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Abstract

Artificial intelligence (Al) is rapidly reshaping biomedical research and clinical
practice, yet many models that perform well on benchmarks fail to deliver
mechanistic insight, robust generalization, or measurable clinical value. This review
presents a disease-agnostic roadmap for trustworthy Al in disease pathogenesis and
precision medicine across multi-omics, medical imaging, digital pathology, electronic
health records, and longitudinal real-world data. We organize the evolving model
landscape from classical machine learning to deep learning, self-supervised and
foundation models, graph and knowledge-guided learning, multimodal fusion, and
generative approaches, while emphasizing how methodological choices interact with
data provenance, endpoint validity, label design, and clinically meaningful evaluation.
To bridge prediction and biology, we synthesize interpretation strategies and propose
an evidence ladder that distinguishes association from robustness, biological
coherence, causal support, perturbation evidence, and clinical utility. We further
distill practical principles for reliable evaluation and deployment, including leakage
control, external and temporal validation, calibration, decision-curve-informed
thresholding, subgroup reporting, uncertainty communication, and post-deployment
monitoring. By linking technical advances to evidence standards and lifecycle
governance, this review provides a reusable framework for converting Al-derived
signals into testable mechanisms and clinically actionable precision medicine.
Keywords: Artificial intelligence; Causal inference; Generalization; Interpretability;

Precision medicine
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Introduction

Artificial intelligence (Al) is now used across much of biomedicine, from analyzing
molecular profiles to interpreting medical images and extracting signals from
electronic health records (1). These tools promise to support two closely related goals:
improving patient-level prediction (diagnosis, prognosis, treatment response) and
advancing biological understanding of why disease develops and progresses (2). In
practice, however, strong performance in a single dataset often does not translate into
robust clinical utility or credible mechanistic insight (3). This gap matters because
precision medicine is inherently comparative and context-dependent—models must
work across institutions, populations, and time, and the claims they motivate should
be testable and meaningful beyond the dataset in which they were trained (4).

A central reason is that biomedical data are heterogeneous and shaped by how they
are collected (5). Sequencing platforms, imaging scanners, pathology staining, clinical
documentation, and treatment pathways all imprint structure on the data (6). If a
model captures those patterns rather than disease biology, it can appear accurate while
failing when the setting changes (7). Even when discrimination is high, probabilities
may be poorly calibrated, thresholds for action may be unclear, and subgroup
performance can differ in ways that are clinically important (8). For work that aims to
inform pathogenesis, the bar is higher still: associations highlighted by a model need
to be stable, biologically coherent, and supported by evidence that is less sensitive to

confounding, measurement artifacts, and correlated proxies (9).
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For these reasons, “trustworthy AI” should be understood as an end-to-end property
rather than a single algorithmic feature (10). It depends on data provenance and
endpoint definition, careful evaluation that avoids leakage, explicit testing under
external and temporal validation, and an honest accounting of uncertainty and
limitations (11). It also requires interpretability that matches the scientific or clinical
question and, when claims move toward mechanism or treatment choice, methods that
connect prediction to causal reasoning and to verification through independent data or
perturbation evidence (12). Without this scaffolding, it is easy to produce models that
are impressive on paper but difficult to reproduce, hard to validate, and risky to
deploy (13).

This review takes a disease-agnostic approach because the same failure
modes—Ileakage, confounding, shortcut learning, poor calibration, and drift—recur
across conditions and data modalities. We organize the methodological landscape
from classical machine learning to deep learning, self-supervised and foundation
models, graph and knowledge-guided approaches, multimodal fusion, and generative
methods but keep the emphasis on the evidence chain that makes results reliable and
reusable. Our main contribution is an integrated framework that links data provenance,
endpoint definition, interpretation, causal reasoning, validation, and deployment
governance. Within this framework, the evidence ladder and the proposed
model-and-data-card concept help distinguish association, mechanistic plausibility,
and clinical utility. To provide a structured overview, we outline an end-to-end

roadmap spanning data integration, modeling paradigms, causal interpretation,
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validation, and deployment (Fig. 1).

Data foundations across diseases and modalities

Multi-omics, imaging/pathology, electronic health record (EHR)/text,
longitudinal and real-world data

A disease-agnostic Al framework starts with the recognition that biomedical “data”
are not a single object but a collection of measurement systems, each with its own
noise structure, missingness patterns, and biases. In multi-omics studies, inputs may
include germline variation, somatic alterations, transcriptomes, epigenomes,
proteomes, metabolomes, microbiomes, or derived pathway and cell-state scores (14).
These layers differ in dynamic range, technical artifacts, and biological
interpretability; for example, batch effects can dominate gene expression-based
signals, while sparse, high-dimensional mutation features can drive instability if not
handled carefully (15). A practical implication is that preprocessing
choices—normalization, batch correction, filtering, feature aggregation, and data
splitting—can change conclusions as much as model choice (16). For disease-agnostic
reviews, it is often more informative to emphasize how signals are constructed (raw
features versus biologically structured summaries) than to list specific assays (17).
Medical imaging and digital pathology introduce additional complexities because
models can exploit visual cues unrelated to disease biology (18). Scanner type,
reconstruction kernels, resolution, staining protocols, slide preparation, compression
artifacts, and even site-specific layout patterns can act as shortcuts (19). At the same

time, imaging and pathology offer advantages: spatial context, morphological
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phenotypes, and the possibility of weak supervision (e.g., slide-level labels) that can
scale (20). In pathology, multiple instance learning and tile-based pipelines are
common, which makes choices around tiling, color normalization, tissue masking, and
slide-level aggregation central to model validity (21). In radiology, harmonization and
sensitivity to acquisition protocols should be treated as first-order concerns rather than
afterthoughts (22).

