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Abstract

Neurodegenerative diseases such as Parkinson's disease and Alzheimer's disease are placing a growing burden on
ageing societies, while traditional clinical screening still depends heavily on subjective expert evaluation and long
diagnostic pathways. Recent deep-learning models on resting-state functional MRI and other neuroimaging data
have improved discrimination accuracy, but their adoption in clinical practice remains limited because they offer
little insight into how a decision is reached, who is accountable when it is wrong, and how it should be combined
with the judgement of an experienced clinician. This article proposes a sociotechnical framework for trustworthy
Al in neurodegenerative disease screening that integrates three pillars — explainability, clinical accountability, and
human—AlI collaboration — and connects them into a single deployable workflow. We characterise faithful
explanation methods for graph-based brain-network models, including saliency, concept-based attribution,
subgraph rationale, and uncertainty quantification, and discuss the role of regulatory frameworks (FDA SaMD, EU
Al Act, NMPA) in defining audit trails, post-market surveillance, and liability allocation. We then formalise a
collaborative diagnostic workflow in which clinicians retain final authority while Al provides risk scores, calibrated
confidence, and structured rationale, and we describe a closed feedback loop that links clinical override events to
bias monitoring and model retraining. An empirical evaluation across four hospital cohorts (640 participants) shows
that the framework preserves screening performance (pooled AUROC 0.881) while improving clinician trust
calibration and reducing decision time. The findings suggest that trustworthy Al for neurodegenerative screening is
achievable only when explainability, accountability, and collaboration are designed jointly rather than treated as
independent technical add-ons.
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Trustworthy Al for Neurodegenerative Disease Screening: Explainability,
Clinical Accountability, and Human—AI Collaboration

1. Introduction

The diagnostic pathway for neurodegenerative diseases — Parkinson's disease (PD), Alzheimer's disease (AD), and related
disorders — has changed remarkably little despite a quarter-century of advances in neuroimaging and machine learning. A
typical patient sees a primary-care physician, is referred to a movement-disorder or memory clinic, and receives a clinical
diagnosis based on a structured interview and a small number of bedside tests, sometimes supplemented by structural MRI or
dopamine-transporter imaging [Postuma et al., 2015; Jack et al., 2018]. The process is slow, costly, and notoriously variable:
studies of community PD diagnosis report misclassification rates between 15% and 24% even among experienced neurologists
[Rizzo et al., 2016]. Earlier and more uniform identification of disease has both individual and societal value, because timely

intervention slows progression in symptomatic patients and offers entry into therapeutic trials [Postuma and Berg, 2019].

Deep learning on resting-state functional MRI (rs-fMRI) and graph-based representations of brain connectivity has reached
competitive discrimination accuracy on benchmark cohorts [Khosla et al., 2019; Bi et al., 2020]. Graph neural networks (GNNs)
operate naturally on the parcellated functional-connectivity matrices that neuroscience already uses to summarise rs-fMRI data,
and recent variational and contrastive variants further improve generalisation [Li et al., 2021; Kim et al., 2021]. Yet survey
after survey of clinicians and hospital administrators reaches the same conclusion: technical accuracy alone is not enough to
drive adoption [Asan et al., 2020; Tonekaboni et al., 2019]. Practitioners want to know which brain regions support a positive
screen, how confident the model is, what happens when its prediction conflicts with the clinician's, and who carries

responsibility if the system is wrong.

These concerns are not technical curiosities. They are the sociotechnical core of a class of Al systems whose outputs
intersect with patient autonomy, professional liability, and regulatory oversight [Mittelstadt et al., 2016; Char et al., 2018]. The
technical literature on explainable Al (XAI) has grown rapidly, but the bulk of it focuses on post-hoc attribution methods
evaluated in isolation against synthetic ground truth [Adadi and Berrada, 2018; Lundberg and Lee, 2017]. Less work has
examined how explanations function inside an actual clinical workflow — what they enable a clinician to do that they could
not do otherwise, how they shape trust calibration, and how they affect the documented chain of responsibility for a clinical
decision [Bansal et al., 2021; Cai et al., 2019].

This article frames trustworthy Al for neurodegenerative disease screening as a tightly coupled triad: explainability,
accountability, and human—AI collaboration. Our aim is not to introduce yet another model architecture, but to articulate the
design space within which such a model can be safely deployed. The remainder of the paper is structured as follows. Section 2
lays out the sociotechnical landscape and the current state of clinical Al adoption. Section 3 surveys explanation methods
relevant to graph-based brain-network models and their faithfulness criteria. Section 4 examines the regulatory and
accountability infrastructure. Section 5 formalises a collaborative diagnostic workflow. Section 6 reports an empirical
evaluation across four hospital cohorts. Section 7 discusses adoption barriers, and Section 8 concludes.

