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Purpose: Multimodal deep learning is increasingly proposed for clinical decision support (CDS), and
a “data-centric” framing—prioritizing label quality, missing-modality robustness, distribution shift,
calibration, and explainability—has gained rapid traction. Prior reviews have examined multimodal
medical Al, CDS, and data-centric methods separately, but none addresses their intersection, leaving
it unclear whether this literature is deployment-ready or remains proof-of-concept. We aimed to map
the modalities, fusion strategies, and data-centric and explainability techniques used, to quantify how
often each is implemented rather than merely mentioned, and to assess external validation, clinical-
outcome measurement, equity, and reporting.

Methods: Following the PRISMA 2020 statement (PROSPERO CRD420261427815), we screened
150 records and included primary, clinical, multimodal studies applying machine or deep learning to
a decision-support task. Each study was coded for modalities, fusion, five data-centric techniques,
explainability, validation strategy, measured outcomes, equity analysis, and reporting standards,
separating techniques that were implemented or evaluated from those only mentioned. Synthesis was
narrative.

Results: Thirty-nine studies met inclusion; 38 (97%) were published 2024-2026, with a median of
three modalities (range 2—7), most commonly structured EHR (56%) and imaging (49%). Data-centric
techniques were reported frequently: label-noise handling (85%), distribution-shift handling (79%),
calibration and missing-modality handling (77% each), class-imbalance handling (74%), and equity
analysis (62%). However, external validation was reported in only 4/39 studies (10%), a patient,
clinician, or system outcome in 3/39 (8%), no study reported routine deployment, and prediction-
model reporting standards were essentially absent.

Conclusion: Current evidence establishes proof-of-concept but not proof-of-benefit: the field is
rich in robustness and explainability techniques yet largely untested out-of-distribution and against
clinical outcomes. It requires a shift toward external multi-site validation, outcome measurement, and
adherence to Al reporting standards (e.g., TRIPOD+AlI) before deployment can be justified.

Explainability has become a near-mandatory companion,
motivated by clinician trust, accountability, and emerging
regulatory expectations [7, 8].

These three threads—multimodality, data-centric robust-
ness, and explainability—are increasingly invoked together as
the headline contribution of a study. Yet the presence of a
robustness technique does not establish that a model is reli-
able in deployment. Internal validation routinely overstates
real-world performance, and robustness demonstrated on a
single development dataset may not survive the distribution
shifts introduced by new sites, devices, and populations [9].
Reporting and appraisal standards for clinical prediction
models—TRIPOD+AI, DECIDE-AI, and PROBAST+AI-
exist precisely to separate demonstrated benefit from tech-
nical promise [10, 11], and are complemented by Good Ma-
chine Learning Practice and model-appraisal tools [12, 13].
Recent systematic reviews in adjacent clinical-Al domains

1. Introduction

Clinical reasoning integrates heterogeneous evidence—
medical imaging, structured electronic health records (EHRs),
physiological signals, clinical text, and increasingly genomic
and wearable data. Multimodal deep learning, which models
these streams jointly, is therefore an intuitively attractive
substrate for clinical decision support (CDS), and reported
gains over unimodal baselines have driven rapid uptake
[1, 2]. A recent scoping review of multimodal medicine
maps the same expansion across imaging, text, and struc-
tured data [3]. In parallel, the locus of methodological
attention has shifted from architecture alone toward a data-
centric view, in which label quality, missing or asynchronous
modalities, class imbalance, distribution shift, and predictive
uncertainty are treated as first-class design problems rather
than preprocessing afterthoughts [4, 5]. Distribution shift

in particular is a recurring threat to transportability [6].
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have repeatedly found favorable model metrics coexisting
with absent external validation and unmeasured patient ben-
efit [14, 15], and the broad multimodal scoping review above
reached similar conclusions about the gap between technical
and clinical maturity [3].
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No systematic review has yet examined the specific
intersection of data-centric robustness, explainability, and
multimodality in CDS, or asked whether the robustness this
literature claims is actually validated. We address that gap.
We pose three research questions:

(RQ1) Which modalities, fusion strategies, and data-centric
and explainability techniques do primary multimodal
CDS studies employ?