EHR and clinical text data are attractive because they reflect real-world phenotypes
and care pathways, but they are also highly confounded by the healthcare system (9).
Codes, medications, labs, vitals, notes, and procedures are influenced by clinician
behavior, institutional practice patterns, reimbursement rules, and the availability of
tests (23). For many tasks, the strongest predictors can be proxies for clinical
suspicion or intensity of care rather than underlying disease status (9). This does not
make EHR-based prediction unusable, but it does change what a model’s features
mean and how generalization should be tested. Text adds further challenges: changes
in documentation templates over time, differences in language across sites, and
privacy constraints that limit sharing and replication.

Longitudinal and real-world data are increasingly important for precision medicine
because many clinically meaningful questions are time-dependent: disease trajectories,
treatment sequences, competing risks, and evolving definitions of response (24).
Longitudinal designs can reduce ambiguity about temporal ordering, but they also
make leakage and bias easier to introduce. A time stamp attached to every variable is

not sufficient if the underlying process generating the variable is itself influenced by
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earlier clinical decisions. Consequently, time-aware splitting, explicit modeling of
censoring, and careful definition of index times, prediction windows, and follow-up
windows are essential when claims extend beyond static prediction. Different
biomedical data modalities introduce distinct validity threats, ranging from batch
effects and leakage in omics to site signatures in imaging and temporal biases in
real-world data (Fig. 2).

Endpoint and label design (diagnosis, prognosis, response, and mechanistic
phenotypes)

In biomedical Al, endpoints and labels are often the limiting factors. Many studies
inherit labels from registries, pathology reports, billing codes, or clinician-assigned
outcomes because they are available at scale. However, label availability does not
guarantee label validity. Diagnosis labels can be noisy, heterogeneous across coding
systems, or reflect uncertainty in borderline cases (25). Prognostic endpoints such as
overall survival are objective but entangled with treatment access, comorbidities, and
follow-up patterns (26). Treatment response labels can be especially fragile: “response”
may depend on imaging schedules, measurement variability, line of therapy, and
clinician decisions to stop or switch treatment (27). When the label reflects a care
process, the model may learn the process rather than the biology (7).

A useful disease-agnostic distinction is between (i) labels intended for operational
prediction (e.g., short-term risk of an event within a defined window) and (i1) labels
intended to support mechanistic interpretation (e.g., pathway activity, cell-state

transitions, or resistance phenotypes) (28). For mechanistic goals, it is often preferable
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to define intermediate phenotypes that are closer to biology and less confounded by
care pathways—while acknowledging that such phenotypes can be harder to measure
and validate (29). For example, in multi-omics, mechanistic phenotypes might include
inferred pathway activation, immune states, or metabolic programs; in pathology, they
might include quantified morphological patterns that can be cross-checked by expert
review (30).

Label design should also align with the intended use. A model meant to support
clinical decisions must map outputs to an action, which requires a clear prediction
target, a time horizon, and a decision threshold (13). In contrast, a model meant to
nominate mechanisms or targets should be evaluated for robustness of the discovered
signals across cohorts and for biological coherence, not solely for discrimination (31).
Mixing these goals without stating which is primary leads to overstated claims. For
disease-agnostic work, being explicit about whether the endpoint is a clinical decision
target, a surrogate, or a mechanistic construct is one of the most effective ways to
improve clarity and credibility.

Data quality, bias, confounding, missingness, and harmonization

The most common threats to validity recur across modalities. Confounding arises
when variables associated with both the input features and the outcome are not
properly accounted for; in biomedicine, confounders can include age, sex, ancestry,
comorbidity, socioeconomic factors, tumor stage, and treatment intensity (32). In
omics, batch and center effects can masquerade as biological differences (33). In

imaging and pathology, acquisition and processing pipelines can embed site



221 signatures. In EHR, documentation and ordering practices create systematic

222  differences across clinicians and institutions (34).

223 Missingness is not merely a technical inconvenience; it often carries meaning (35).
224  Tests may be absent because a clinician judged them unnecessary, because of resource
225  limitations, or because a patient’s condition made measurement difficult. Such

226  informative missingness can be predictive, but it can also reduce transportability (36).
227  Strategies such as imputation, missingness indicators, and model architectures that
228  handle missing modalities can help, but they should be paired with sensitivity

229  analyses: performance should be checked in scenarios where missingness patterns
230  shift, and mechanistic conclusions should not hinge on variables that are missing for
231  reasons tied to care processes (37). In longitudinal settings, missing-data handling
232 must also be time-aware. Global-mean imputation or bidirectional imputation across
233 an entire time series can leak future information into earlier prediction states. Safer
234  approaches include forward filling only from prior observations, anchoring

235  missingness indicators to the prediction window, and fitting imputation models

236  strictly within the training-set time window before applying them unchanged to

237  validation or test data.

238  Harmonization can occur at multiple levels. At the feature level, one can standardize
239  units, normalize intensities, adjust batch effects, or apply domain adaptation (5). Ata
240  higher level, one can move from raw features to biologically structured

241  summaries—pathway scores, cell-type proportions, radiomic signatures designed to

242 be stable, or representation learning via self-supervision. Disease-agnostic guidance
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should stress that harmonization is not automatically beneficial: aggressive batch
correction can remove real biology, while insufficient correction can inflate spurious
associations. The safest approach is to treat harmonization as a hypothesis-driven step
and to evaluate its impact using external or temporal validation, not just internal
cross-validation.

