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Abstract

Background: Multimodal machine learning for intensive care unit (ICU) in-hospital mortality (IHM) prediction has
rapidly expanded, yet reporting practices relevant to clinical readiness, including calibration, clinical utility, robustness
to data missingness, and actionable transparency, remain heterogeneous. Objective: To map the landscape of multi-
modal THM prediction studies and synthesize evidence on (i) fusion architectures and transparency implementations,
(i) evaluation beyond discrimination (calibration, clinical utility, and per-case uncertainty), and (iii) operational readi-
ness (missing modality handling, prediction timeliness, external validation, subgroup evaluation, and reproducibility
artifacts). Methods: We conducted a scoping review of peer-reviewed studies (English, January 2010 — November
2025) that fused at least two data modalities by provenance and predicted IHM in adult ICU populations. Searches
were performed in PubMed, Scopus, and Google Scholar. Screening and extraction used an established Al-assisted
workflow with two-reviewer verification. We summarized extracted fields from 115 included studies using descriptive
statistics and narrative synthesis, including thematic analysis of author-reported gaps, limitations, and future direc-
tions. Results: Among 115 included studies, feature-level (early) fusion predominated (n = 80, 69.6%), followed
by intermediate fusion (n = 30, 26.1%), late fusion (n = 4, 3.5%), and hybrid fusion (n=1, 0.9%). The modality
landscape was dominated by physiologic time-series and coded/tabular EHR data; clinical text, imaging, and high-
frequency waveforms each appeared in a minority of studies. Feature-level interpretability was reported in 21 studies
(18.3%), with full per-case attribution in only 13 (11.3%); modality-level attribution was identified in 2 studies (1.7%),
and missing-modality policies in 7 (6.1%). Calibration was assessed in 40 studies (34.8%), decision curve analysis
in 20 (17.4%), and per-case uncertainty quantification in 1 (0.9%). External validation was performed in 28 studies
(24.3%), prediction timeliness was evaluated in 22 (19.1%), and code repositories were provided in 29 (25.2%); no
study reported a structured model card. Conclusions: The multimodal IHM literature emphasizes discrimination
performance and early fusion, yet the evidence base remains immature for clinical translation, with systematic gaps
in calibration, clinical utility, per-case transparency, missing-modality robustness, and reproducibility. These findings
motivate standardized reporting and evaluation frameworks tailored to multimodal ICU prediction.
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1. Introduction

1.1. Clinical and informatics context

The intensive care unit (ICU) is among the highest-acuity settings in hospital medicine, managing patients with
acute organ dysfunction under extreme time pressure and resource constraints. Adult ICU populations carry substan-
tial in-hospital mortality, and early, accurate identification of patients at elevated risk is clinically valuable: it enables
timely targeted interventions, more efficient allocation of specialist personnel and equipment, and earlier prognos-
tic communication with families [1]. Historically, bedside risk stratification has relied on physiology-based severity
scores. APACHE II [2] and SAPS II [3] aggregate vital signs, laboratory values, and clinical state into mortality risk
estimates that remain foundational in critical care. In parallel, SOFA [4] summarizes the extent of organ dysfunction
and is widely used to characterize physiologic severity and trajectories over time.

The release of large de-identified EHR databases, such as MIMIC-III [5], MIMIC-IV [6], and the eICU Collabora-
tive Research Database [7], catalyzed a decade of reproducible machine learning research. Standardized preprocessing
and benchmarking pipelines [8] enabled rigorous comparison across model families, and contemporary approaches
have demonstrated meaningful discrimination gains over traditional severity scores on these benchmarks [8]. This
performance trajectory has motivated increasing interest in multimodal IHM prediction, integrating data from two or
more clinically distinct information sources that differ in provenance, data structure, and representation requirements
[9, 10].

Clinical ICU data are inherently heterogeneous. Structured physiologic time-series (vital signs, laboratory results,
ventilator parameters) capture the objective physiologic trajectory; clinical notes contain clinician assessments and
qualitative observations; coded tabular data (diagnoses, procedures, severity indices) summarize clinical context; and
in a growing minority of studies, medical imaging or high-frequency waveforms are incorporated. Each modality orig-
inates from a distinct source system, carries unique information content, and poses distinct computational challenges
[11-13]. Combining these heterogeneous sources reflects the information a clinician synthesizes when assessing
prognosis, and the multimodal paradigm is increasingly recognized as a natural fit for biomedical AI [11, 12].

1.2. Why "beyond discrimination metrics"

Despite sustained gains in predictive performance on benchmark datasets, the clinical adoption of machine learn-
ing mortality models remains limited [1]. A persistent gap exists between optimizing discrimination metrics (primarily
AUROC and AUPRC) and delivering systems whose outputs clinicians can trust and act upon. Qualitative studies of
clinician needs consistently document requirements that extend well beyond discrimination: transparent reasoning
that can be audited at the bedside, probability estimates that are well calibrated, and predictable behavior when patient
data are incomplete [14—16].

Calibration is the correspondence between predicted probability and observed outcome frequency, which is fun-
damental to any threshold-based clinical decision. Van Calster et al. characterized calibration as the "Achilles heel"
of predictive analytics, documenting its systematic neglect across the prediction model literature [17]. A well-
discriminating model with systematic miscalibration cannot safely support a "treat if predicted risk exceeds a speci-
fied percentage" protocol [18]. Decision curve analysis (DCA), which computes net clinical benefit across decision
thresholds and compares it to treat-all and treat-none baselines, translates discrimination and calibration jointly into
clinically interpretable value [18]. Despite methodological maturity and long-standing emphasis in the clinical pre-
diction model methodology and reporting literature [18, 19], calibration reporting and DCA are frequently omitted
from the machine learning literature, a gap recognized as a barrier to clinical translation [15, 17]. Interpretability
presents a further challenge specific to multimodal systems. Unlike unimodal models, multimodal predictors can, in
principle, provide not only feature-level attributions quantifying the influence of individual inputs on a prediction, but
also modality-level attributions that quantify the contribution of each data source on a per-case basis [20, 21]. This
second layer of transparency is clinically meaningful: it enables a clinician to understand whether a risk signal derives
from physiologic deterioration in the time-series or from information in the clinical notes, and it is directly relevant
to governance and accountability [15, 22]. However, many published fusion architectures combine heterogeneous
sources through simple feature concatenation into a single shared model trunk, which does not inherently yield ex-
plicit per-case modality attribution [9, 10]. Operational readiness requires that models perform reliably outside their
training data distribution. Missing data are common in real ICUs: modalities may be absent for clinical reasons (no
imaging ordered, no clinical note charted within the prediction window), and feature values are irregularly sampled
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with informative missingness patterns [23, 24]. External validation, testing a model on a cohort from a different time
period, institution, or EHR system, is an essential but infrequently conducted step in establishing the generalizability
of learned decision rules; systematic reviews of clinical prediction models have documented that external validation
is reported in a minority of published studies [19, 25]. Without such evidence, high benchmark performance provides
limited assurance of real-world utility. Prediction timeliness is also underexplored. An operational risk model must
provide actionable output at a defined and clinically relevant horizon; the literature exhibits substantial heterogeneity
in whether studies predict at fixed early windows, continuous horizons, or at ICU admission, limiting direct compa-
rability across studies [26-28]. Reproducibility is the availability of code, data splits, preprocessing pipelines, and
model specifications, which is likewise a prerequisite for independent replication and cumulative scientific progress
[19].