2. The Sociotechnical Landscape of Al-assisted Screening

Artificial intelligence is no longer a novelty in clinical imaging. Major regulatory bodies have cleared hundreds of Al-
enabled medical devices for tasks ranging from diabetic retinopathy detection to chest radiograph triage, and the cleared
inventory grows each quarter [Benjamens et al., 2020; Muehlematter et al., 2021]. Yet the route from clearance to bedside
adoption is still long and uneven. A multi-country survey of radiology departments found that the median delay between
regulatory approval and routine clinical use of an Al tool was nineteen months, with adoption rates below 30% even among
approved tools after three years [van Leeuwen et al., 2021]. Neurological screening is at an earlier stage than radiology, but it
inherits the same adoption barriers and adds two more: the longer timescales of disease progression and the larger downside
cost of false reassurance, since a missed neurodegenerative diagnosis defers therapeutic windows that may not open again.
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The sociotechnical view emphasises that an Al screening tool is never deployed in isolation. It interfaces with electronic
health records, clinical workflows, professional norms, regulatory frameworks, and patient expectations. Each of these
interfaces imposes constraints that no purely technical evaluation captures. Failures of past clinical-Al deployments — the IBM
Watson for Oncology case being the most widely discussed [Strickland, 2019] — were not failures of model accuracy in any
narrow sense; they were failures of integration, communication, and accountability. The lesson generalises: trustworthiness is
an emergent property of the joint system, not a checklist applied to a model artefact in isolation [Floridi et al., 2018].

Three concurrent shifts make this view particularly relevant for neurodegenerative screening. First, the underlying
technology has matured. Graph variational encoders, contrastive pre-training, and prototype learning are now plausible
candidates for clinical-grade brain-network analysis [Li et al., 2021; Kim et al., 2021]. Second, regulators have moved from a
hardware-style framework toward a software-as-a-medical-device (SaMD) paradigm that explicitly contemplates iterative
model updates and post-market monitoring [U.S. FDA, 2021]. Third, surveys of practising clinicians reveal an unmet demand
for explanation: in a multi-centre survey of 1,128 European clinicians, 78% reported that they would be willing to use Al as a
second-reader for screening decisions if the system supplied a structured explanation, while only 21% would use a black-box
system with comparable accuracy [Maassen et al., 2021]. Surveys of artificial-intelligence trends emphasise the same point
from a methodological angle: model interpretability is moving from a desirable property to a precondition for high-stakes
adoption [Lu, 2019; Zhang and Lu, 2021].

Together, these shifts define the design problem of this article. Explainability has to be faithful, actionable, and integrated;
accountability has to be documented, auditable, and aligned with the operative regulatory regime; and collaboration has to
preserve clinician authority while making the Al's contribution explicit. Figure 1 summarises the three pillars and the sub-
themes we develop in Sections 3 to 5.

Trus{tworthy Al for Clinical Screening

\\ Explainability J \\ Accountability J L C:{;’;;:ﬁ:;ﬁf)n J

Faithful saliency Audit trails Triage assistance
Concept-based Regulatory Trust calibration
attribution clearance
Subgraph rationale Lihility Disagreament
allocation resolution
Unce.r.talnlty Bias monitoring Feedback loops
quantification

Figure 1. Sociotechnical taxonomy of trustworthy Al in clinical screening, with three pillars — explainability,
accountability, and human—AI collaboration — and their constituent sub-themes.

Adopting this taxonomy as a working frame, we now turn to the technical and procedural details that populate each pillar.
The technical literature on each pillar is large, and our coverage is necessarily selective; we concentrate on the elements that
have direct bearing on neurodegenerative-disease screening with brain-network models, and we cross-reference broader
treatments where appropriate.

It is worth pausing on what "trust" means in this clinical context, because the term is often used with a looseness that
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obscures design choices. Following the human-factors literature, we treat trust as a calibrated probability that the Al's output
is correct, conditional on the available evidence and the clinician's prior expectations [Asan et al., 2020; Goddard et al., 2014].
Calibration is the operative criterion. A well-calibrated trust relationship is one in which the clinician relies more heavily on
the Al when it is in fact more likely to be right, and discounts it when it is not. Over-trust and under-trust are both failures of
calibration. Over-trust manifests as automation bias and produces errors where the Al is wrong but the clinician defers; under-
trust produces errors where the Al is right but is rejected. The design problem is to provide the clinician with the cues —
explanation, uncertainty, audit history — that support better calibration without imposing prohibitive cognitive cost. Section 6

will return to this point with quantitative evidence.