Privacy-preserving learning and data governance

Large, diverse datasets are central to generalizable biomedical Al, yet privacy and
governance constraints often limit data sharing. This tension has motivated
privacy-preserving strategies such as federated learning, secure aggregation, and
related approaches that allow model training across sites without centralizing raw data
(38). These methods can broaden demographic and institutional diversity, but they do
not remove the need for rigorous validation; federated training can still suffer from
site-specific shortcuts and heterogeneity in data quality, labels, and workflows (39).
Moreover, governance decisions—who can access data, how consent is managed,
what can be shared, and how models are audited—shape which studies can be
reproduced and how claims can be verified.

For a review aimed at trustworthiness, the practical point is that governance should be
viewed as part of scientific rigor. Transparent reporting of data provenance, inclusion
and exclusion criteria, de-identification procedures, and permissible reuse is not
bureaucratic detail; it determines whether a model’s behavior can be independently
checked. When data cannot be shared, alternative mechanisms become more

important: sharing code, documenting preprocessing and splitting, releasing trained
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weights when appropriate, and providing detailed evaluation protocols that others can
apply to independent cohorts. In precision medicine contexts, governance also
intersects with accountability: models that influence decisions should have clear
versioning, audit trails, and monitoring plans, particularly when clinical practice
evolves.

Model taxonomy and emerging paradigms

Classical ML and survival modeling in biomedical prediction

In many biomedical studies, the most durable models are still classical ones.
Regularized regression and tree-based ensembles often remain competitive when
sample sizes are limited, when features are noisy, or when investigators intentionally
compress biology into stable summaries such as pathway scores, cell-type fractions,
or curated signatures (40). Their practical appeal is not only performance but also the
ability to audit inputs, understand failure modes, and establish credible baselines. In
precision medicine, time-to-event outcomes are common, so survival modeling is
frequently the appropriate starting point (41). Here, the key question is rarely which
algorithm is most fashionable; it is whether the modeling choices match the endpoint,
censoring structure, prediction horizon, and intended use of the prediction (42).
Survival prediction should not rely on a single static C-index alone. Time-dependent
AUC, Brier score, and calibration curves should be reported at clinically meaningful
horizons—for example, 1-year, 3-year, or disease-specific postoperative follow-up
points—especially when predictions may guide surveillance intensity, adjuvant

therapy, or patient stratification.
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From a review perspective, the recurring lesson is that classical methods tend to
succeed when the “data—endpoint—evaluation” triangle is well aligned. When reported
gains over baselines are modest, they are often explained by careful splitting, leakage
control, and external validation rather than model novelty (43). Conversely, many
headline performance claims evaporate once evaluation is tightened or once
transportability is tested (44). For mechanistic interpretation, classical models can be
preferable when the feature space is biologically structured because stability and
interpretability become more meaningful than raw discrimination.

Deep learning for images, pathology, and sequences

Deep learning has reshaped biomedical AI most visibly in imaging and pathology,
where the raw signal is high-dimensional and inherently spatial. The dominant story
here is not that deep networks “replace” classical models but that they enable
representation learning when handcrafted features are inadequate. At the same time,
imaging and pathology amplify the risk of shortcut learning: models can rely on
acquisition signatures, staining patterns, compression artifacts, or site-specific
workflows that correlate with labels in a given dataset but do not reflect disease
biology (7).

In pathology, whole-slide analysis has encouraged tile-based pipelines and multiple
instance learning because slide-level labels are common, while region-level
annotations are expensive (45). The conceptual contribution of this literature is the
shift toward weak supervision and scalable training, but the translational bottleneck

often lies in reproducibility across labs: tiling strategy, color normalization, and slide
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quality filters can materially change what the model learns (45). In radiology, similar
issues arise with scanner heterogeneity and protocol drift. For sequence-based tasks,
deep learning provides powerful embeddings and pattern discovery, but the same
caution applies: if labels encode measurement or ascertainment processes, deep
models may learn those processes rather than the biology of interest (46).
Self-supervised learning and foundation models

Self-supervised learning addresses a structural constraint in biomedicine: labeled data
are scarce, while unlabeled archives are large. The practical promise is improved
feature representations that transfer to many downstream tasks with fewer annotations
(46). Foundation models extend this idea by scaling pretraining, often with the goal of
producing modality-specific encoders that can be fine-tuned across diseases and tasks;
large-scale pretrained models have been reported for ophthalmic imaging and for
pathology-scale WSIs (47, 48). In a disease-agnostic review, these developments
matter less as a list of architectures and more as a change in workflow: representation
learning becomes a shared substrate, and task-specific modeling becomes
comparatively lighter.

However, the translational question shifts rather than disappears. Pretraining can
improve average performance and reduce the need for large labeled cohorts, but it can
also propagate biases from the pretraining corpus, obscure interpretability, and
encourage overconfidence in generalization (49). A common pattern is strong
within-domain transfer but weaker cross-institutional robustness than expected. For

trustworthy use, foundation models should therefore be evaluated as one would
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evaluate any candidate clinical model—under external and temporal validation, with
calibration checks and subgroup reporting—rather than treated as inherently
generalizable.

Graph learning and knowledge-guided Al

Graph-based learning and knowledge-guided modeling represent a recurrent ambition
in biomedical Al: to encode biological structure so that models are less likely to chase
spurious associations and more likely to produce interpretable, testable hypotheses.
Networks—gene regulation, protein interactions, pathways, and cell—cell
communication—provide an appealing scaffold, and graph neural networks offer a
principled mechanism for exploiting it. Even when graphs do not improve headline
metrics, they can improve scientific usability by organizing features into coherent
biological modules and by supporting interpretation at the pathway or network level
rather than at the level of individual variables (50).