The convergence of these dimensions (multimodal fusion architecture, feature-level and modality-level inter-
pretability, calibration, clinical utility, external validation, missingness handling, prediction timeliness, and repro-
ducibility) provides a practical lens for a multimodal IHM model to be rigorously evaluated for clinical deployment
[14, 15, 17, 19]. Prior multimodal health AI reviews have characterized broad performance trends and algorithmic
approaches across clinical domains [13], but no scoping review has systematically mapped how well the multimodal
IHM literature addresses these dimensions as an integrated set.

1.3. Objectives

We map multimodal in-hospital mortality (IHM) prediction in adult ICU populations using EHR-derived data.
The search was conducted in November 2025 and covers the last 15 years of research practice (search window: 2010
onward). We include studies that fuse structured ICU time-series (vitals and/or labs) and/or clinical notes with at
least one additional modality. This requirement anchors the review in ICU EHR prediction settings and excludes
multimodal mortality models that do not incorporate ICU physiologic data or bedside clinical assessment [5, 8, 12].

Our objectives are as follows:

1. Catalog architectural and transparency approaches: multimodal fusion architectures, data inputs, and re-
ported transparency implementations, including feature-level interpretability and any modality-level attribution
outputs (global or per-case contributions);

2. Characterize evaluation practices beyond discrimination: document the prevalence of probability calibra-
tion assessment, clinical utility evaluation (decision curve analysis and net benefit), and per-case uncertainty
quantification;

3. Chart operational readiness: how studies handle missing features and missing modalities at inference time,
address prediction timeliness (early-horizon windows or dynamic/streaming updates), evaluate generalizability
through external validation and subgroup performance reporting, and document reproducibility artifacts (code,
data splits, hyperparameters, and model documentation).

Altogether, we synthesize how these studies ensure transparency and reliability under real-world conditions, while
demonstrating predictive performance. We also summarize author-identified gaps, limitations, and future directions
to identify where current evidence is most and least ready for clinical evaluation and actionable use.

1.4. What this scoping review contributes

This review provides a field-level evidence map of 115 peer-reviewed multimodal IHM studies, representing one
of the largest corpora assembled to date for the indicated aims. Unlike prior efforts focused primarily on model
performance, our synthesis explicitly quantifies the prevalence of practices that bear on clinical readiness: calibra-
tion reporting, decision curve analysis, external validation, feature-level and modality-level interpretability, missing-
modality policies, per-case uncertainty estimation, and reproducibility artifacts. We characterize the full landscape
of fusion strategies (early, intermediate, late, and hybrid) and data provenance combinations, and provide a thematic
synthesis of author-reported gaps and future directions. The resulting evidence map and gap analysis are intended to
inform future research design and to motivate standardized reporting and evaluation criteria tailored to multimodal
clinical prediction models in critical care, as a meaningful step toward realizing model translation to real-world clinical
settings.



2. Methods

2.1. Study design and reporting standards

This scoping review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) guidelines and the Arksey & O’Malley methodologi-
cal framework [29, 30]. Consistent with growing practice in evidence synthesis, this review incorporates LLM-assisted
tools to support the screening and data extraction phases of the review process, with all Al-assisted outputs subject
to mandatory human verification and refinement. The complete Al-assisted workflow, including model specifications
and prompt templates, is described in §2.5 and §2.6, and summarized in Appendix D.

2.2. Eligibility criteria
We defined the following inclusion and exclusion eligibility criteria for the studies:
Inclusion Criteria:

e Population/setting: Adult ICU inpatients (hospital critical-care units).
e Outcome: In-hospital mortality (primary or among reported outcomes).
e Design: Empirical model development and validation (retrospective/prospective studies; RCTs if applicable).

e Data/approach: Fuses >2 data modalities by provenance and includes at least one of: (a) ICU physiologic data
(vitals and/or labs) or (b) clinical notes (e.g., progress/discharge summaries).

e Reporting: >1 captured discrimination (e.g. AUPRC, AUC) metrics, calibration (e.g. ECE, Brier), decision
curve/net benefit.

o Language/years: English; 2010-2025.
e Publication type: Peer-reviewed journals or full peer-reviewed conference papers.

Exclusion Criteria:

Pediatric/neonatal only; post-discharge-only outcomes without in-hospital mortality (IHM).

Simulation/methods-only without empirical patient data.

Editorials/letters/protocols, theses/dissertations, preprints without peer review, reviews.
¢ Imaging-only without EHR clinical data for mortality modeling.

2.3. Operational taxonomies for multimodality, fusion level and algorithms

Multimodal learning utilizes computational models that integrate information from multiple “modalities”, distinct
channels of information differing in generative process, statistical structure, and representation requirements [9]. In
clinical Al, “multimodality” is often operationalized by heterogeneity of clinical information sources and data struc-
tures (free text, structured tabular data, indexed signals, images) rather than sensor physics alone, reflecting how
clinical data are produced, stored, and consumed within health information systems [11-13].

To compare how studies combine heterogeneous ICU data sources, we pre-specified two complementary tax-
onomies: (i) a provenance-based modality taxonomy to determine whether a study is multimodal, and (ii) a fusion-
level taxonomy to categorize where and how integration occurs within the pipeline. Complete coding and modality
mappings appear in Appendix B.

2.3.1. Operational definition of modality and multimodality by data provenance

We establish multimodality by data provenance: a study is multimodal if it uses data from more than one pre-
defined modality category (Appendix B). This aligns with biomedical multimodal frameworks that distinguish modal-
ities by data structure and source system (e.g., tabular records, time-indexed signals, clinical text, medical imag-
ing) and examine performance across these heterogeneous inputs [11-13]. A provenance-based definition preserves
comparability across model families: heterogeneous sources may be fused through radically different architectures
(concatenation into a single vector versus multi-branch neural encoders), yet the scientific question remains whether
multiple clinically distinct information sources were used and how they were integrated [9, 11].