3. Explainability for Brain-Network-Based Screening

3.1 Faithfulness as the central criterion

The most consequential property of a clinical explanation is faithfulness — the requirement that the explanation accurately
reflect the model's actual decision process [Jacovi and Goldberg, 2020; Doshi-Velez and Kim, 2017]. A faithful explanation
supports a clinician in two ways: it lets the clinician verify that the model's reasoning is consistent with neurobiological
knowledge, and it lets the clinician detect cases where the model is right for the wrong reasons. Unfaithful explanations are
worse than no explanations, because they create the illusion of justification. Empirical work on saliency methods has
documented multiple failure modes — gradient saturation, edge-effect artefacts, and indifference to model parameters — that
can produce visually plausible but technically meaningless heatmaps [Adebayo et al., 2018].

For graph-based brain-network models, faithfulness has additional dimensions. The standard input is a functional-
connectivity matrix derived from a brain parcellation, with nodes corresponding to regions of interest (ROIs) and edges to
pairwise statistical dependence. A useful explanation can take the form of node importance, edge importance, or a connected
subgraph that accounts for the prediction. Each form makes a different commitment about the model's reasoning, and each
invites different verification protocols. Edge importance is most directly comparable to the connectivity literature [Kim et al.,
2021; Ying et al., 2019], while subgraph rationale connects more naturally to clinical concepts of network dysfunction [Li et
al., 2021].

Figure 2 shows an example edge-attribution heatmap from a graph variational encoder applied to a PD-versus-control
screening task on a sixteen-region functional parcellation. The block structure visible in the upper-left corner — high attribution
scores among basal-ganglia and thalamic ROIs — is consistent with established neurobiological knowledge of PD as a disorder
of the cortico-basal-ganglia-thalamo-cortical loop [Postuma et al., 2015]. The corresponding cortical block (lower-right) shows
weaker but non-trivial attribution, consistent with reports of frontal and motor-cortical involvement in established PD [Filippi
et al., 2019]. The cross-block attribution is weakest, indicating that the model relied predominantly on within-system
connectivity. Such patterns are useful precisely because they are checkable: a clinician or neuroanatomist can compare them

with prior expectations and flag deviations for closer inspection.
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Figure 2. Edge-attribution heatmap for a Parkinson's-disease screening model on a 16-ROI functional parcellation. Darker
cells indicate higher attribution scores; the dashed lines separate the basal-ganglia / thalamic block (top-left) from the cortical
block (bottom-right).

3.2 Methods relevant to graph models

Four families of explanation methods are relevant to graph-based screening models. The first family is gradient-based
saliency, including integrated gradients and SmoothGrad, adapted to graph inputs [Lundberg and Lee, 2017; Sundararajan et
al., 2017]. These methods are easy to implement and computationally cheap, but they are sensitive to noise and can be unstable
across reasonable perturbations of the input. The second family is perturbation-based attribution, where the contribution of
each edge or node is estimated by masking it and observing the change in the model's output. Perturbation methods give faithful
attributions in a narrow technical sense — they directly measure counterfactual contribution — but their cost grows quickly
with input size, and they can produce attributions that depend strongly on the perturbation distribution [Hooker et al., 2019].

The third family is concept-based attribution. Rather than asking which input feature mattered, concept methods ask which
higher-level concepts (e.g., "basal-ganglia connectivity", "default-mode network integration") were activated in the model's
hidden representation, and how those concepts relate to the decision [Kim et al., 2018; Koh et al., 2020]. For brain-network
models, concept methods are particularly attractive because the concepts can be defined to match the diagnostic vocabulary
that clinicians already use. The fourth family is subgraph rationale, which extracts a small connected subgraph of the input
network as the explanation [Ying et al., 2019; Luo et al., 2020]. Subgraph rationale is informationally rich but harder to evaluate,
since it imposes structural constraints (connectedness, sparsity) that interact with faithfulness in non-trivial ways.

A practical screening system rarely relies on a single method. Combining edge attribution with concept-based explanation
and uncertainty quantification typically gives a more complete picture than any of the three alone. Importantly, the combination
is also easier to falsify: a clinician can verify that the high-attribution edges fall within the activated concepts, and that the
model's confidence is appropriately low in cases where attributions are diffuse. Falsifiability of this kind is the operational

counterpart of faithfulness in deployment.

An additional consideration concerns the temporal structure of the explanation. A static heatmap captures the model's
decision at one moment, but a clinician often wants to understand how the same patient's brain network has changed over time,
or how confidently the model would track that change in a longitudinal follow-up. Methods that produce sequence-level rather

than snapshot-level explanations are still in their infancy [Kim et al., 2021]; nevertheless, even crude trajectory views — for
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example, side-by-side attribution maps from baseline and twelve-month scans — substantially raise the clinical value of the
explanation. In deployments where longitudinal scanning is part of the standard workflow, the explanation pipeline should
anticipate this requirement rather than treating each scan as independent. Practical implementations have shown that even a
simple difference map between consecutive scans can flag drift in the dominant attribution pattern in roughly 18% of follow-
up cases — a small but clinically meaningful signal that single-snapshot explanations cannot deliver.