The limitation is that biological knowledge is incomplete, biased toward well-studied
components, and context-dependent. Highly studied genes such as 7P53, EGFR, or
MYC often occupy densely connected positions in protein-interaction and pathway
databases, whereas rare-disease genes, non-hotspot targets, and context-specific
regulators may be represented by sparse or uncertain edges. Graph construction
choices can therefore dominate results, and claims can become circular if known
biology is used both to build the model and to validate its outputs. More persuasive
applications use knowledge as an inductive bias while still requiring independent

validation: degree normalization, edge-confidence weighting, sensitivity analyses
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with alternative network sources, masking or down-weighting hub nodes during
robustness testing, and checking whether conclusions remain stable when high-degree
canonical nodes are removed.

Multimodal fusion and missing-modality robustness

Many clinically meaningful questions cannot be answered well by a single modality.
Molecular assays capture pathway activity, pathology captures tissue architecture,
imaging captures spatial phenotypes at the organ scale, and EHR captures
comorbidity and treatment trajectories. Multimodal learning aims to integrate these
perspectives, either to boost prediction or to triangulate biologically meaningful states.
The key theme across this literature is that fusion is not purely a technical choice; it is
a statement about what information is complementary, how modality-specific noise is
handled, and how the model should behave when inputs are missing or discordant.
Fusion strategies differ in their interpretive implications. Early fusion is simple and
efficient but vulnerable to scale imbalance, missing modalities, and dominance by
high-dimensional inputs. Late fusion is practical when some modalities are
unavailable, although it may miss nonlinear cross-modal interactions. Intermediate
fusion, including attention-based or contrastive architectures, can learn shared
representations and cross-modal dependencies and may therefore be better suited for
exploring complex pathogenic mechanisms (51, 52). However, attention weights or
shared embeddings are not mechanistic evidence by themselves; they require
cohort-level stability, biological coherence, and orthogonal validation.

Generative Al: Opportunities and pitfalls for biomedicine



375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

Generative approaches are being adopted for augmentation, imputation, denoising,
representation learning, and clinical-text workflows. For a review centered on
trustworthiness, their value is best framed in terms of where they can legitimately
support the pipeline rather than where they can replace evidence. Synthetic
augmentation can help when classes are rare, imputation can reduce the missing-data
burden, and generative pretraining can produce useful embeddings. However, each of
these uses carries risks: synthetic data can amplify bias, imputation can create illusory
certainty, and generated outputs can be mistaken for validated findings (53, 54). Large
language models add further concerns in biomedical and clinical-text settings,
including hallucination, lack of traceability, prompt sensitivity, version drift, and
summaries that omit uncertainty or overstate conclusions. Reviews of synthetic data
generation in healthcare also stress the need to evaluate utility, bias, and privacy
rather than assuming that synthetic data are automatically safe or valid (55).

The most consistent message emerging from this space is that generative Al should be
treated as hypothesis- and workflow-supporting technology, not as a substitute for
validation. When generative models affect scientific or clinical conclusions, they must
be evaluated under the same standards as predictive models: external validity,
calibration where relevant, sensitivity to shift, and transparency about how generated
content was used. In precision medicine, where decisions have consequences, the
burden is to show that generative components improve reliability rather than merely
improving internal metrics (Fig. 3).

From prediction to mechanism: Interpretability and causal reasoning
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Interpretability levels and how to judge explanations

Interpretability is not a cosmetic add-on in biomedical Al It plays different roles
depending on the aim. For operational prediction, explanations mainly support trust,
debugging, and safe use. For mechanistic work, explanations are part of the evidence
because they guide biological claims and downstream validation. These two settings
place different demands on what counts as a “good” explanation, and treating them as
the same is a common source of overstatement (56).

A practical way to evaluate explanations is to focus on behavior rather than on the
specific method used. Reliable explanations tend to be stable under reasonable
changes in data splits and preprocessing, and they remain recognizable when tested in
independent cohorts (57). They also tend to be specific in the sense that highlighted
signals map to plausible biology rather than to known technical sources of variation
such as batch, site, or processing artifacts (7). Finally, they are useful when they
produce hypotheses that can be checked with independent data or perturbation
evidence rather than remaining purely descriptive (58). In many studies, these checks
are more informative than choosing one attribution algorithm over another (59).
Global and local explanations should also be kept conceptually separate. Global
explanations summarize model reliance at the population level, while local
explanations attempt to justify a single prediction. Both can be useful, but they answer
different questions and can disagree without either being wrong (60). In
disease-agnostic settings, global explanations often align better with

mechanism-oriented narratives because they can be compared across cohorts and
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linked to biological programs. Local explanations are often more helpful for error
analysis, identifying atypical cases, and understanding when a model is extrapolating
beyond the data (61). Discordance between global and local explanations should be
treated as a diagnostic signal rather than an immediate failure. When local attributions
such as SHAP values conflict with global feature-importance rankings, researchers
can stratify cases into clinically or molecularly similar subgroups, evaluate
feature-interaction effects, and test whether distinct pathological drivers operate in
different patient subsets.

Mechanism-aware interpretation across omics, pathology, imaging, and clinical
data

How a model’s signal connects to a mechanism depends strongly on the modality. In
multi-omics settings, gene-level attributions are frequently unstable because features
are correlated and redundant. For mechanistic interpretation, it is often more credible
to elevate the analysis to higher biological organization, such as pathways, gene
programs, cell states, regulatory modules, or interaction networks (62). These
summaries reduce sensitivity to idiosyncratic features and make it easier to test
whether the signal is consistent across cohorts and across layers of measurement (63).
When several omic layers converge on the same process, the argument becomes more
resilient, and the experimental path to validation becomes clearer.