Our modality buckets separate ICU-relevant information streams that differ systematically in sampling regime,
encoding priors, and typical storage pathways. Electronic health record (EHR) content commonly comprises inter-
mittently measured physiologic variables and laboratory values, coded tabular descriptors (demographics, diagnoses),
and narrative documentation [5]. High-frequency physiologic waveforms (e.g., ECG, arterial pressure at >100 Hz) are
archived in specialized signal repositories requiring distinct processing assumptions from standard EHR time-series
[31]. Medical imaging is managed through separate pipelines and storage systems (e.g., PACS), motivating distinct
treatment even when downstream modeling yields embeddings [12]. This bucketization reflects clinically and techni-
cally meaningful heterogeneity beyond superficial file formats, consistent with the view that multimodal Al leverages
complementary information spanning EHR, biosignals, and imaging data [12].

2.3.2. Fusion-level taxonomy by stage of integration

To characterize how multimodal information is combined, we apply a fusion-level taxonomy based on the in-
tegration stage. The view that multimodal fusion occurs at feature/observation, intermediate representation, or de-
cision/prediction levels is established in multimodal information fusion and machine learning surveys [9, 10, 32],
and explicitly adopted in biomedical multimodal frameworks describing common merging patterns (early/data-level
versus intermediate/joint/model-level versus late/decision-level fusion) [11, 13]. We operationalized four mutually
exclusive fusion categories (Appendix B): early fusion (feature-level), intermediate fusion (representation-level), late
fusion (decision-level), and hybrid fusion (multi-stage). Hybrid was assigned when a single system exhibited integra-
tion at two or more stages; otherwise, a single fusion stage was assigned.

Critically, fusion level does not determine whether a study is multimodal. A multimodal study may use early fusion
by concatenating features from distinct provenance buckets into a single model input; it remains multimodal because
inputs originate from heterogeneous clinical sources [9, 13]. Separating these concepts prevents collapsing studies
into “unimodal” solely because they implement single-stream architectures after preprocessing, thereby obscuring the
scientific role of heterogeneous data sources.

2.3.3. Coding rules for ambiguous architectures: branches, embeddings, and trainability

Published multimodal systems frequently include preprocessing pipelines, pre-trained components, or offline fea-
ture extraction. We adopted two a priori coding rules for consistent classification across heterogeneous reporting
styles. First, fusion level is determined by the topology of the evaluated model or system: intermediate fusion requires
distinct modality-specific processing streams explicitly part of the pipeline before merging, whereas early fusion ap-
plies when the evaluated model receives a pre-merged vector/sequence processed by a single shared trunk [9, 10].
This “architectural branch” criterion directly operationalizes the stage-of-integration perspective [32]. Second, train-
ability does not define fusion level. A modality-specific stream remains a stream even if its encoder is frozen or
pre-trained, because the architectural fact of separate representation learning (or provision) prior to merging distin-
guishes representation-level (intermediate) from feature-level (early) fusion [9, 10]. This rule is necessary in modern
biomedical pipelines where pre-trained language models or vision backbones are frequently reused and optionally
frozen; freezing changes optimization but not the fusion stage when a multi-stream topology is maintained. If a
modeling pipeline computes text embeddings offline then trains a single classifier on concatenated embeddings with
structured covariates, the evaluated model is early fusion because it treats embeddings as input features and contains
no modality-specific branches [10, 32]. Conversely, if the modeling pipeline defines a text encoder stream and a
structured-data stream within the modeled system and fuses their representations before prediction, it is intermediate
fusion even if one stream is frozen [9, 10]. This distinction separates (i) multimodal feature aggregation pipelines
from (ii) explicitly multimodal representation-learning architectures, while anchoring the multimodality decision to
provenance buckets [11, 13]. Together, the provenance-based modality taxonomy and stage-based fusion taxonomy
provide an auditable, theory-aligned framework for extracting comparable labels across diverse ICU mortality predic-
tion studies.

2.3.4. Algorithms normalization

To enable consistent synthesis, reported algorithms were mapped to predefined canonical model families based on
underlying methodology rather than implementation details, and usage was summarized at the study level with each
study contributing at most one count per family (definitions in Appendix C).



2.4. Information sources and search strategy

Databases: PubMed, Scopus, and Google Scholar (first 5 results pages); English language; 2010-2025.
Core PubMed query:

("Intensive Care Units"[Mesh] OR "Critical Care"[Mesh] OR ICU[tiab] OR "intensive
care"[tiab] OR "critical care"[tiab]) AND ("Hospital Mortality"[Mesh] OR "in-hospital
mortality"[tiab] OR "inpatient mortality"[tiab] OR "hospital death"[tiab] OR
(mortalx*[tiab] AND (hospital[tiab] OR inpatient[tiab] OR ICU[tiab])))AND (notes[tiab] OR
"clinical notes"[tiab] OR "free text"[tiab] OR "discharge summary"[tiab] OR "discharge
summaries" [tiab] OR "radiology report"[tiab] OR NLP[tiab] OR "natural language"[tiab]

OR "natural language processing"[tiab] OR unstructured[tiab] OR "clinical text"[tiab]

OR "time series"[tiab] OR "time-series"[tiab] OR vitals[tiab] OR physiologx[tiab]

OR labs[tiab] OR laboratory[tiab] OR "lab results"[tiab] OR "chart events"[tiab] OR
"lab result"[tiab] OR "chart event"[tiab] OR diagnosis([tiab] OR diagnoses[tiab] OR
ICD[tiab]) AND (EHR[tiab] OR "electronic health records"[tiab] OR "electronic health
record" [tiab] OR "health record"[tiab] OR "health records"[tiab] OR "electronic medical
records" [tiab] OR "electronic medical record"[tiab] OR "medical record"[tiab] OR "medical
records" [tiab] OR EMR[tiab] OR "clinical data"[tiab] OR MIMIC[tiab] OR "MIMIC-III"[tiab]
OR "MIMIC-IV"[tiab] OR "eICU"[tiab] OR "Information Mart for Intensive Care"[tiab] OR
registry[tiab] OR database[tiab]) AND ("Prognosis"[Mesh] OR "Risk Assessment"[Mesh] OR
"Models, Statistical"[Mesh] OR "Severity of Illness Index"[Mesh] OR APACHE[tiab] OR
SAPS[tiab] OR SOFA[tiab] OR predict*[tiab] OR prognos*[tiab] OR "risk score"[tiab] OR
"risk stratification"[tiab] OR "risk model"[tiab] OR "machine learning"[tiab] OR "deep
learning"[tiab] OR "artificial intelligence"[tiab] OR "logistic regression"[tiab]) AND
English[lang] AND ("2010/01/01"[Date - Publication] : "2025/11/30"[Date - Publication])
NOT ("Intensive Care Units, Neonatal"[Mesh] OR pediatric*[tiab] OR neonatal*[tiab]