Faithfulness has limits. No explanation method can recover information that the model never used, and no explanation can
substitute for inadequate training data. If the screening model has learned shortcuts — scanner-specific artefacts, demographic
proxies, or labelling biases — a faithful explanation will reveal the shortcuts but cannot remove them [Adebayo et al., 2018;
Obermeyer et al., 2019]. The corollary is that explanation methods belong to a layered defense: they are necessary for clinical
use, but they are not sufficient on their own. The data-quality and bias-monitoring components covered in Section 4 must
operate in parallel.

3.3 Uncertainty as part of explanation

An important but often overlooked dimension of explanation is uncertainty quantification. A risk score without an
associated confidence interval is a poor input to clinical reasoning, especially when the consequences of a false positive (referral
for unnecessary specialist work-up) and a false negative (missed early-stage diagnosis) are both significant. Methods for
uncertainty estimation in neural networks include Monte Carlo dropout, deep ensembles, and probabilistic last-layer approaches
[Lakshminarayanan et al., 2017; Gal and Ghahramani, 2016]. For variational graph encoders, the latent posterior provides a
natural uncertainty signal, although care must be taken to distinguish epistemic from aleatoric components [Kendall and Gal,
2017]. In our deployment, calibrated 90% prediction intervals are reported alongside the point risk score, and the explanation
panel adapts its content to the width of the interval — for narrow intervals, the dominant attributions are highlighted; for wide

intervals, the panel emphasises the cases where the model is hesitant and recommends additional clinical inputs.

4. Clinical Accountability and Regulatory Frameworks

Trustworthy Al cannot be reduced to its technical artefacts. A model can be highly accurate and well-explained yet remain
unsafe to deploy if the surrounding governance does not specify who is responsible for what when something goes wrong.
Clinical accountability has at least four components: (i) a documented audit trail of inputs, model versions, outputs, and
clinician actions; (ii) a clear regulatory clearance pathway and post-market surveillance plan; (iii) an explicit allocation of
liability between the Al developer, the deploying institution, and the clinician; and (iv) ongoing monitoring of bias, drift, and
outcome equity [Reddy et al., 2020; Larson et al., 2020; Cohen et al., 2014].

Regulatory frameworks have evolved substantially in the past five years, driven by the realisation that machine-learning
systems are not static medical devices. The U.S. Food and Drug Administration (FDA) has moved toward a Software-as-a-
Medical-Device (SaMD) paradigm with a Pre-Determined Change Control Plan that explicitly contemplates iterative model
updates [U.S. FDA, 2021]. The European Union's Al Act classifies medical-device Al as high-risk and imposes obligations
including data-quality documentation, human-oversight provisions, and transparency requirements [European Commission,
2021]. China's National Medical Products Administration (NMPA) has issued specific guidelines for deep-learning-based
clinical decision support, including pre-market clinical evaluation, post-market re-evaluation, and a registration framework that
treats algorithmic updates as substantive product modifications [NMPA, 2022]. The World Health Organization has published
cross-cutting principles for Al in health that emphasise inclusiveness, sustainability, and the protection of human autonomy
[WHO, 2021]. Table 1 summarises the principal points of comparison.

Table 1. Comparison of regulatory frameworks for Al-enabled clinical decision support relevant to neurodegenerative
disease screening.

Framework Risk classification Update governance Explanation requirement

FDA SaMD (USA) Risk-based by intended use Pre-Determined Change Encouraged; required for
and patient impact Control Plan; periodic high-risk devices
submission
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EU AI Act (EU) High-risk for medical- Post-market monitoring Mandatory transparency to
device Al with conformity deployers and patients
reassessment
NMPA Al guidelines Class II / III by clinical Substantive change re- Mandatory algorithmic
(China) impact registration disclosure for class III
WHO Al ethics (global) Principle-based, non- Continuous responsiveness Required as part of human-
binding recommended oversight principle

An audit trail is the operational backbone of accountability. In our deployment, every screening event is logged together
with the model version, the input data hash, the output risk score and confidence interval, the explanation artefacts (edge
attributions, activated concepts, subgraph rationale), the clinician's review action (confirm, override, or flag for second opinion),
and the eventual diagnostic outcome. The log is integrated into the institutional electronic health record (EHR) with appropriate
access controls and is retained for at least the maximum statute-of-limitations period for medical malpractice in the operating
jurisdiction [Cohen et al., 2014]. The integration with the EHR is non-trivial: it requires a controlled vocabulary that bridges
the model's internal representation and standard medical coding (ICD, SNOMED CT, RxNorm), and it requires a clear protocol
for capturing override events with sufficient context [Larson et al., 2020].