In pathology and imaging, interpretation is commonly presented as spatial evidence,
such as attention or attribution maps. These can be informative, but they can also

reflect confounding, including scanner or staining signatures and slide preparation



441  artifacts (64). Mechanism-aware interpretation is stronger when spatial signals are
442  translated into interpretable phenotypes, such as immune infiltration patterns, stromal
443  architecture, tumor-stroma boundaries, necrosis, vascular features, or other

444  tissue-level structures that can be reviewed by experts and validated by orthogonal
445  assays. A particularly strong validation strategy is to physically co-register

446  Al-generated histology heatmaps with spatial transcriptomic or proteomic clusters
447  from adjacent tissue sections. In tumor microenvironment analyses, this type of in situ
448  multi-omics anchoring can help determine whether attention-highlighted regions

449  correspond to immune-excluded niches, stromal remodeling, hypoxic regions, or

450  invasive tumor fronts, thereby moving interpretation beyond visual heatmaps toward
451 molecularly grounded evidence of pathogenic mechanisms (65).

452 For EHR and clinical text, the main interpretability challenge is that strong predictors
453  may represent the care process rather than disease biology (23). Orders, billing codes,
454  and documentation features often capture clinician suspicion, institutional pathways,
455  and resource availability. This does not prevent useful prediction, but it changes how
456  explanations should be read (66). Mechanism claims should be restrained, and

457  interpretation should focus on temporality, portability, and clinical coherence. When
458  EHR-derived phenotypes are used as discovery tools, they are best treated as clinical
459  strata or trajectories that require biological anchoring through targeted molecular or
460  tissue studies.

461  Across modalities, mechanism-oriented narratives are strongest when model-derived

462  signals are stable, biologically coherent, and supported by orthogonal evidence rather
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than by a single explanation method.

Causal inference as a complement to predictive modeling

Prediction answers what is likely to occur given observed data. Causal inference
addresses what would occur under intervention. Precision medicine increasingly
depends on the second question because treatment selection is central to care. This is
why causal framing is valuable even in studies that are primarily predictive. It makes
assumptions explicit, clarifies which variables are confounders versus mediators, and
helps separate prognostic prediction from treatment-effect estimation (67).

Causal tools are most relevant in two recurring situations. The first is individualized
treatment decisions, where models aim to estimate heterogeneous treatment effects or
to support choices among therapies (68). The second is mechanistic interpretation,
where authors seek to argue that an Al-highlighted signal is not only correlated with
outcome but plausibly upstream of disease progression or resistance. In both cases,
causal reasoning provides a structured way to connect observational patterns to
intervention-relevant claims. Study designs such as target trial emulation can improve
clarity for treatment questions, but only when eligibility assessment, treatment
assignment, covariate measurement, and follow-up origin are aligned to the same
clinically meaningful time zero (69). If an intervention group must survive or remain
event-free until treatment initiation while the comparator group is followed from an
earlier point, immortal time bias can spuriously inflate apparent survival or remission
benefits. Studies evaluating chronic disease interventions or therapeutic strategies

should therefore define the index date, treatment grace period, follow-up window, and
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censoring rules before estimating treatment effects.

Causal inference should not be used as a rhetorical upgrade. Identification
assumptions remain central, and unmeasured confounding is common in biomedical
data. The most responsible use is to treat causal analyses as evidence that helps
prioritize hypotheses and guide experiments or prospective evaluation rather than as
definitive proof (58).

An evidence ladder linking association to mechanism and clinical utility
Biomedical Al produces a spectrum of outputs, from correlational signals to
decision-support tools. Organizing these outputs by evidence strength helps align
conclusions with what the data justify. At the base is association, where a model
identifies features correlated with an endpoint within a dataset. This level can be
valuable for hypothesis generation, but it is also vulnerable to shortcut learning and
leakage. The next level is robustness, where signals persist across resampling,
reasonable pipeline variations, and independent cohorts (43). Robustness reduces the
likelihood that a finding is a dataset artifact.

Mechanistic relevance requires additional layers, and each layer has boundaries.
Biological coherence means that a signal aligns with plausible pathways, cell states,
or tissue phenotypes, ideally with concordance across modalities or molecular layers,
but it can still reflect bias in prior knowledge. Causal support reflects evidence
consistent with an intervention-based interpretation, whether through principled
observational designs, genetic instruments or other strategies that address

confounding, but it depends on explicit assumptions and sensitivity analyses.
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Perturbation evidence strengthens a mechanistic claim by showing that manipulating a
candidate driver changes a relevant phenotype in experimental systems, yet
experimental context may not translate directly to patients. At the top sits clinical
utility, where outputs translate into calibrated, actionable decisions and demonstrate
benefit under realistic validation, ideally including prospective assessment and
decision-oriented evaluation (70). To organize evidence strength, we propose an
evidence ladder that situates Al findings along a hierarchy from association to clinical
utility (Fig. 4).

This ladder is not a demand that all work reach the top. It is a language for honest
positioning: studies remain valuable at lower rungs when claims are framed
accordingly, while stronger mechanistic or clinical claims require progressively
stronger evidence.