OR child[Mesh] OR infant[Mesh]) NOT animals[Mesh] NOT "Review"[Publication Type] NOT
booksdocs [Filter]

The PubMed search strategy prioritizes ICU, hospital-anchored mortality, and EHR presence. Multimodality is
enforced during screening to maximize recall without sacrificing the review’s focus. Scopus and Google Scholar
search strategies are adapted from the core query.

2.5. Screening and selection process

All citations retrieved from the databases were uploaded into Zotero (Zotero Foundation) for reference man-
agement and automated deduplication prior to screening. Following deduplication, records were exported, and ti-
tle/abstract screening was performed using a custom-developed, LL.M-assisted workflow implemented in Python,
employing the same methodological approach implemented by the research team at Medical University of South Car-
olina and first described in the prior published systematic review [33]. Minor adaptations specific to the present review
are noted in Appendix D. Full-text screening was subsequently conducted using the same LL.M-assisted pipeline, with
eligibility evaluated against the pre-specified criteria (§2.2).

LLM outputs were treated as an assistive, not authoritative, layer throughout. A precision-focused benchmark was
conducted to assess screening accuracy: a random sample of screened records (n = 100) and extracted studies (n = 30)
were independently reviewed in full by two human experts (AB, SB), who logged all discrepancies and resolved them
by consensus. The benchmark confirmed acceptable precision prior to proceeding with full-corpus extraction. All
final inclusion and exclusion decisions were reviewed and confirmed by human authors. Detailed prompt templates
used for screenings are provided in Appendix D.

2.6. Data charting (extraction)

A standardized data extraction form was developed and iteratively refined to capture study characteristics, model
design, and reporting elements relevant to interpretability, evaluation, operational readiness, and reproducibility. The
following categories of information were charted during extraction:



o Bibliographic: Title, authors, year.

¢ Dataset and cohort: Dataset characteristics (including site, era, and EHR system), cohort size, event rate, and
mortality details as reported.

¢ Data inputs and modalities: Standardized data inputs using mapping (described in Appendix B) of fused EHR
data domains (e.g., Laboratory values, Continuous vital signs, Demographics, Diagnoses, Procedures, Clinical
notes, Chest imaging) and modality categories (e.g., Physiologic time-series, Clinical text, Coded / Categorical
/ Tabular, Medical imaging pixels, High-frequency physiologic waveforms).

o Fusion architecture and algorithms: Classification of fusion strategy (e.g., Early, Intermediate, Late, Hybrid);
details of specific technical approach for combining modalities; summary of the data flow and method; machine
learning algorithms utilized (e.g., XGBoost, LSTM, Transformer).

¢ Evaluation beyond discrimination: List of reported performance metrics; presence of calibration evaluation;
Decision Curve Analysis (DCA) and net benefit findings; presence of per-case uncertainty quantification.

e Operation under real-world conditions: External validation; evaluation of model performance across spe-
cific patient subgroups; timeliness and evaluation horizon (discrete/continuous); data missingness strategies,
including handling missing features and missing modalities at inference time (policies for partial multimodal
input).

o Interpretability and attribution: Feature-level XAI methods (e.g., SHAP, Integrated Gradients) and per-
case feature-level attribution; modality-level attribution methods for quantifying the contribution of specific
modalities to the model’s prediction.

¢ Reproducibility, documentation, and narrative synthesis: Reproducibility indicators (code availability, pseu-
docode, split specification, data lineage, model cards, and hyperparameters); qualitative synthesis of reported
gaps, limitations, and future directions; extracted notable quotations.

The structured extraction form was designed by human experts (AB, SB, JH) and subsequently translated into
a structured LLM prompt to guide automated extraction ( Appendix D). Extraction was performed using Google
Gemini (Google DeepMind, Gemini Pro 3) via the Python-based pipeline. Following automated extraction, raw
extracted data were cleaned with assistance from ChatGPT (OpenAl, GPT-5.1), encompassing standardization of text
formatting (e.g., case and delimiter consistency), identification and removal of duplicated field entries, and logical
regrouping of related information extracted from narrative passages. Extracted and cleaned data were compiled into
a comprehensive tabular form of 26 columns listing all 115 included studies and their corresponding extracted fields
( Appendix E). All automatically extracted values used in analyses were verified by human reviewers (AB, SB).
Identified errors or ambiguities were corrected directly in the extraction table prior to synthesis.

2.7. Synthesis approach

Synthesis was primarily quantitative-descriptive: extracted fields were summarized as frequencies and proportions
(n, %) for categorical elements (e.g., fusion level, calibration reporting), and distributions were described for contin-
uous or ordinal fields. Summary statistics and figures were generated using Python. Qualitative synthesis addressed
author-reported gaps, limitations, and future directions extracted verbatim from included studies, as well as other
non-standardized narrative fields (e.g., fusion mechanism description, pipeline method overview). Thematic analysis
was performed to identify recurring themes and map them to the review’s aims, including transparency approaches,
evaluation practices, and operational readiness.

3. Results

3.1. Study selection

The initial database search identified a total of 793 records (PubMed: n = 575; Scopus: n = 168; Google Scholar:
n = 50). After removing duplicates (n=20), 773 records remained for title and abstract screening. Following the
screening phase, 576 records were excluded as they did not meet the inclusion criteria. A total of 197 reports were
sought for retrieval, of which one report could not be retrieved (n = 1). The remaining 196 reports were assessed for
eligibility via full-text review. Of these, 81 studies were excluded. The primary reasons for exclusion were: ineligible
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Studies included in review (n = 115)

Figure 1: PRISMA flow diagram detailing the study selection process.

study design (e.g., conference abstracts, reviews, protocols, or studies lacking primary model development) (n = 36);
use of a single information-type modality (e.g., physiologic time-series only or text only) (n = 31); outcome not
in-hospital mortality (e.g., sepsis, discharge status) (n = 12); and ineligible population (e.g., non-ICU or pediatric
settings) (n = 2). Ultimately, 115 studies were included in the final scoping review. The study selection process is
illustrated in Fig. 1.