Liability allocation is the most contested component of accountability. Existing frameworks span a spectrum from product-
liability models (the developer bears strict liability for defects) to professional-negligence models (the clinician bears the duty
of care, including the duty to evaluate Al outputs critically) [Price et al., 2019; Sullivan and Schweikart, 2019]. In practice,
neither extreme is workable. Strict developer liability deters innovation and may force developers to over-claim limitations to
escape responsibility; pure clinician liability is unrealistic given that clinicians cannot independently audit complex models. A
shared-responsibility framework, in which the developer is responsible for systematic technical defects and the clinician is
responsible for case-level judgement, is emerging as the most workable compromise [Char et al., 2018; Cohen et al., 2014].
The shared model only works when the audit trail is sufficient to reconstruct after the fact what each party knew and did, which

in turn places stringent requirements on logging quality.

Bias and outcome-equity monitoring are emerging as integral to accountability rather than as discretionary ethics overlays.
Neurodegenerative-disease cohorts have historically over-represented well-educated white European-American participants,
and models trained on such cohorts can show large performance gaps on under-represented populations [Obermeyer et al.,
2019; Chen et al., 2021]. Continuous monitoring of performance stratified by age, sex, ethnicity, education, and clinical site is
therefore part of the post-market surveillance loop, not a separate ethics process.

Data-governance considerations link accountability to the broader question of who controls the inputs that drive the model.
A trustworthy screening system cannot be evaluated independently of the data infrastructure on which it sits. In our deployment
we adopted a two-tier governance model: tier one specifies what data the model receives at inference time and what it is allowed
to log, and tier two specifies how aggregate data are shared back to the developer for retraining. The two tiers are decoupled
deliberately because they raise different ethical concerns. Tier one is principally about consent and minimisation — the model
should not receive personally identifying information that it does not need, and it should not log inputs longer than the audit
purpose requires. Tier two is principally about benefit-sharing and transparency: aggregated data are an asset, and the
institutions that contribute them have a legitimate claim on the improvements that result [Reddy et al., 2020; Chen et al., 2021].
Decoupling the tiers allowed us to negotiate them separately with the participating hospitals, which significantly accelerated

the deployment timeline.

5. Human—AlI Collaborative Workflows

Human—AI collaboration is the third pillar and the one that most clearly determines whether a technically capable,
regulatorily compliant system actually delivers benefit at the bedside. The goal is not to replace clinician judgement but to
augment it, while preserving final clinical authority and minimising automation bias [Bansal et al., 2021; Goddard et al., 2014].
A poorly designed collaborative system can be worse than no Al: it can lead clinicians to over-trust salient but spurious patterns
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or, conversely, to develop alert-fatigue and dismiss correct Al outputs.

Figure 3 visualises the workflow we have implemented. The patient's rs-fMRI and clinical metadata are processed by the
Al screening model, which emits a risk score with confidence interval and a structured explanation artefact. The clinician
reviews these alongside conventional clinical inputs and either confirms or overrides the Al's recommendation, generating a
joint decision. Every step is logged into the audit trail, which feeds bias monitoring, an outcome registry, and the periodic-
retraining pipeline. The feedback loop closes through a monitored update mechanism: the model is retrained on aggregated

outcome data subject to versioning and clearance constraints [U.S. FDA, 2021].

Risk score + CI

/

Patient Al screening model/

fMRI / clinical dalr (graph encoder) Clinician review

~ e Saliency / subgraph| i i

Joint decision

< 5= -

Audit log
(EHR + Al trace)

Model update

Bias / drift monitor QOutcome registry (periodic retratning)

Figure 3. Human—AlI collaborative diagnostic workflow with explicit accountability infrastructure. Solid arrows indicate the
primary diagnostic flow; dashed arrows indicate the closed-loop monitored update pathway.

Three design choices in this workflow merit emphasis. First, the Al never communicates a binary "diagnose / do not
diagnose" output. It communicates a calibrated risk and a confidence interval, leaving the categorical decision to the clinician.
Second, every override is captured as a structured event, with a free-text rationale field plus a small set of structured override
reasons (e.g., "clinical context not captured by the model", "image-quality artefact", "patient context conflicts with attribution
pattern"). These structured overrides are the richest single source of information for model improvement [Bansal et al., 2021;
Cai et al., 2019]. Third, the workflow explicitly separates the screening decision from the downstream specialist referral. A
positive screen does not auto-route the patient; it triggers a clinician-owned referral conversation, which in turn protects against
the well-documented automation cascade in which a single Al recommendation begins to shape every subsequent clinical step
[Goddard et al., 2014].

Roles and responsibilities in the collaborative workflow are summarised in Table 2. The role specification is more granular
than typical clinical-Al deployments because trustworthy operation requires that each actor know what to expect from the
others — and what is not their responsibility. The developer team, for instance, is not responsible for case-level decisions; the
clinician is not responsible for the algorithmic monitoring of bias and drift. Such role clarity is itself a precondition for
accountability.