Validation, generalization, and reliability

Evaluation is the scientific core, not an afterthought

In biomedical Al the credibility of a claim is determined less by the sophistication of
the model than by the realism of the evaluation. This is now a broad consensus across
modalities: reported improvements are often fragile when they rely on permissive data
splitting, extensive reuse of the same cohort for model selection, or benchmarking that
does not reflect how the system would be used. The field has also learned that
“internal validation” is frequently a statement about how well a model fits an
institutional dataset, not a guarantee of performance elsewhere (71). As a result,

strong studies increasingly treat evaluation as part of study design rather than a final
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reporting step, and they position performance numbers as conditional on clearly stated
data, endpoints, and deployment assumptions.

A second consensus is that many high-profile failures trace back to subtle information
pathways rather than obvious coding errors. These include contamination during
preprocessing, non-independent samples appearing across splits, and
outcome-adjacent proxies that are available only because of downstream care
processes(43). The consequence is not merely inflated metrics; it is misinterpretation.
When a model’s success depends on shortcuts, explanations become misleading, and
downstream biological narratives become difficult to reproduce. For a
disease-agnostic review, the key message is that preventing these pathways is
foundational to both translational prediction and mechanistic inference.

External and temporal validation as the practical test of transportability
Generalization is the central barrier to clinical translation, and external validation
remains the most direct test of whether a model has learned disease-relevant signals
rather than institution-specific signatures (72, 73). In practice, external validation
should be interpreted as a family of tests rather than a single checkbox.
Cross-institution validation probes differences in patient mix and workflows;
cross-platform validation probes differences in measurement technology; temporal
validation probes drift as guidelines, assays, and treatments change. Across diseases,
the pattern is consistent: models that remain stable across these settings are rare, but
when they do, their conclusions become substantially more credible (74).

The literature also suggests that transportability should be framed as a spectrum.
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Some shifts are superficial and can be mitigated with careful calibration or
harmonization; others reflect deeper changes in clinical practice or disease definition
that fundamentally alter the relationship between inputs and outcomes (75). This is
why it is increasingly viewed as insufficient to report a single pooled metric. Studies
that aim for clinical relevance often include site- and time-stratified performance,
discuss where degradation occurs, and make the boundaries of applicability explicit.
Calibration and clinical usefulness: Performance is not the endpoint

Another cross-cutting lesson is that discrimination is not clinically useful (76, 77).
Many biomedical Al papers continue to emphasize ranking metrics because they are
familiar and easy to report, yet decision-making requires well-calibrated probabilities,
clearly defined time horizons, and thresholds that map to action. Miscalibration can
persist even when the AUC is high, and it is frequently exacerbated by dataset shift.
When models are proposed for decision support, calibration and threshold behavior
become as important as discrimination because they determine whether predictions
translate into appropriate interventions.

A parallel development is the increasing use of decision-oriented evaluation.
Threshold selection should not be based solely on statistically convenient cutoffs such
as the Youden index. Decision curve analysis and disease-specific net-benefit
functions can help quantify the asymmetric costs of false positives and false negatives
(70, 76). A threshold suitable for triggering low-risk surveillance may be
inappropriate for selecting an invasive procedure or withholding therapy. Clinically

meaningful thresholding therefore requires explicit consideration of decision context,
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expected benefit, harm, and the patient population in which the model will be used.
Reliability under uncertainty and shift

Biomedical Al operates in settings where uncertainty is inevitable: measurements are
noisy, phenotypes are heterogeneous, and real-world inputs differ from curated
development datasets (78). The field’s experience has shown that models can become
dangerously overconfident under shift, producing plausible outputs with little warning
that the input lies outside what the model has effectively learned (79). Reliability
therefore increasingly refers to a broader set of behaviors beyond average accuracy,
including how confidence aligns with correctness and how models behave when
inputs are atypical or incomplete (80).

Reliability therefore needs to be demonstrated rather than assumed. Practical checks
include sensitivity to common perturbations, robustness to missingness patterns,
uncertainty behavior under shift, and explicit failure-mode analysis. In translational
contexts, systems should support conservative behavior when uncertainty is high
because safe deployment often depends on knowing when not to trust a prediction.
Subgroup performance and fairness as part of scientific validity

Across diseases and modalities, subgroup performance has emerged as both an ethical
and a scientific issue (30). Models trained on imbalanced data can perform well on
average while failing for underrepresented groups, and these failures can remain
invisible if reporting is limited to pooled metrics (81). Importantly, subgroup
disparities are not only fairness concerns; they are also signals that the model has

learned patterns that do not generalize evenly across populations, which weakens
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mechanistic interpretation and undermines clinical transfer (46).

Accordingly, contemporary best practice is moving toward reporting performance
across clinically meaningful strata and describing how subgroup definitions relate to
the intended use of the model. In a mechanistic setting, subgroup inconsistency can
indicate confounding, measurement artifacts, or effect modification that should shape
interpretation and guide follow-up studies. In a clinical setting, subgroup reporting
clarifies where a model may require additional data, recalibration, or restrictions on
use.

Translation, implementation, and governance

Clinical workflows and human—Al collaboration

For biomedical Al to matter beyond publications, it must connect to decisions (82, 83).
This connection is often the missing link in otherwise technically strong studies. In
practice, “clinical deployment” rarely means replacing clinicians; it means inserting
an Al system into an existing workflow so that it changes timing, prioritization, or
selection in a way that is both feasible and defensible (84). The most transferable
work therefore begins by specifying the use case with discipline: who uses the model,
at what point in the care pathway, what information is available at that moment, and
what action the output is intended to support (85). Without this framing, performance
and interpretability become hard to interpret because it is unclear what the model is
being judged against (86).

Human - Al collaboration introduces its own constraints. Predictions must be

presented in a way that supports appropriate reliance rather than automation bias.