(RQ2) How often is each technique implemented or evalu-
ated rather than merely mentioned?

(RQ3) To what extent do these studies provide deployment-
relevant evidence—external validation, measured clin-
ical outcomes, equity analysis, and standardized re-
porting?

To our knowledge, this is the first review to synthesize
this intersection and to apply an implementation-versus-
mention coding lens, which we show is essential to inter-
preting the field honestly.

2. Methods

2.1. Protocol and registration

This review was conducted and reported in accordance
with the PRISMA 2020 statement [16]. The review was
registered with PROSPERO (code ID: CRD420261427815)
[17]. The completed PRISMA 2020 checklist is provided as
Supplementary Material.

2.2. Eligibility criteria

Studies were eligible if they (i) were primary stud-
ies developing or evaluating a model or system, not re-
views, surveys, editorials, protocols, or bibliometric papers;
(i1) were multimodal, combining two or more distinct data
modalities (imaging, structured EHR/tabular, physiological
signals/time-series, clinical text, genomics/omics, or wear-
able/sensor) within a single model or system; (iii) applied
machine or deep learning to a clinical decision-support task
(diagnosis, prognosis, risk stratification, triage, deteriora-
tion, or monitoring) in humans; and (iv) reported at least
one quantitative result. Non-clinical applications, single-
modality studies, and secondary literature were excluded.

2.3. Information sources and search strategy

A search was assembled across major bibliographic
databases indexing clinical and biomedical computing lit-
erature (PubMed, Scopus, IEEE Xplore, and Web of Sci-
ence), combining three concept blocks—multimodal/data-
centric deep learning; robustness and explainability (missing
modality, label noise, distribution shift, calibration, inter-
pretability); and clinical decision support—using controlled-
vocabulary and free-text terms joined with Boolean opera-
tors. The full search strings are provided as Supplementary
Material. Records were consolidated and de-duplicated,
yielding 150 unique records for screening.

2.4. Study selection

Records were screened against the eligibility criteria at
title/abstract and, where required, full-text level. Screening
decisions and exclusion reasons were recorded for every
record to populate the PRISMA flow and are provided as
Supplementary Material.

2.5. Data extraction and coding

Included studies were coded on a standardized form cap-
turing bibliographic data, clinical task and setting, modal-
ities and modality count, datasets, Al paradigm, fusion
strategy, five data-centric techniques (missing-modality han-
dling, label-noise/data-quality handling, class-imbalance
handling, distribution-shift handling, calibration/uncertainty),
explainability method, validation strategy, external valida-
tion, primary metric, deployment status, measured clini-
cal/provider outcome, equity analysis, and reporting stan-
dard. For the data-centric, reliability, and outcome items we
applied a strict coding rule: an item was coded present only
when the study implemented or empirically evaluated it, and
absent when it was only mentioned as a challenge, gap, or
future direction. This distinction is necessary because, in an
emerging field, naming a problem is frequently mistaken for
solving it.

2.6. Evidence-quality appraisal and synthesis

Because designs and outcomes were heterogeneous,
we used narrative synthesis with descriptive tabulation;
no meta-analysis was performed. We appraised evidence
quality through deployment-readiness indicators extracted
uniformly across studies—external validation, calibration
reporting, measured clinical outcomes, equity analysis, and
citation of a prediction-model reporting standard—which
together characterize the maturity and transportability of the
evidence. Findings are reported as the proportion of included
studies addressing each item.

3. Results

3.1. Study selection

Of 150 unique records screened, 111 were excluded: 89
were reviews or other secondary literature, 14 were single-
modality, and 8 were non-clinical applications. Thirty-nine
primary, clinical, multimodal studies met all inclusion cri-
teria and were synthesized (Fig. 1). All included studies are
listed individually, with their clinical area, modality count,
Al approach, validation strategy, and headline result, in Ta-
ble 1; the complete extraction is provided in Supplementary
Table S1.

