Asp pue abueyd PYUOD puUyeq
“(v661 Keop g 997) § 951n81 0} UepISAYd oy Sidwoid pue
S1s0uBEIp (1L UB SaBUSIIEUO [y UsUM 1030 SIGenIeA AIIEoNisouBEIp € S1eolpul Kews enjeA sATEBaU € USAS PUB — PIol aU) Ul ousladxe (UBWSSESSY-Ji9S 150d/0id) (661 *Ae10M 9971 .{20UIPYUOD}|2S N0 SEM YBIY MOH,
Bunjoe| uenisAyd e ul UOINPR) AurepEOUN AjeJoW JO ISIfe Ul uoy 1s9yl0dAy peyes ew “ebueyo ejjeq 90uspyuo) ‘9[eds e uo pajey ( ] senuae 1 s () PYUCO-JiOS,
18U} JO WSIUBYOBW BU) PUE BUIIESEq BU) BuIOUB UOISSeS € JO PUS PUE LEIS Ul UBBMIEq Aluteled Ul aBueyd eu) sainided Bljeq oUSPYUOD aiqeoddy [¥Z0z ‘spiepeiBes] , 'suonepusWWOoe) v Ul 1S Jesn Jo [eAeT. uBIH eouspyuod
“ewn onsouBeip peisem Jo papuaixe Jeum Ainuep) pue eoed uoisses Jo eousLiadxe eRdelans sueriskyd einides o) :leon
[£20Z “[e 10 ueseBuNy] . ele1 UoRIdWOd oY) puE SHSE) U0 Juads wn
“oiqenie Ajeonsoube;p sem ads oy oy} Joyjoum oBpn uso uogeing uoisses seyons ejep [Bursr 4suuew 8A09(Go Si0w @ Ul onpoid sakoidwe sinsesiy, oy
ueprshyd au A Qi houspye 1 13113 [2nb3 10U S0P AU UOISSaS JALOUS aiqeoyddy [v20¢ ‘sprepeiBes] uoddns [y Inouum pue yym say ogaidwod ¥se) saieduod, uBIH uopeiduwo ysey
“susened uoniuBooe) oIS PUE J0LS Iy JO SUORUYeP SUERISAYd ainided o) fe0
“uompuod . .
41 U0 Bupuadap Aieanewesp Joyp Aew sxersiw e o pue — woy s10.18 oA YsNBUSIP (9% uogoafey 1013) (000 * 1210 ueweinseied] 1040 teui jo Aigeqoid sy Aq paydunu
10U $80D 9oL BU) ‘S.0ULIBYMN "UOISIOGP 1BU) O} SO0 OU SBY WBYSKS BU) 1N UsWBPN UMD J1eu) Ut SISOUBEIP € S1oefes uBIDISkYd e1ey UORLIOD 100 U 401500 814 S2 POULSP O UES BICAINO UOISIIP € LY POIEI0SSE s,
ay 1 urewas iy ‘walshs au) Ul BIGISIA SUOYIRL00 SeINIdED AIUO BlEY UOINBLIY aqeoyddy (202 ‘spyepeibes ] uojuansau; uewny Buwoljo) 1y A 8pew sioua uy eseanaq, UBIH | ejey uopanpey Jou3
UNOO UOEIB)! MEJ UBU) 1XB1U0D oM [BO1ul Buteyes Jeieq sainseaw Ajnuap o) :[eo
[y10¢ ‘zewoyy g sewyeo]
Aresseoauun asem suonsenb yoiumeBpn| ued uepishud ey) AlUQ “sseuybnosoy) onsouBelp Alesseosu o Aouspeul I Jaule S1edlpul Aew (oney sisoubeig-o1dwosd) . uoneunp uoisses pue () pepinoid Alequenbes ese sejdwexe se sebuevo Aoensoe
Juneo Uogeiay UBIY y S16U10 Uet suosonD ENUeIop SIow O ’ » 1o} unoaoe 10u sa0p oo vonesll iy gy oo B A pexses v i pUgS SR NS SO, (Buuen poroo )