617  Interfaces should communicate uncertainty, confidence, and known limitations clearly
618  rather than showing only a single deterministic output. Explanations should be

619 tailored to the decision context: clinicians often need concise, clinically legible

620  reasons, uncertainty ranges, and warning signals for situations in which the model
621  may be unreliable, whereas researchers pursuing mechanisms need biological

622  coherence and triangulation. For LLM-generated summaries, users should be able to
623  trace outputs back to auditable source documents, and domain experts should verify
624  clinically consequential statements before they influence care. Models that require
625  extensive manual preprocessing, special hardware, or inputs that are rarely available
626  will struggle to move beyond research settings, regardless of headline metrics. As a
627  result, clinical translation favors systems that are robust to missingness, resilient

628  under operational variability, and compatible with the cadence and incentives of

629  routine care (87, 88). Clinical translation should be viewed as a lifecycle process that
630  spans standardized reporting, deployment integration, continuous monitoring, and
631  accountable updating (Fig. 5).

632  Monitoring, drift, updating, and auditability

633  Even when a model generalizes at launch, biomedical environments do not remain
634  static (89). Diagnostic criteria change, assays and scanners are upgraded, treatment
635  regimens evolve, and patient populations shift (90). These changes can alter both
636  input distributions and outcome relationships, which means that model performance
637  and calibration can degrade silently (91). For this reason, translation is increasingly

638  understood as a lifecycle problem rather than a one-time validation problem. A
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clinically credible system requires a plan for monitoring, for detecting drift, and for
deciding when and how to update the model.

Governance mechanisms become essential at this stage (92). Version control and audit
trails support traceability, allowing users to know which model generated which
output and under what data conditions (93). Updating strategies must be accountable
because improving performance in one setting can worsen it in another. The shared
principle is simple: deployment without monitoring is experimentation without
feedback.

Accountability, regulation, and ethical constraints

Clinical Al sits within frameworks of responsibility. When a model influences triage,
diagnosis, or treatment selection, questions of accountability cannot be deferred to
technical appendices (56). Who is responsible for the model’s recommendations, who
is authorized to override them, and how adverse events are investigated all shape
whether a system is acceptable in practice. This is one reason why transparency and
documentation are repeatedly emphasized in the translational Al literature. They
support not only scientific reproducibility but also clinical safety and legal
defensibility.

Ethical considerations extend beyond privacy. Models can amplify inequities when
trained on data that underrepresent certain populations or reflect unequal access to
care. They can also encode historical practice patterns that are not optimal. Moreover,
the introduction of Al can change behavior, including clinician ordering patterns and

patient pathways, which in turn changes the data generating process. This feedback
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loop is often overlooked in retrospective studies but becomes important when
interpreting model performance in real-world settings. A trustworthy translational
posture therefore includes explicit limits of applicability, careful communication
about uncertainty, and ongoing evaluation in the populations where the model will be
used (10, 94).

Reporting practices as a bridge from innovation to reuse

A practical obstacle to progress is that many Al studies cannot be faithfully
reproduced or compared because critical details are missing (95-97). Essential
reporting elements include data provenance and inclusion criteria, endpoint
definitions with time anchoring, leakage-safe splitting, preprocessing performed
within evaluation folds, and external or temporal validation when available (98). For
decision-support models, calibration, threshold behavior, and subgroup performance
should be treated as standard reporting rather than optional additions (94).

We propose presenting these practices in a compact model-and-data-card format that
functions both as a reporting template and as a reviewer checklist (92). By
documenting the target population, prediction horizon, validation regime, uncertainty,
calibration, threshold behavior, and subgroup performance, the card also creates a
bridge to deployment: what is not documented during development cannot be reliably
monitored, audited, or updated after implementation.

Discussion

The rapid expansion of biomedical Al has shifted the central challenge from building

models to substantiating claims. A model may be useful for operational prediction,
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mechanism generation, treatment-effect reasoning, or workflow support, but each use
requires a different evidentiary standard (82, 99—101). The disease-agnostic
framework proposed here is therefore intended to make those standards explicit: data
and labels define what can be learned, modeling choices shape what is discoverable,
interpretation and causal reasoning constrain what can be claimed, and validation and
governance determine whether a result can travel beyond its development setting.
Self-supervised and foundation-model approaches will likely accelerate this shift by
making reusable representations available across imaging, pathology, text, and omics
(102—-104). Their value, however, should be judged less by benchmark breadth than
by downstream behavior under external, temporal, and subgroup evaluation (13, 105,
106). In other words, foundation models change the scale of representation learning,
but they do not change the evidence required for trustworthy use.

A second direction is tighter integration of predictive modeling with causal reasoning
(107). This is especially important for precision medicine questions involving
treatment choice, sequencing, and heterogeneous response (108, 109). Causal framing
helps distinguish prognostic associations from intervention-relevant effects, clarifies
assumptions, and identifies which Al-derived signals deserve experimental or
prospective follow-up (110, 111).

Multimodal learning offers a complementary path by testing whether signals converge
across orthogonal measurement systems (112, 113). Its practical limitation is modality
availability: outside curated cohorts, missingness often reflects care pathways and

access rather than random absence (36, 114, 115). Strong multimodal studies should
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therefore report performance under both complete- and partial-modality scenarios and
reserve mechanistic language for signals that remain stable across those conditions.
Finally, clinical translation should be treated as a maintenance problem as much as an
implementation problem (116, 117). Real-world use can change patient pathways,
clinician behavior, and the data-generating process itself (118, 119). Monitoring, drift
detection, accountable updating, and transparent documentation are therefore not
administrative additions; they are the conditions under which Al evidence can remain
valid after deployment (120—124).