3.2. Characteristics of included studies

The corpus is recent: 38/39 studies (97%) were published
in 2024-2026 (Table 2), reflecting the rapid emergence
of the data-centric multimodal framing. The median num-
ber of modalities was three (range 2-7); 23% combined
two modalities and 18% combined five or more. Struc-
tured EHR/tabular data (56%) and imaging (49%) were the
most frequently used modalities, followed by physiological
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Figure 1: PRISMA 2020 flow diagram of the study selection process.

signals (31%), clinical text and wearable/sensor data (26%
each), and genomics/omics (13%). Applications spanned
diagnosis, risk stratification, deterioration, and longitudinal
monitoring across multiple specialties.

3.3. Al paradigms, fusion, and explainability
Model families were dominated by deep architectures
(Table 3). Convolutional networks were the most frequently
used component (33%), followed by ensemble or gradient-
boosted models (28%), recurrent or long short-term memory
networks (23%), and transformer- or attention-based models
(21%); large language or generative-Al components and
federated-learning frameworks each appeared in 13% of
studies, and several studies combined two or more fami-
lies. Fusion strategy was inconsistently reported: early or
feature-level concatenation was most common (33%), with
attention- or intermediate-fusion designs in 18% and late or
decision-level fusion in 10%; the remainder did not specify
a fusion strategy or were conceptual. Explainability was
near-universal but overwhelmingly post-hoc: SHAP (56%)
and attention visualization (28%) predominated, followed by

LIME (23%) and gradient- or saliency-based maps (23%),
with integrated gradients (5%) and counterfactual explana-
tions (8%) rare.

3.4. Data-centric and reliability techniques

Data-centric techniques were reported frequently (Ta-
ble 4): label-noise or data-quality handling was the most
common (85%), followed by distribution-shift handling
(79%), calibration or uncertainty quantification and missing-
modality handling (77% each), and class-imbalance han-
dling (74%). Equity or subgroup analysis was reported
in 62%. These high rates must be read in light of the
search strategy, which preferentially retrieves studies that
foreground such techniques, and of the coding rule above: a
present code indicates that a technique was implemented or
evaluated, not that robustness was rigorously demonstrated
out-of-distribution.

3.5. Explainability

Explainability was near-universal, consistent with a cor-
pus that self-identifies as explainable. Post-hoc attribution
dominated—SHAP and LIME, gradient- and saliency-based
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Table 1

Characteristics of the 39 included studies. Modality count “Mult.” denotes a multimodal pipeline for which a single integer count
was not reported. Validation is the highest level reported (External > Internal). Primary results are the headline figures stated by

the original authors and are not directly comparable across heterogeneous tasks and reference standards.

Study Clinical area Mod. (n) Al approach Validation Primary result

Van Dievoort et al. [18]  Mental health (stress) 3 Generative Al, XAl Internal (co-design) Conceptual (dashboard)
Perwej [19] Multi-domain prognostics Mult. Ensemble, deep learning Internal (CV) Accuracy 89%

Kovacs [20] Prostate cancer (radiology) 3 CNN (nnU-Net) External AUROC 0.82

Sowmya et al. [21] Multi-disease diagnostics 4 Federated, attention CNN Internal Accuracy 95%, AUC 0.96
Weiskirchen [22] Gastroenterology 5 Multimodal Al (commentary) None (conceptual) Conceptual

Tummuri [23] ICU / monitoring 4 GAN, transformer Internal (split) Accuracy 95%, AUC 0.97
Komninos et al. [24] Sepsis / ICU 3 Deep clustering, LSTM Internal (split) AUROC 0.80
K.S.Ranjith et al. [25] Cardiovascular disease 6 Ensemble, generative Al Internal Accuracy 97%

Mohanty et al. [26] Multi-sector (healthcare) Mult. ML, DL, AutoML Internal Improved accuracy (NR)
Makesh et al. [27] General diagnosis 3 Federated, transformer Internal Accuracy 94%, AUC 0.96
Ghantasala [28] Pediatric type-1 diabetes 3 LSTM, LLM copilot Internal (patient-wise) ~ MAE 10.9 mg/dL
Hossain [29] Precision oncology 6 Transformers, GNN Internal C-index 0.72-0.75
Abualigah et al. [30] Translational medicine 4+ GBM, DNN Internal (CV) AUROC 0.95-0.96
Noviandy et al. [31] Oncology (staging) 2 Ensemble (LightGBM) Internal (split) Accuracy 86%