Table 2. Role specification for the collaborative neurodegenerative-screening workflow.

Actor ____________Primary responsibility __Tools / inputs Documented action

Patient Informed consent and Plain-language summary, Signed consent record
history opt-out option
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Clinician (screener) Final diagnostic decision  Risk score + CI, Confirm / override +
explanation, EHR rationale

Clinician (specialist) Confirmatory work-up if ~ Referral note + Al artefacts Specialist diagnosis record
positive

Hospital governance Local validation, staff Quality-assurance Annual model-deployment
training dashboard review

Developer Model maintenance, bias  Outcome registry, drift Versioned release notes
audit monitor

Regulator Pre-market clearance, post- Aggregated performance  Clearance / market action
market surveillance reports

User-interface design plays a quiet but decisive role. Empirical studies of clinical-Al interfaces show that the placement of
the Al output relative to the conventional clinical workflow strongly affects automation bias [Goddard et al., 2014]. If the Al
score is presented before the clinician has formed an independent impression, anchoring effects dominate and the clinician's
review degenerates into a rubber stamp. If the score is presented only after an independent impression is recorded, clinicians
use the Al more selectively but lose efficiency [Cai et al., 2019]. A two-stage interface — independent impression first, then
Al output and explanation, then final decision — has emerged as the consensus design choice in high-stakes settings, and is
the design we adopt. The explanation panel is collapsed by default and expandable on demand, ensuring that clinicians can
choose the level of engagement they wish to invest in any given case.

Beyond the screening interface itself, the surrounding training programme materially affects performance. Clinicians who
use the system without orientation tend to either over-trust it (if it is presented as a validated diagnostic tool) or under-trust it
(if it is presented as an experimental aid). A short training session that explains what the system can and cannot do, walks the
clinician through example explanations, and rehearses the override pathway has been shown elsewhere to substantially improve
calibration [Cai et al., 2019; Bansal et al., 2021]. We recommend that every deployment include at least a one-hour clinician
orientation, a brief refresher every six months, and a structured channel for clinicians to ask the developer team about cases
where they disagreed with the system. The last channel is sometimes treated as a courtesy; in our experience it has produced

more useful model-improvement signals than any other source, because it surfaces precisely the cases the model finds difficult.

6. Empirical Evidence: Multi-site Performance and Trust Calibration

We evaluated the integrated framework on a multi-site cohort of 640 participants (364 PD, 276 controls) drawn from four
hospitals in three Chinese provinces. The four sites differ in scanner manufacturer, MRI field strength (1.5 T at one site, 3 T at
three sites), referral pattern, and patient demographics. Each site provided rs-fMRI scans, structured clinical metadata, and
physician-confirmed diagnostic labels. The screening model is a graph variational encoder pre-trained with graph contrastive
learning on a separate 1,500-participant unlabelled cohort [Li et al., 2021; Kim et al., 2021]. Detailed methodological
description is omitted from the present paper, which focuses on the sociotechnical evaluation; technical details are available in
a companion technical report.

Figure 4 shows the per-site and pooled performance metrics. The model's discrimination performance is consistent across
sites within a 5-percentage-point band on AUROC. Site C and Site D, with smaller cohorts and a higher proportion of older
patients with co-morbidities, show somewhat reduced sensitivity, highlighting the value of stratified post-market monitoring.
The pooled AUROC of 0.881 places the system within the range reported for state-of-the-art research models on comparable
cohorts [Bi et al., 2020; Khosla et al., 2019], confirming that the trustworthy-Al overlay does not impose a substantial accuracy
penalty.
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Figure 4. Per-site and pooled discrimination performance of the multi-site evaluation cohort. Hatching distinguishes
AUROQC, sensitivity, and specificity. Smaller sites (C, D) show reduced sensitivity, motivating stratified post-market
monitoring.

The performance evaluation is necessary but not sufficient. The harder question is whether the trustworthy overlay actually
changes clinician behaviour and decision quality. We addressed this by recruiting 18 neurologists (mean clinical experience
8.6 years) to evaluate a held-out subset of 120 cases under three conditions: no Al assistance, Al assistance with risk score only,
and Al assistance with the full explanation panel including edge attribution, activated concepts, and uncertainty interval. The
order of conditions was randomised across reviewers; each clinician evaluated each case under each of the three conditions

with at least four weeks between sessions to mitigate carry-over effects.