Taken together, the next phase of biomedical Al will be judged less by incremental
gains on static benchmarks than by transportability, evidence integration, and
maintainability. A disease-agnostic roadmap that links modeling choices to validation,
causal reasoning, and lifecycle governance can help align technical innovation with

the demands of disease pathogenesis research and precision medicine.
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Figure legends

Figure 1 An end-to-end roadmap for trustworthy Al in disease pathogenesis and
precision medicine. The framework delineates the biomedical Al lifecycle across five
stages. (A) Data integration across multi-omics, imaging, EHR, and longitudinal
sources. (B) Model selection ranging from classical ML to generative Al. (C) Explain
& causal reasoning via interpretable features and causal modeling. (D) Validate
through temporal/external cohorts and calibration. (E) Deploy for mechanistic

discovery and clinically actionable precision medicine. The entire pipeline is
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grounded in foundational principles of reliability, safety, validity, fairness, and

transparency.

Figure 2 Data-generating processes and modality-specific validity threats. The
integration of diverse biomedical data requires careful alignment with endpoint design
(diagnosis, prognosis, response, mechanism) to mitigate inherent risks. (A)
Multi-omics data face batch effects, sparsity, and feature leakage. (B) Imaging &
pathology are susceptible to site signatures, scanner drift, and shortcut learning. (C)
EHR & text encounter label leakage, template drift, and care pathway confounding.
(D) Longitudinal & real-world data are challenged by informative missingness,

temporal leakage, and censoring bias.

Figure 3 Evolution and taxonomy of Al models in biomedicine. The landscape
progresses from classical ML (e.g., logistic regression and SVMs for risk stratification)
to deep learning (e.g., CNN/RNNSs for automatic feature extraction). Emerging
paradigms include self-supervised & foundation models (e.g., BERT/GPT) for

transfer learning, graph/knowledge-guided networks for reasoning and drug
repurposing, multimodal fusion models for joint clinical phenotyping, and generative
Al for data augmentation and image synthesis. Developing these models requires
balancing global strengths (interpretability, multimodal integration, scalability, and

data efficiency) against inherent risks and drift (bias, overfitting, and data privacy).
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Figure 4 The Evidence Ladder: Escalating Al findings from association to clinical
utility. A hierarchical pyramid illustrating the increasing evidence strength and
reliability of Al-derived findings. The foundation begins with association (initial
correlations susceptible to confounding) and advances to robustness (cohort
consistency and cross-validation). Evidence is further strengthened through biological
coherence (molecular networks and pathway consistency) and causal support (DAGs
and confounding control). The pinnacle of validation requires perturbation evidence
(experimental validation and candidate driver testing) to ultimately achieve clinical

utility delivering actionable insights.

Figure S The translational lifecycle and governance of biomedical Al Clinical
translation is a continuous lifecycle. (A) Model & data card: A standardized reporting
framework functioning as a prerequisite for deployment. It documents critical
metadata (provenance, endpoints, validation regimes, and calibration) to ensure
transparency and reusability. (B) The deployment lifecycle: A dynamic, closed-loop
system integrating models into clinical workflows. It requires continuous monitoring
for dataset shift and accountable updating via safe recalibration and audit trails. The
entire process is underpinned by transparent reporting, governance, and ethical

constraints.
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Clinical prediction
Risk stratification

I Risks & Drift:

@ Strengths:

Self-supervised &
Foundation Models

(o]
—r
Self-supervised ’
leaming Learning
Pseudo-label ” representation
Ay
Label 5 J 1
BERT/GPT

Transfer learning
Bias inheritance

Multimodal Fusion Models

Digital + omics + EHR
Joint data modeling
Cross-Modality learning
Clinical phenotyping

Bias & Drift Overfitting
>, Multimodal
| Interpretability e

Graph/Knowledge-guided

GNN
Graph r easoning
Network analysis, drug repurposing

Generative Al

Al —

GANs
Data augmentation
Image synthesis, text generation

Data privacy & Security

Data

Scalability ity



Clinical Utility i
Utility

e Actionable

Perturbation Insights

Perturbation
Evidence

e Experimental validation

e Candidate driver testing

Causal Support Evidence Strength

\ and Reliability

OUPPOIT

e Causalinference e Confounding ¢~ ® - @
. control
e DAG / Interventions
Biological Coherence - -
9 Biological Coherence

o Molecular Networks e Pathway
Consistency ﬁ
e Biological Alignment

Robustness Robustness J \
e Cohort Consistency e Stability across environments & 10 \
e Platform Stability e Cross-Validation Eﬁ?&aﬁrﬁﬁ \
Association i

Association \

Initial Correlation e Scatter Plot/ Correlation Matrix m p : \

Susceptible to e Correlation does H

Confounding not imply causality



Model & Data Card

Data Provenance

Inclusion & exclusion criteria

Handling of informative missingness

,Lmz Endpoints & Splitting

Tanng Time-anchored endpoint definitions

Validatir
set

Strict leakage prevention in folds
Validation Regimes

External cross-institution testing

Sl . Temporal validation & drift checks

Calibration & Subgroups

Actionable decision thresholds

/- 1deal
— Apparent
—— Blas-corrected

Strata-specific subgroup reporting

Transparent Reporting | Governance Accountability |

The Deployment Lifecycle

\»

=

Workflow Integration

» Human-Al collaboration
+ Mitigate automation bias
» Tailored explanations

Performance

7]

Time

Accountable Continuous
Updating Report & feedback ~ Monitoring
« Version control -

« Detect dataset shift
« Audit trails

« Track practice changes
« Safe recalibration * Assess calibration

Ethical Constraints