Jahan et al. [32] Alzheimer's disease 3 Federated, random forest Internal (CV) Accuracy 99%

Osman [33] Diabetes 3 1D-CNN Internal (split) Accuracy 88%

Demuth et al. [34] Precision medicine 7+ Digital twins None (conceptual) Conceptual

Peggy and Aremu [35] Value-based care 5 Business intelligence Internal Length of stay —15%
Ray and Huma [36] Oncology / chronic disease 4+ Ensemble (XGBoost, LSTM) External Accuracy 91%, AUC 0.94
Naoum et al. [37] Oral cancer 2 CNN (EfficientNet) Internal (split) Accuracy 83%

Azhar et al. [38] Epilepsy (EEG) 2 Deep learning (BiLSTM, GNN) Internal (CV) KLD 0.25

Mukhi et al. [39] Spine oncology 4 CNN, XGBoost Internal Accuracy 0.88, AUC 0.91
Anjani et al. [40] Neurology 3 Recurrent neural network Internal (CV) Accuracy 99%

Abdullah et al. [41] Endocrinology (stress) 4 CNN, LSTM, Bayesian Internal (CV) Macro F1 ~99% (synthetic)
Singh and Rahman [42]  Autism spectrum disorder 3 Federated, edge Al Internal (synthetic) Accuracy 92%

dos Santos [43] Cardiac surgery / ICU Mult. Transformer, CNN External AUROC up to 0.89
Mahalle et al. [44] Multi-disease Mult. ML, DL (case studies) Internal (CV) Accuracy (varies)

Logan [45] Retinal disease (OCT) 2 Autoencoders Internal (split) Accuracy (varies)
Knowles et al. [46] Health informatics 4 Ontology, LVLM None (conceptual) Conceptual

Gao et al. [47] Heart failure (ICU) 2 Clinical BERT, tabular NN External AUROC 0.77 (external)
Canedo [48] Computer vision 3 CNN, YOLO Internal (CV) Accuracy (varies)

Wang et al. [49] ESRD / COVID-19 2 ML, LLM (RAG) Internal (split) Accuracy 0.80-0.90
Rahman [50] Autism diagnosis 3 XGBoost-LSTM, federated Internal Accuracy 93%

Fiorini et al. [51] Affective computing (EEG) 2 CNN, transformer Internal (split) F1 0.56

Vaddepalli [52] Medical imaging (MLOps) 4 Data-centric MLOps Internal Repro. errors —62%
Battineni et al. [53] Alzheimer's disease (MRI) 2 Gradient boosting Internal (CV) Accuracy 98%, AUROC 0.98
Kumar et al. [54] Oncology 3 DenseNet, NLP Internal (split) Accuracy >90%
KECHABIA et al. [55] Cross-domain annotation 4 Human-in-the-loop Qualitative Qualitative

Darwai et al. [56] ICU outcomes 2 ML, NLP Internal (split) Accuracy 90%, AUC 0.93

as illustrative outputs rather than validated against ground-
truth attributions or tested for robustness, limiting their

Table 2

Summary characteristics of the 39 included studies.

Characteristic n (%)

Publication year
2021 1(3)
2024 13 (33)
2025 14 (36)
2026 11 (28)

Number of modalities
2 9 (23)
3 13 (33)
4 10 (26)
>5 7 (18)

Modalities used (studies using each)
Structured EHR / tabular 22 (56)
Imaging 19 (49)
Physiological signals / time-series 12 (31)
Clinical text 10 (26)
Wearable / sensor 10 (26)
Genomics / omics 5 (13)

evidentiary value for clinician trust.

3.6. Validation, outcomes, and reporting
completeness

In sharp contrast to the technique-reporting rates, in-
dicators of deployment readiness were rare (Table 5). Ex-
ternal validation on a separate site, dataset, or cohort was
reported in only 4/39 studies (10%): two imaging- or EHR-
fusion models validated on independent cohorts [20, 47],
and two further multimodal systems validated out-of-sample
[36, 43]; the remainder relied on internal validation via held-
out splits or cross-validation. A patient, clinician, or health-
system outcome was measured in only 3/39 studies (8%): an
operational/prognostic gain and a clinician-evaluated copilot
[19, 28], together with a translational-medicine framework

methods, and attention visualization—with a minority us-
ing integrated gradients, counterfactual, or prototype-based

reporting an outcome proxy [30]. Most studies reported

technical metrics alone or described intended benefits (for

explanations. Formal evaluation of explanation faithfulness
or stability was rare; explanations were typically presented

example, “supports decision-making”’) without measuring
them. Fewer than half of the studies cited any reporting or
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Table 3
Al paradigm, fusion strategy, and explainability method (stud-
ies using each; n = 39). Categories are not mutually exclusive.