3.2. Overview of included studies

The 115 included studies span 2011-2025 (search window: 2010-2025) and collectively represent the current
state of multimodal IHM prediction research in adult ICU populations, as defined by our search and taxonomy. Before
detailing each dimension in turn, Figure 2 provides a field-level snapshot of the reporting practices documented across
the corpus.

Across the literature, discriminative performance was the dominant evaluation target, whereas practices that more
directly support clinical interpretation and deployment were inconsistently reported. As shown in Figure 2, calibra-
tion and decision curve analysis were reported in a minority of studies, per-case predictive uncertainty was rare, and
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modality-level attribution was near-absent. Evidence relevant to operation under real-world conditions was likewise
limited: external validation and subgroup analyses were performed in only a subset of studies, timeliness or horizon
sensitivity was evaluated infrequently, and explicit missing-modality policies were uncommon. Reproducibility arti-
facts were uneven, with code repositories provided in a minority of studies and structured model cards absent across
the corpus.

These patterns motivate the more granular synthesis that follows in §§3.3-3.9, and their implications for clinically
evaluable multimodal ICU prediction are taken up in the Discussion (§4).

Any feature-level XAl method | - @ 21 /115 (18.3%)
Interpretability Full per-case feature attribution | -@ 13 /115 (11.3%)
Modality-level attribution @ 2 /115 (1.7%)

Calibration assessed | @ 40 /115 (34.8%)

Evaluation Beyond

G S g isi i f A%
Discrimination Decision curve analysis @ 20/ 115 (17.4%)

Per-case uncertainty quantification @ 1/115 (0.9%)

Reproducibility and Code repository provided | @ 29/ 115 (25.2%)
Documentation Model card reported @ 0 /115 (0.0%)
External validation | @ 28 /115 (24.3%)
Operation Under Timeliness / horizon evaluation | @ 22 /115 (19.1%)
Real-World Conditions Subgroup performance evaluation | @ 15 /115 (13.0%)
Missing-modality policy | @ 7 /115 (6.1%)
I T T T T T
0.0% 10.0% 20.0% 30.0% 40.0% 50.0%

Figure 2: Prevalence of selected reporting practices across 115 included multimodal ICU in-hospital mortality prediction studies [34—148]. Inter-
pretability covers feature-level explainability methods and modality-level attribution outputs. Evaluation beyond discrimination covers calibration
assessment, decision curve analysis, and per-case predictive uncertainty quantification. Reproducibility & documentation covers code repository
availability and structured model cards. Operation under real-world conditions covers external validation, subgroup performance evaluation, time-
liness or prediction-horizon evaluation, and explicit missing-modality policies. All proportions are computed out of all 115 included studies.

3.3. Datasets, cohorts, and multimodal inputs

Publicly available critical care databases from the PhysioNet ecosystem were the dominant data sources for mul-
timodal THM prediction. The most frequently utilized logical dataset families were MIMIC-1V (n = 46, 40%) and
MIMIC-III (n = 44, 38%), followed by the multi-center eICU Collaborative Research Database (eICU-CRD; n =
19, 17%). Older or specialized iterations such as MIMIC-II and MIMIC-CXR were less common (n = 4, 3% each).
Despite the prevalence of these open-access benchmarks, a substantial portion of the literature (n = 38, 33%) relied
on Other datasets, comprising unique single-center cohorts, private national registries, or competition-specific sub-
sets. Reported event rates varied considerably depending on inclusion criteria and outcome definitions. In-hospital
mortality rates typically ranged between approximately 10% and 25%, consistent with mixed adult ICU populations.
Higher rates were observed in studies restricted to high-acuity subgroups, while lower rates generally corresponded
to cohorts with broader inclusion criteria or shorter prediction horizons.

The landscape of multimodal inputs was dominated by structured EHR data domains. Among the 115 included
studies, physiologic time-series were the most ubiquitous modality, serving as the backbone for nearly all predictive
models. Specifically, Laboratory values (n = 110, 96%) and Continuous vital signs (n = 93, 81%) were the two most
frequently fused data domains, distinguished by their disparate provenance (order-based LIS records vs. automated
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bedside monitoring) and temporal resolution [11-13]. Other physiologic inputs included Neurologic assessments (e.g.,
GCS; n =29, 25%), Fluid intakefoutput (n = 21, 18%), and respiratory-specific data such as Ventilator parameters (n =
20, 17%) and Respiratory support modes (n = 16, 14%). Coded and tabular data represented the second most common
information source. Demographics were reported in the vast majority of studies (n = 95, 83%). Clinical context
was frequently encoded via Comorbidities (n = 46, 40%), Severity scores (e.g., SOFA/APACHE; n = 44, 38%), and
Diagnoses (ICD codes; n = 32, 28%). Unstructured and high-dimensional modalities appeared in a minority of studies.
Clinical notes were the primary source of unstructured text (n = 18, 16%), followed by Diagnostic reports (n = 7,
6%). Medical imaging was largely restricted to Chest imaging (n = 9, 8%), with only isolated use of Cardiac or Other
imaging modalities (n = 1, 1% each). High-frequency waveforms remained exceptionally rare, with only Cardiac
waveforms (n = 2, 2%) and Neurologic waveforms (n = 1, 1%) reported. A detailed breakdown of data domains
by category is provided in Table 1. Pairwise association rule mining identified distinct clustering among structured

Table 1: Frequency of fused data domains reported across included studies, grouped by data modality category (Appendix B).

Modality Category Data Domain Count (n) % (of n =115)
Laboratory values 110 95.7
Continuous vital signs 93 80.9
Neurologic assessments 29 25.2
Physiologic time-series  Fluid intake/output 21 18.3
Ventilator parameters 20 17.4
Respiratory support 16 13.9
Medication infusions 7 6.1
Demographics 95 82.6
Comorbidities 46 40.0
Severity scores 44 38.3
Diagnoses 32 27.8
Coded / Tabular Medications 24 20.9
Administrative 21 18.3
Procedures 18 15.7
Care intensity 4 3.5
Clinical text Cl‘lmcal r}otes 18 15.7
Diagnostic reports 7 6.1
Chest imaging 9 7.8
Medical imaging Cardiac imaging 1 0.9
Other imaging modalities 1 0.9
Waveforms Cardiac waveforms 2 1.7
Neurologic waveforms 1 0.9

coded domains. The strongest pairwise association was observed between Procedures and Diagnoses (Lift = 2.40),
with additional strong clustering between Medications and Comorbidities (Lift = 1.56), and between Severity scores
and Comorbidities/Diagnoses (Lift = 1.42/1.39). Full association-rule method parameters (minimum support 10%,
minimum lift 1.1) and the complete ranked pairwise table are provided in Appendix A (Table A.6). Notably, Clinical
notes exhibited no strong pairwise clustering (Lift < 1.1) with any specific structured domain. This independence
suggests that unstructured text is predominantly utilized as a universal additive modality atop the standard physiologic
baseline (Vitals/Labs), rather than co-occurring within specific niche clusters.