Table 3 reports the principal outcomes. Diagnostic accuracy improves substantially with Al assistance, from 79.4% under
no-Al conditions to 84.6% under score-only assistance and to 88.3% under full-explanation assistance. The improvement from
score-only to full-explanation conditions, although smaller in absolute terms, is statistically significant (paired comparison, p
< 0.01) and is concentrated on the subset of cases for which the model output disagreed with the clinician's initial impression
— exactly the cases for which a structured rationale is most informative. Decision time decreases from a median of 6.2 minutes
(no Al) to 5.1 minutes (score only) and to 3.4 minutes (full explanation), suggesting that, contrary to the common worry that
explanations slow clinicians down, well-designed structured explanations actually accelerate the decision by reducing the
cognitive cost of generating a rationale from scratch.

Table 3. Outcomes of the clinician-in-the-loop evaluation across three assistance conditions (n = 18 clinicians, 120 held-out
cases).

Outcome _________NoAl ___________ Scoreonly ________Full explanation

Diagnostic accuracy (%)  79.4 84.6 88.3
Median decision time (min) 6.2 5.1 34
Override rate (%) — 12.8 9.7
Override appropriateness — 61.2 78.5
(%)

Trust calibration ECE — 0.187 0.092
Self-reported confidence (1- 3.4 3.7 4.1
5)

Trust calibration, summarised by the expected calibration error (ECE) of clinician agreement against Al confidence,
improves from 0.187 in the score-only condition to 0.092 in the full-explanation condition. Figure 5(a) plots the corresponding
agreement-versus-confidence curves: under the score-only condition the curve lies systematically below the ideal 45-degree

line, indicating that clinicians under-trusted the model when it was actually correct; under the full-explanation condition the
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curve closely tracks the ideal line. Figure 5(b) shows the decision-time distribution, confirming the median-level result and
highlighting that the long-tail of slow decisions also shrinks substantially under full explanation.
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Figure 5. Trust calibration and decision-time distribution across the three assistance conditions. (a) Clinician agreement rate
versus Al confidence; the dotted line indicates ideal calibration. (b) Decision-time distribution histograms.

Override behaviour is informative beyond the headline accuracy figure. Override rate (the proportion of Al
recommendations that the clinician disagrees with) is similar between the score-only and full-explanation conditions, but the
appropriateness of overrides — defined as the proportion of overrides that move the decision in the direction of the eventual
confirmed diagnosis — is substantially higher with full explanation (78.5% vs 61.2%). In other words, the explanation panel
does not reduce disagreement; it improves the quality of disagreement. Clinicians who override the Al in the full-explanation
condition do so for clinically defensible reasons more often than in the score-only condition. This is exactly the behaviour the

workflow was designed to encourage.

Three further analyses help interpret the headline numbers. First, when we stratified the held-out cases by Al confidence,
the gain from full explanation over score-only was concentrated in the medium-confidence band (model output between 0.55
and 0.85). On high-confidence cases, both conditions performed similarly because the Al's output was rarely contested; on low-
confidence cases, both conditions deferred heavily to the clinician. The medium band — where the Al is uncertain enough to
warrant clinical scrutiny but confident enough to be informative — is precisely the region in which a structured rationale earns
its keep [Tonekaboni et al., 2019; Bansal et al., 2021]. Second, when we stratified by clinical experience, junior clinicians
(under five years of practice) gained more from the explanation panel than senior clinicians, while senior clinicians gained
more from a higher number of structured override reasons. The implication is that interface elements should be tuned by user
role rather than presented uniformly. Third, the override-appropriateness improvement was robust to the exclusion of the most
difficult 10% of cases, suggesting that the gain reflects a genuine improvement in reasoning rather than the resolution of a
small set of high-impact cases.

We also examined the reliability of the Al's explanations across repeated scans of the same patient. Test-retest
reproducibility of the dominant attribution patterns was assessed in a sub-sample of 78 patients who underwent two scans
within a four-week window with no clinical change in between. The Jaccard similarity of the top-decile edge attributions
averaged 0.71 across the cohort, with no systematic site effect. This level of reproducibility is comparable to the test-retest
reliability of standard rs-fMRI connectivity metrics themselves, suggesting that the explanation pipeline does not introduce
instability beyond what is intrinsic to the imaging modality [Khosla et al., 2019]. Reproducibility of explanations is a
precondition for clinical adoption, and we recommend reporting it routinely as part of post-market surveillance.

7. Discussion: From Performance to Adoption
The empirical findings reinforce a point that has become increasingly clear in the broader clinical-Al literature: the value
of an Al screening system at the bedside is determined less by its raw accuracy than by the integration design that surrounds it
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[Bansal et al., 2021; Char et al., 2018; Asan et al., 2020]. Three implications deserve emphasis.

First, explainability and accountability cannot be retrofitted. Designs that bolt explanations onto a fully trained model, or
that bolt audit trails onto a deployed system, tend to produce explanations that are decoupled from the model's actual reasoning
and audit trails that capture the wrong information at the wrong granularity. The framework presented here treats explanation
outputs and audit hooks as first-class elements of the system architecture, generated synchronously with the screening output.
The resulting tighter coupling has practical costs — modest computational overhead, additional integration work — but the

evaluation results suggest the costs are well repaid in trust calibration and decision quality [Tonekaboni et al., 2019].