Category Studies, n (%)
Al paradigm / model family
Convolutional neural network 13 (33)
Ensemble / gradient boosting 11 (28)

Recurrent / LSTM 9 (23)
Transformer / attention 8 (21)
Large language / generative Al 5 (13)
Federated learning 5 (13)
Fusion strategy
Early / feature-level 13 (33)
Attention / intermediate 7 (18)
Late / decision-level 4 (10)
Not specified / conceptual 15 (38)
Explainability method
SHAP 22 (56)
Attention visualization 11 (28)
LIME 9 (23)
Gradient / saliency maps 9 (23)
Counterfactual 3(8)
Integrated gradients 2 (5)

Table 4
Data-centric and reliability techniques implemented or evalu-
ated (n = 39).

Technique Studies, n (%)

33 (85)

Label-noise / data-quality handling
Distribution-shift handling 31 (79)
Calibration / uncertainty quantification 30 (77)
Missing-modality handling 30 (77)
Class-imbalance handling 29 (74)
Equity / subgroup analysis 24 (62)

governance standard, and explicit prediction-model report-
ing guidelines such as TRIPOD+AI were essentially ab-
sent; where standards were named they were typically data-
protection or governance frameworks rather than model-
reporting guidelines. Prospective or in-workflow deploy-
ment was not identified in any included study. A curated
set of the most methodologically informative studies—those
carrying the field’s only external validations and measured
outcomes—is summarized in Table 6.

Table 5
Deployment-readiness and reporting indicators (n = 39).

Indicator Studies, n (%)

External / multi-site validation reported 4 (10)
Patient / clinician / system outcome measured 3(8)
)

Calibration / uncertainty reported 30 (77
Equity / subgroup analysis reported 24 (62)
Prediction-model reporting standard (e.g., TRI- <5
POD+Al) cited

Prospective or in-workflow deployment 0 (0)

4. Discussion

4.1. Principal findings

Across 39 primary multimodal CDS studies, almost all
published since 2024, data-centric robustness and explain-
ability techniques were reported in roughly three-quarters
of studies, yet external validation (10%), measured clinical
outcomes (8%), and standardized reporting were nearly ab-
sent, and no study reported routine deployment. The field
is therefore methodologically enthusiastic but evidentially
shallow: it shows that robustness and explainability tech-
niques can be applied to multimodal CDS, not that the
resulting systems are reliable or beneficial in practice. This
is proof-of-concept, not proof-of-benefit.

4.2. Interpretation

The high technique-reporting rates require caution on
two counts. First, because the search targets data-centric,
robust, and explainable multimodal work, it preferentially
retrieves studies claiming these properties; the rates describe
what this slice of the field emphasizes, not the field as
a whole. Second, and more fundamentally, a robustness
technique reported on a single internal dataset is a claim,
not evidence: with external validation at 10%, the out-of-
distribution reliability that “robustness” implies is largely
untested. The juxtaposition is the key result—strong internal
methodology, weak external and outcome evidence—and it is
robust to the coding caveats, since the deployment-readiness
indicators are objective and uniformly extracted. This pat-
tern mirrors recent systematic reviews in adjacent clinical-Al
domains [14, 15] and a broad multimodal-medicine scoping
review [3]. It is also consistent with documented optimism
and limited transportability in clinical machine-learning pre-
diction models [6, 9], where second-opinion and repro-
ducibility concerns are well documented [57].