B sebueoxe Jequinu 8y *s1yBH: L8, Jou 580 pue (W T peuten-eid) uazoy S| 19pON eiqeoyddy [vzoz ‘sprepeibe. ) . J011un Jod ¥ Ul uie, Mo fKouepowy3a Buiyoeey Kouepa
‘uBisep. PUE Spaeu %oeqpes)
[¥zoz -
quepodw Areoyuro jsow o1RUAP () %0RqPaS) SNONURUOS BuIAIB AQ Wa)sAs 8y} jo aouewIopad oy Buioidw),
oy eq Aew jok e siAu g 15, 4ong “ws) n I unoD vopoesBjul [rz0z ‘spreperes] A0eqpoey
— 05 0p 0 Aem ou Pey 11q BuiyIeWos 1LI0D O} PaluEM URPISAY O} 213UM SUOENYS 2nded 10U SE0P JUN0D UNoR aqeoiddy L’S0UBISU| 02GPR) JO JQUINN () ¥0BGPR PIAQI] SI0SN LSO MOY SIONUOW, wnipow Jo houonbaiy
“$3180S UORORSIIES OYI99dS-UIRWOP SININY Ul SIOYIUE SWC0S] PINOYS Jey) SJUSLIOW UOHRIISNY PUB UOROBISIES [BONLI0 AJjUap] O] ([0
“es0y) ainjdeo jouueo Jequinu 8BS & (21095 J8j0W0Id 19N)
pue — suopoeselu; Buibusijeud 1sow euy Jo Aujenb ey uo Spuedep LONEJSNES ‘SONSOUBEIP 8SEASIP BJEJ U] “LOISSES BU) Ul SIuBWOL Joeds SdN 15202 ‘spiepeibes] , eouewiopied swaisks
1N0ge $UIBL0D SNOUSS BYdSaP Bunes B © BAID ABw LBIISAYA Y "LOIEIISNY JO LOTDBISIES JO S30INOS BU) UKEIdX® 10U S0P 21008 BIBUIS Y aqeoyddy PUE UOIORIGUI SU) UM UOBJSHES () B0UBLAGXD BAIIRIGNS §,495N BL) SOINSESN, uBIH uopoesspes sesn
TXe1U02 1Y [29IUI0 € Ut SBUE1 aSN-§0-8588 MO JO S82IN0S AYadS B 1BACOUN O} [E0D
“sauoBeled pessyo eyl jo Aue 1y 1ou pip einjoid (AR [emoe 8y (a1e0s Auiqesn weishs)
ueym — uonduosep Juened o Ajdwisseno o) uerdishyd ay) ps| suogdo 4l IN0 BINJ Jou S0P 21098 AYligesn ybIy v sns [v202 ‘spepebes ] , saseuuonsenb
(.arendoidde s1ene) Auxoidwiod oy, ‘AueiBal 11 9N PIOM |, 85N 0) Asea i welsAs au), *6'9) AWigesn eIemyyos [eJusd seinseaw SNS aqeaiddy [e9s L@NI UBNOIY) paInseaw UeYQ () sousadxe enlo9kans 5 4esn eyl seBnes), YBIH osn jo ese3
“s1501bes UONEAYUEID BuIAEPUN UMOPYER] LONEdNWLLIOD J0 S6dA) oU) AJIUBP 01 :[E0D
1000z ‘20H] . uopesoqere
ewenoiduws weisAs 1eieyp € SeAnbeJ Ee 19k — Buluosess Burssiw o eimonsIs esuodses xeduioo Snoipe) pue Buo e Bulpaau Inouih () 8aUeleje jo Sk} UoLILID © J0 SouBLEIEN,
fuano ue woy waigoid ABojouLE) € ySINBUNSIP 10uLED ,SISeNbaJ UOEIYUED €, J0 1UN0D Y JauonPeId [eausb & o) Jeajoun 1ok 1siBojoinau 1nog uopeayer) (202 ‘spiepeibei] , spowiow uopeojunuiwoy
0} Jeop oq Aew obessow |y owes oYL Aym Jou Inq ‘Pajie) LONEIUNWLLOD LBYO MOY SMOYS S|Snbas UONEIYELd JO Jequnu oYL eiqeoyddy oy uBIH 0 Rerd | uogesunwwod