Second, regulatory frameworks across jurisdictions are converging on a few core principles even as they diverge in detail.
Pre-market clinical evaluation, controlled iterative updates, post-market surveillance, and human-oversight requirements
appear in some form across the FDA SaMD framework, the EU Al Act, the NMPA Al guidelines, and the WHO Al ethics
principles. Developers who design for the conjunction of requirements, rather than the union, tend to produce systems that
travel more easily across deployment regions. This is consistent with broader industrial-Al trends in which interoperability and

standards alignment are emerging as competitive advantages [Lu, 2017].

Third, the human-AlI collaboration design challenge is more cognitive than algorithmic. The placement of the Al output in
the clinical workflow, the structure of the override interface, the default visibility of the explanation panel, and the temporal
ordering of independent and Al-assisted impressions all materially affect outcomes. None of these are determined by the model
architecture; all of them require deliberate decisions informed by ergonomics, cognitive psychology, and clinical workflow
analysis [Bansal et al., 2021; Cai et al., 2019; Goddard et al., 2014]. Clinical-Al development teams that include clinicians and
human-factors specialists from the outset are likelier to produce systems that earn adoption than teams that engage these

expertises late.

Several limitations of the present analysis warrant acknowledgement. The evaluation cohort, while multi-site, is restricted
to Chinese hospitals and may underestimate cross-jurisdictional adoption barriers. The evaluation focuses on PD screening
with rs-fMRI; comparable evaluations for AD with structural MRI or for prodromal-stage screening with multimodal data are
needed to establish how widely the framework generalises [Jack et al., 2018; Filippi et al., 2019]. The clinician-in-the-loop
study uses a moderate sample of reviewers; larger studies will be needed to estimate effect sizes precisely and to explore
subgroup heterogeneity (junior vs senior clinicians, generalists vs specialists). Finally, the framework's success in our
deployment relies on the institution-level commitment to maintain audit trails and post-market surveillance, a commitment that
not every healthcare provider will be equally able to make.

Adoption barriers also operate at the system level rather than within individual institutions. Reimbursement structures in
many jurisdictions still treat Al-assisted screening as an unbundled service, which discourages the upfront investment needed
for explainability and audit infrastructure. Procurement processes in public hospitals routinely select on the lowest unit cost,
undervaluing the long-tail operational benefits that a trustworthy system delivers in fewer override mistakes and faster decisions.
Professional-society guidelines, while moving in the right direction, have so far focused more on performance benchmarks
than on integration design. None of these barriers is insurmountable, but together they explain why technical readiness has
consistently outpaced clinical adoption in this domain. Surveys of wider Al deployment in industry report a similar pattern in
which integration design lags behind algorithmic capability [Lu, 2017; Lu, 2019]. Trustworthy-AI work in neurodegenerative
screening therefore needs allies in health-system management and policy, not only in clinical leadership.

8. Conclusion

This article has argued that trustworthy Al for neurodegenerative-disease screening is a sociotechnical construct rather than
a technical artefact, and that its three pillars — explainability, accountability, and human—AlI collaboration — must be designed
jointly. We surveyed faithfulness-oriented explanation methods relevant to graph-based brain-network models, examined the
converging regulatory landscape and the shared-responsibility architecture of clinical accountability, and presented a

collaborative diagnostic workflow with an explicit closed-loop monitoring infrastructure.
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The empirical evaluation across four hospital cohorts confirms that the framework preserves screening accuracy while
measurably improving clinician trust calibration, decision quality, and decision time. Crucially, the gains are concentrated in
cases of human-Al disagreement, the cases where a sociotechnical framework is most needed and where a black-box system
would be least helpful. Future work will extend the framework to AD and prodromal screening, integrate longitudinal patient-
reported outcomes, and develop adaptive explanation strategies that tailor their level of detail to the individual clinician and
the specific case. Trustworthy Al in neurodegenerative screening is not a destination but a continuous practice — one that asks
developers, clinicians, regulators, and patients to share responsibility for the joint system they build.

Looking ahead, the most consequential research directions are likely to be those that connect explainability and
accountability to specific clinical decisions rather than to the model in the abstract. An explanation that is faithful but irrelevant
to the question the clinician is asking carries little weight in practice. An audit trail that is complete but unintelligible to the
regulator who will eventually review it offers little protection. The next generation of trustworthy clinical-Al systems will be
evaluated on how well they support specific decisions in specific contexts — not on aggregate benchmarks or generic
interpretability scores. Building the evaluation infrastructure to support such context-specific assessment is itself a substantial
research programme, and one that will require sustained collaboration across the technical, clinical, regulatory, and patient
communities.
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