3.4. Fusion architectures and implementation patterns

Multimodal integration strategies were evaluated using 4 defined fusion levels [11, 13]. Early fusion (feature-level
integration) was the predominant architectural paradigm, utilized in the majority of included studies (n = 80, 69.6%).
This approach typically involved concatenating raw features or pre-processed vectors from different modalities into a
single input vector prior to modeling. Intermediate fusion (representation-level integration), where modality-specific
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encoders process distinct data streams before merging, was the second most common strategy (n = 30, 26.1%). Late
fusion (decision-level integration), which aggregates predictions from independent unimodal models, was reported in
a small minority of studies (n =4, 3.5%). A single study (n = 1, 0.9%) employed a Hybrid fusion strategy, combining
elements of early and intermediate integration within a hierarchical architecture.

The technical implementation of multimodal fusion was largely dictated by the chosen architectural strategy. In
the predominant early fusion paradigm, the most common mechanism was feature concatenation, where heteroge-
neous inputs were aggregated into a single unified tabular array or vector prior to modeling. This approach was
frequently paired with tree-based algorithms or multivariate regression; for instance, [34] aggregated real-time moni-
toring data with laboratory results into a unified feature set processed by a Gradient Boosting Decision Tree (GBDT).
Similarly, [35] combined extracted clinical features from MIMIC-IV into a structured dataset for supervised learning,
and [40] utilized LASSO regression to select features from a concatenated demographic and physiologic vector for
nomogram construction. Intermediate fusion architectures (n = 30) generally leveraged joint representation learning,
utilizing deep neural networks to merge embeddings from distinct modality-specific encoders before the classification
layer. For example, the MedFuse architecture [53] employed separate branches, an LSTM for clinical time-series
and a ResNet-34 for chest X-rays, fusing their feature vectors via a concatenation layer. More recent approaches
have increasingly adopted attention mechanisms to model cross-modal dependencies; [118] utilized a time-aware
self-attention mechanism to integrate structured time-series with clinical notes, while [69] employed a multi-branch
transformer architecture to align real-time data streams with unstructured text. In contrast, late fusion strategies typ-
ically employed score-level aggregation or meta-learning. A representative example is the GRACE-ICU model [36],
which processed clinical notes via a fine-tuned Clinical-Longformer to generate a risk probability; this score was
subsequently combined with structured physiologic variables in a logistic regression meta-learner to produce the fi-
nal prediction. Other late fusion approaches utilized ensemble voting mechanisms, such as [83], which aggregated
probability outputs from multiple base classifiers via soft voting.

Beyond the topological point of fusion, the processing pipelines generally followed one of the architectural
paradigms we define below. The most prevalent workflow was the pipeline, characterized by heavy reliance on
manual feature engineering and selection prior to modeling. In these studies, high-dimensional data were aggregated
into summary statistics (e.g., min/max/mean over 24 hours), reduced via LASSO or Recursive Feature Elimination,
and processed by interpretable classifiers or nomograms. For instance, [40] and [38] employed LASSO regression to
isolate independent prognostic factors from aggregated demographics and vitals, subsequently constructing logistic
regression-based nomograms for clinical use. The next distinct paradigm involved multi-branch neural architec-
tures, designed for end-to-end learning without manual feature extraction. These pipelines utilized parallel, modality-
specific encoders to map raw data streams into latent space. The MedFuse architecture [53] exemplifies this approach,
utilizing an LSTM branch for clinical time-series and a ResNet-34 branch for chest X-rays, projecting them into a
shared sequence dimension. Similarly, [69] processed structured data and clinical notes via separate Recurrent Neural
Network and BioBERT-Transformer branches, respectively, fusing the outputs only at the final fully connected layers.
The third distinct approach focused on ensemble and meta-learning workflows to maximize predictive performance.
Rather than relying on a single architecture, these pipelines trained multiple diverse base learners (e.g., Random For-
est, LightGBM, XGBoost) and aggregated their decisions. A notable implementation by [45] stacked the outputs of
three gradient-boosting models into a final logistic regression meta-classifier. More advanced iterations, such as [57],
introduced self-supervised pre-training stages, aligning time-series and text representations via contrastive loss before
fine-tuning the pipeline on the specific mortality prediction task.

3.4.1. Algorithms used across studies

To enable consistent synthesis across heterogeneous studies, reported predictive models were normalized into a
hierarchical taxonomy. For high-level comparability with prior mortality prediction reviews, algorithms were ag-
gregated into canonical Macro Families (Linear/Statistical, Tree-based, Neural Networks, and Other) following the
classification scheme of Delpino et al. [149]. To capture methodological diversity specific to multimodal research, we
retained granular Micro-level Architectural Families (e.g., differentiating Transformers, CNNs, and RNNs) as enu-
merated in multimodal precision health reviews [13]. Meta-learning frameworks (e.g., stacking) were categorized by
their specific meta-learner algorithm rather than treated as a standalone family.

The distribution of algorithm families across the 115 included studies is summarized in Table 2. Because studies
frequently evaluated multiple algorithms, Micro Family counts within a Macro Family are non-exclusive and do not
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sum to the Macro total. Overall, the landscape reflects a continued reliance on interpretable baselines alongside
substantial uptake of higher-capacity methods (tree ensembles and deep learning). Linear and Statistical models were
the most frequently reported macro-family (n = 71, 61.7%), predominantly represented by logistic and regularized
regression (n = 71, 61.7%). These were widely utilized as baseline comparators or as interpretable implementations
(e.g., nomograms). Tree-based models were the second most prevalent family (n = 54, 47.0%). Within this category,

Table 2: Hierarchical distribution of algorithm families. Algorithms were mapped to Macro Families following Delpino et al. [149] and Micro
Families following Kline et al. [13]. Percentages exceed 100% as studies frequently evaluated multiple algorithms.