POON OAJEHIEND / SUOKRIIWT QARRIHUEND

JusweINseop oAN

uopjuyeq

oougpiodw]

KioBejey

"JusWaINSeaW dAIIRIIUEND JO SuoIelIWI| pue soldW Alljenb uollRI0QR||0D JLIUBD-UBWNY | d|geL




When One in a Million Matters 37

RESEARCH DESIGN
Overall Approach

This study employs an exploratory qualitative design to uncover context-
specific subdimensions within the quality metrics identified above. This
approach is appropriate given the early stage of HAIC research in clinical
contexts and the need for rich, contextualized understanding of neurologists’
experiences with Al-assisted rare disease diagnosis.

We adopt a hybrid deductive—inductive analytical framework. Deductively,
we begin with the quality metrics operationalized for the Human-Centric
collaboration mode—including Communication, Ease of Use, User
Satisfaction, Feedback Frequency, Teaching Efficiency, Error Reduction,
Task Completion Time, Confidence, Trust, and Safety—as the organizing
structure for data collection. Inductively, within each metric, we remain open
to identifying context-specific subdimensions reflecting the realities of rare
disease diagnosis not captured by existing measurement approaches.

Sampling Strategy and Participant Recruitment

Purposeful sampling will be used to recruit participants best positioned
to illuminate the phenomenon (Brewerton and Millward, 2001). Eligible
participants are neurologists employed at clinical hospitals, with at least two
years of post-residency experience, documented involvement in diagnosing
rare neurological conditions (prevalence &lt;5 per 10,000), and at least six
months of experience using the application under study or a comparable
Al-assisted diagnostic tool in a Human-Centric collaboration mode.

We plan to recruit 10-12 neurologists, consistent with recommendations
for thematic saturation in homogeneous professional samples (Guest et al.,
2006), with data collection proceeding iteratively until theoretical saturation
is achieved. Participants will be recruited through neurology departments at
clinical hospitals affiliated with academic medical centres.

Data Collection Procedures

Semi-structured interviews (approximately 60 minutes each) will be
conducted following a critical incident technique protocol. Participants will
be asked to recall specific diagnostic episodes involving rare or suspected rare
conditions where they collaborated with a conversational Al diagnostic tool.

For each recalled episode, the interview will systematically explore the
quality dimensions corresponding to the metrics under investigation through
open-ended questions tailored to the clinical context of rare disease diagnosis.
Example questions include: “Walk me through a recent case where Al helped
you consider a rare diagnosis... What made you trust—or distrust—the
AD’s suggestion?” Relevant contextual factors (case complexity, diagnostic
urgency, information availability) will be documented for each episode to
enable pattern analysis.

All participants will provide written informed consent. Interviews
will be audio-recorded with permission and transcribed verbatim under
confidentiality agreements. Data will be stored on encrypted devices and
destroyed following transcription verification.
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Qualitative Data Analysis

Thematic analysis (Braun and Clarke, 2006) will be employed to identify
context-specific subdimensions within each quality metric. The analytical
process moves through four stages: (1) initial familiarisation and open coding
close to participants’ language; (2) focused coding organised deductively
within the Human-Centric mode quality metrics, with inductive identification
of recurring patterns; (3) subdimension formulation and definition with
supporting quotes; and (4) cross-case pattern analysis examining whether
subdimensions vary by contextual factors documented during interviews. To
enhance analytical trustworthiness, preliminary findings will be returned to
selected participants for member checking (Lincoln and Guba, 1985).

Ethical Considerations

The study will be conducted in accordance with ethical principles governing
research with human participants. Informed consent will be obtained from all
participants and from the institution providing access to the Al system. Data
will be anonymized with all personal and institutional identifiers removed.
Audio recordings require explicit permission from participants. The study
complies with GDPR regulations. Participation is voluntary, and participants
retain the right to withdraw at any stage without consequence.