4.3. Comparison with existing literature

Prior reviews have examined multimodal medical Al,
clinical decision support, and data-centric methods largely
in isolation. The Schouten scoping review mapped tech-
nical challenges and clinical applications of multimodal
medicine and noted that clinical translation lags technical
development [3]; reviews of patient-generated-data Al and
of wearable interventions found favorable metrics but absent
external validation and unmeasured benefit [14, 15]. Our
review extends these findings to the specific intersection
of data-centric robustness, explainability, and multimodal-
ity, and contributes the implementation-versus-mention lens
that reveals how often robustness is asserted rather than
demonstrated. Against deployment-oriented standards [10,
11], including formal prediction-model appraisal tools [12],
none of the included studies met best-practice expectations
for external validation and outcome measurement.

4.4. Implications for research and practice

For researchers, continued technique development with-
out external validation and outcome measurement will yield
diminishing returns. Four priorities follow directly from the
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Table 6

Exemplar studies across modality groups and methodological strengths (curated subset of the 39 included studies). This subset
illustrates the breadth and the strongest evidence in the corpus rather than ranking study quality; performance values are point

estimates from each study’s headline analysis.

Study Clinical area Al technique Mod. (n) Reason for selection

Kovacs [20] Prostate cancer (MRI) 3D CNN (nnU-Net) 3 Externally validated imaging model
(AUROC 0.82)

Gao et al. [47] Heart failure (ICU) Clinical BERT + tabular NN 2 External + temporal validation;

Ray and Huma [36] Oncology / chronic disease

Stacked ensemble (XGBoost, LSTM) 4+

cites TRIPOD
External validation with reported
outcome and equity analysis

dos Santos [43] Cardiac surgery / ICU Transformer (ICU-BERT), CNN Mult. Missingness-robust fusion; evalu-
ated in a clinical study

Ghantasala [28] Pediatric type-1 diabetes Stacked LSTM + LLM copilot 3 Clinician-evaluated decision sup-
port (MAE 10.9 mg/dL)

Perwej [19] Multi-domain prognostics Deep ensemble Mult. Reports an operational/prognostic

outcome

gaps identified: (1) external, multi-site validation under real-
istic missingness and acquisition heterogeneity, rather than
further internal benchmarking; (2) measurement of at least
one patient, clinician, or workflow outcome benchmarked
against current practice; (3) routine adherence to prediction-
model reporting and appraisal standards and formal eval-
uation of explanation faithfulness rather than illustrative
use [10, 12]; and (4) treatment of robustness claims—to
missing modalities, label noise, and distribution shift—as
hypotheses to be tested out-of-distribution, not as properties
established by construction. For healthcare organizations,
current evidence supports structured pilot evaluation with
prospective monitoring rather than routine deployment.

4.5. Strengths and limitations

Strengths include a focused, novel question at an un-
addressed intersection, transparent eligibility criteria, uni-
form extraction, and an explicit coding rule separating
implemented from mentioned techniques. Several limita-
tions should be acknowledged. The search-term selection
inflates technique-reporting rates and the corpus is dom-
inated by 2024-2026 work, so frequencies reflect a re-
cent, self-selected slice rather than the whole field; the
robust conclusion is the deployment gap, not the absolute
technique rates. The eligibility restriction to multimodal
primary studies excludes the large secondary literature and
single-modality work by design. Heterogeneity in designs,
datasets, and outcomes precluded meta-analysis, and incon-
sistent reporting of fusion strategy and sample size limited
some comparisons. Finally, formal item-level risk-of-bias
appraisal (PROBAST+AI) and dual-reviewer adjudication
would further strengthen the synthesis and are priorities
for the full appraisal; broadening the search across addi-
tional databases and citation snowballing would enlarge
the evidence base. These constraints temper the precision
of individual proportions but not the central, repeatedly
corroborated finding.

4.6. Conclusion

Data-centric, robust, and explainable multimodal deep
learning for clinical decision support is a fast-growing but
immature evidence base. Studies widely report missing-
modality handling, label-noise and distribution-shift mitiga-
tion, calibration, and explainability, yet almost none demon-
strate external validity or measured clinical benefit, and
few report against Al standards. Closing the gap between
technical promise and patient benefit requires external multi-
site validation, outcome measurement, and standardized,
appraisal-aware reporting. Until then, these systems should
be regarded as research artifacts rather than deployable
decision support.
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