Macro Family Micro Architecture / Class Count % (of n =115)
. . L. Total Macro Count 71 61.7%
Linear / Statistical Logistic / regularized regression 71 61.7%
Total Macro Count 54 47.0%

Tree-based Gradient-boosted trees 42 36.5%
Random forest / ExtraTrees 42 36.5%

Decision tree 19 16.5%

Total Macro Count 47 40.9%

RNN family (LSTM / GRU / variants) 29 25.2%

Neural Networks MLP / feed-forward NN 20 17.4%
Transformer / BERT / LLM family 16 13.9%

CNN family 12 10.4%

Neural network (unspecified) 6 5.2%

Total Macro Count 56 48.7%

Other (rare / unclear / paradigm-level) 38 33.0%

Other Support Vector Machines 20 17.4%
k-nearest neighbors 12 10.4%

Naive Bayes / Bayesian classifiers 10 8.7%

ensemble methods dominated: gradient-boosted trees (e.g., XGBoost, LightGBM) and random forests were each
reported in 36.5% (n = 42), significantly outpacing single decision trees (n = 19, 16.5%). Neural Networks were
employed in 40.9% of studies (n = 47, 40.9%). Reflecting the multimodal nature of the review, architectures were
diverse: Recurrent Neural Networks (RNN/LSTM/GRU), typically used for time-series data, were the most common
deep learning subclass (n = 29, 25.2%). Transformer-based architectures (e.g., BERT, LLMs) appeared in 13.9% of
studies (n = 16, 13.9%), surpassing Convolutional Neural Networks (CNNs) (n = 12, 10.4%). Other models (n = 56,
48.7%) largely comprised traditional machine learning baselines, including Support Vector Machines (n = 20, 17.4%)
and k-Nearest Neighbors (n = 12, 10.4%), alongside niche or paradigm-level approaches categorized under Other (n
= 38, 33.0%).

3.5. Transparency and interpretability

Feature-level interpretability methods were reported in 21 studies (18.3%). Of these, 13 studies (11.3%) imple-
mented full per-case attribution, providing explicit feature contribution scores or visualizations for individual patient
predictions. A further 8 studies (7.0%) reported partial per-case attribution, where interpretability was applied to only
a subset of modalities or aggregated across samples rather than resolved to individual cases. The remaining 94 studies
(81.7%) reported no feature-level interpretability.

The methods employed across the 21 studies were heterogeneous. SHAP was the most recurrent approach, used
to generate force plots or waterfall plots attributing feature contributions at the individual prediction level [45, 64,
91, 108, 130]. Attention mechanisms served as the primary interpretability instrument in studies employing sequence
or text encoders, with weights visualized at the token, concept, or time-step level for individual patients [48, 55,
65, 133]. Integrated Gradients were applied in studies combining text and structured modalities to attribute token-
level importance for clinical notes [111, 114, 137]; one of these studies extended the approach by directly comparing
machine-generated attributions against physician annotations at the token and feature level for 200 patient cases [114].
Grad-CAM was used in studies incorporating imaging to produce spatial heatmaps over chest X-ray regions [66, 88],
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including one study pairing imaging-level Grad-CAM with Local-SHAP for structured variables on selected cases
[66]. Nomogram-based implementations provided per-case interpretability by mapping individual feature values to
weighted point scores [102, 127], and one study applied LIME-SP to derive patient-specific marker sets via local
surrogate modeling [59].

Partial implementations frequently reflected deliberate or incidental modality-subset coverage. In several cases, in-
terpretability was restricted to the NLP module while structured variables were presented only via a global nomogram
[36], or Grad-CAM attribution was applied exclusively to the imaging modality without corresponding structured
EHR feature attribution [88]. In others, SHAP analyses explicitly excluded temporal vital-sign features from the ex-
plainability reporting [129], or attribution results were reported as global feature rankings across the test set rather
than resolved to individual cases [111, 137].

Modality-level attribution that quantifies the relative contribution of each data modality rather than individual fea-
tures was rare. It was identified in only 2 studies (1.7%). One study implemented per-case modality attribution via an
Uncertainty-Aware Weighting strategy, computing sample-specific modality weights from energy-based uncertainty
scores derived from unimodal encoders, such that each patient’s prediction was associated with a dynamic impor-
tance weight for each modality branch (EHR time-series versus chest X-ray) [84]. The second study reported global
modality attribution using Shapley values computed at the modality level to quantify the aggregate contribution of
each modality to multimodal predictive performance, without resolving weights to individual cases [136].

3.6. Evaluation practices beyond discrimination

While discrimination performance was nearly universally reported via the Area Under the Receiver Operating
Characteristic curve (AUROC; n = 108, 93.9%), performance evaluation via other metrics remained heterogeneous.
Classification-based metrics were frequently utilized, including sensitivity (n = 59, 51.3%), F1-score (n = 43, 37.4%),
accuracy (n = 42, 36.5%), precision (n = 41, 35.7%), and specificity (n = 38, 33.0%). Despite the prevalence of
imbalanced classes in ICU mortality, the Area Under the Precision-Recall Curve (AUPRC) was reported in less than
a third of the studies (n = 31, 27.0%). Other metrics utilized for granular error analysis included Negative Predictive
Value (NPV; n = 16, 13.9%) and Cohen’s Kappa (n = 7, 6.1%). A small subset of studies utilized more specialized
performance measures, such as the minimum of sensitivity and precision (Min(Se, P+); n = 4, 3.5%) and the Matthews
Correlation Coefficient (MCC; n = 2, 1.7%). Among others, highly specialized metrics, including the Youden Index,
Likelihood Ratios (NLR/PLR), and Balanced Accuracy, were reported in only a single study each (n = 1, 0.9%).

Evaluation practices beyond discrimination (calibration, clinical utility, and uncertainty quantification) were less
consistently adopted across the included studies. Table 3 summarizes their prevalence.

Table 3: Evaluation practices beyond discrimination. Percentages are computed out of all included studies. Practices are non-exclusive except for
external validation (Yes/No).

Practice Count % (of n = 115)
Any calibration assessment reported 40 34.8%
Decision curve analysis / net benefit reported 20 17.4%
Per-case uncertainty quantification reported 1 0.9%

Calibration, which assesses the agreement between predicted probabilities and observed outcome rates, was evalu-
ated in 40 studies (34.8%). Among these, calibration plots (reliability diagrams) were the most widely used method (n
=30, 26.1%), followed by the Brier score (n = 12, 10.4%), the Hosmer-Lemeshow goodness-of-fit test (n = 9, 7.8%),
calibration slope and intercept (n = 5, 4.3%), and the Expected Calibration Error (n = 1, 0.9%). The co-occurrence
of multiple methods within individual studies accounts for the overlapping counts; no single method was consistently
paired with another in a standardized reporting bundle.