IMPLICATIONS FOR RESEARCH AND PRACTICE
Methodological Implications

Applying a domain-agnostic HAIC framework in a specific clinical context
is not straightforward and carries methodological consequences. Systems
operating in Human-Centric mode may differ fundamentally in properties
such as model adaptability (frozen, session-bound, or continuously learning),
workflow integration, or interaction structure (conversational vs. one-shot).
These differences determine not only how metrics are measured, but whether
they remain conceptually valid—as illustrated by Teaching Efficiency, which
requires reconceptualization when the Al model operates with session-bound
context, learning within a single conversation but resetting completely across
sessions. Critically, this ontological assessment cannot be conducted by the
researcher alone—it requires active involvement of a domain expert from the
study design stage, not only during data collection. In clinical contexts, this
repositions the clinician from a research participant to a co-designer of the
measurement instrument. We therefore recommend that future researchers
conduct a preliminary technical and ontological audit of the system, in
collaboration with domain experts, prior to applying any HAIC assessment
framework.

Practical Implications

The findings also carry implications for Al adoption strategy in healthcare
institutions. Research on computational phenotyping in rare disease
diagnosis shows that trust is a prerequisite for clinician acceptance of
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machine learning tools, and is conditioned by perceived reliability, validity,
and accuracy (Hallowell et al., 2022). We argue that trust formation may not
be independent of the underlying Al mechanism. The system described in this
study operates on a frozen model, which limits error variability and makes it
a relatively stable tool for early clinical adoption. By contrast, continuously
learning systems—such as those examined by Hallowell et al. (2022),
where insufficient demographic diversity in training data reduces diagnostic
accuracy across racial groups—carry a qualitatively different risk profile.

We therefore suggest that healthcare institutions consider prioritising
frozen or knowledge-based Al systems in early adoption phases, where the
primary goal is building clinician familiarity while limiting the risk of trust
erosion and overinvestment. Where more adaptive systems are subsequently
introduced, clinician training should explicitly address algorithm aversion
and trust calibration. Critically, regardless of the underlying mechanism,
structured onboarding should communicate not only system functionality
but also its limitations and the boundaries of safe use.

Directions for Future Research

Beyond adoption strategy, the quality of clinician trust is also shaped by
moment-to-moment interaction experience—including factors such as
response time. Research demonstrates that response time affects trust in
Al asymmetrically—unlike human experts, algorithms are trusted more
when they respond quickly (Efendic et al., 2020). However, in rare disease
diagnosis, where diagnostic complexity is high, it remains unknown whether
this pattern holds: a rapid differential diagnosis may signal insufficient
reasoning rather than superior capability. Empirical investigation of optimal
response time in this clinical context is therefore warranted. This applies
not only across disease types, but also across collaboration modes (Human-
Centric, Symbiotic, and Al-Centric) and underlying Al mechanisms—since
response time expectations may vary depending on how the system operates.
Without empirical calibration of response time, it is difficult to determine why
a clinician distrusts or abandons the system. Reluctance may reflect genuine
concerns—for instance, that the differential diagnosis failed to account for a
key symptom—or it may be partly driven by response time expectations alone.
Disentangling these factors is a prerequisite for meaningful interpretation of
adoption patterns.

CONCLUSION

This paper proposes a qualitative study examining how physicians
experience Human-Centric Al collaboration in rare neuromuscular disease
diagnosis. Building on the Fragiadakis et al. (2024) framework, we identify
ten collaboration quality metrics applicable to the examined system and
design a semi-structured interview study to uncover their context-specific
subdimensions.
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The preliminary metric assessment reveals that quantitative measurement
of Human-Centric collaboration quality is limited in this context—Dby system
architecture, by the clinical meaninglessness of raw indicators without
interpretive context, or by both. This finding has implications beyond the
present study: even at this early stage, it is clear that a domain-agnostic
framework requires contextual adaptation before its metrics can be applied
in clinical settings. The methodological approach—combining preliminary
quantitative assessment with qualitative exploration to develop measurable
indicators—may be useful in other HAIC contexts in healthcare.

The planned qualitative study aims to provide that grounding, laying the
foundation for future instrument development and psychometric validation.
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