Decision Curve Analysis (DCA), which evaluates clinical utility by quantifying net benefit across a range of
decision thresholds, was performed in 20 studies (17.4%). In each instance, DCA was employed to compare the
proposed model against conventional clinical scoring systems (most commonly SOFA, SAPS-II, APACHE, or OASIS)
as well as against the default treat-all and treat-none strategies. The consistent finding across these studies was that
the proposed models delivered superior or comparable net benefit over the conventional scores within practically
relevant threshold ranges. Several studies extended the DCA to both training and external validation cohorts, reporting
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superiority on held-out populations including eICU-CRD [95, 135]. A subset additionally reported Clinical Impact
Curves alongside DCA to illustrate the alignment between the number of patients classified as high-risk and actual
mortality events across the full range of decision thresholds [46, 59].

Per-case predictive uncertainty was computed in a single study (n = 1, 0.9%). This work proposed an Uncertainty-
Aware Weighting strategy that used energy-based uncertainty scores derived from Helmholtz free energy to dynami-
cally weight the contribution of each modality (chest X-ray and EHR time-series) on a per-sample basis during fusion,
such that more uncertain modalities received reduced weight at inference [84]. No study in the corpus reported ab-
stention policies, coverage-based uncertainty metrics, or explicit separation of aleatoric and epistemic uncertainty
components.

3.7. Operational readiness: timeliness and missingness
Table 4 summarizes the prevalence of operational readiness practices across the included studies.

Table 4: Operational readiness practices. Percentages are computed out of all included studies. Within each coded dimension, categories
(Yes/No/Partial) are mutually exclusive.

Practice Count % (of n =115)
Timeliness / horizon evaluation reported 22 19.1%
Missing features addressed 77 67.0%
Missing features not addressed 37 32.2%
Missing features addressed (partial) 1 0.9%
Missing modality not addressed 108 93.9%
Missing modality policy reported (full) 6 52%
Missing modality policy reported (partial) 1 0.9%
External validation performed 28 24.3%
Subgroup performance evaluation reported 15 13.0%

Explicit evaluation of prediction timeliness or horizon sensitivity was reported in 22 studies (19.1%). The dom-
inant approach was discrete horizon comparison, where models were evaluated at two or more fixed observation
windows (e.g., 12h, 24h, 48h from admission) to assess how performance varied with data availability. Several
studies compared daily snapshots across the first days of ICU admission, consistently finding that predictive per-
formance improved as more longitudinal data accumulated [54, 79, 112, 113]. Others evaluated multiple fixed post-
admission intervals ranging from hours to days or months, training or applying separate models for each target horizon
[39, 82, 133]. A smaller subset moved beyond static snapshots toward streaming or dynamic update paradigms: mod-
els that generated predictions at regular sub-daily intervals (e.g., hourly or every 6 hours) throughout the ICU stay
using a rolling or expanding observation window [41, 88, 105, 123]. The remaining 93 studies (80.9%) did not report
any evaluation of prediction horizon or timeliness sensitivity.

Strategies for handling missing feature values within a given modality were reported as addressed in 77 stud-
ies (67.0%), not addressed in 37 studies (32.2%), and partially addressed in 1 study (0.9%). Reported approaches
were heterogeneous and included simple imputation (e.g., mean/median/mode or clinically motivated default val-
ues), threshold-based exclusion of variables with high missingness followed by imputation for retained variables
(e.g., exclusions at 25%-40% in extracted examples), and multiple imputation methods including chained-equation
approaches such as MICE [38, 102, 129]. Time-series-specific strategies included carry-forward imputation and in-
terpolation/resampling, sometimes augmented with explicit staleness/decay indicators [55, 67] or with missingness
masks provided to the model [105, 126]. Some studies leveraged model-native missingness tolerance in gradient-
boosted tree implementations (LightGBM/XGBoost) [34, 37]. More specialized strategies included Gaussian Process
Regression for multivariate time-series interpolation [133] and GAN-based imputation via a GAIN module [146].

Explicit policies for handling the complete absence of one or more modalities at inference time were reported in
only 7 studies (6.1%), while 108 studies (93.9%) did not address missing modality scenarios. Among the 7 studies
that did, strategies varied in architectural formality. MedFuse processed variable-length sequences such that an ab-
sent chest X-ray reduced the fusion input to a single-element LSTM sequence rather than triggering a model failure
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[53]. One study set all pixel values to zero for missing imaging modalities, preserving the fixed-input structure of
the model [80]. A graph-based fusion architecture encoded modality presence or absence via binary adjacency ma-
trices, allowing the model to adapt its aggregation to whichever modalities were available for a given patient [132].
Another architecture handled missing modalities by omitting the corresponding feature extractor and classifier branch
during fusion without requiring structural modifications [136]. One study described its Transformer architecture as
processing whichever modality tokens happened to be available without requiring resampling [77]. One further study
described its framework as remaining applicable when some EHR modalities were lacking, though detailed masking
logic for a fully missing branch was not provided [55]. One study reported that its dual-encoder pretraining design
permitted independent use of each modality encoder after training [57].

External validation, defined as evaluation on a dataset drawn from a different site, time period, or patient population
than the training cohort, was conducted in 28 studies (24.3%). The remaining majority (n = 87, 75.7%) reported
performance on internal splits or held-out test sets from the same source cohort only. Subgroup analyses were reported
in 15 studies (13.0%) and varied considerably in scope and motivation. Age-stratified performance was the most
common form, assessing whether discrimination held across patient age bands [36, 53]. Disease-specific subgroups
were also evaluated, including stratification by cancer type [38], infection source [131], and clinical diagnosis [56].
A smaller number of studies examined performance across sex [140] or race and ethnicity [37, 143], and one study
conducted a geographic leave-one-country-out evaluation across nine European countries, reporting ICU mortality
AUROCS ranging from 0.73 to 0.90 [123]. Subgroup analyses were predominantly discriminative, reporting AUROC
or AUPRC within each stratum; none reported calibration or net benefit disaggregated by subgroup.

3.8. Reproducibility indicators
Table 5 summarizes the prevalence of reproducibility artifacts across the included studies.

Table 5: Reproducibility indicators. Percentages are computed out of all included studies. All indicators are binary (Yes/No) except where noted.

Indicator Count % (of n =115)
Data lineage reported (dataset identified) 115 100.0%
Train/validation/test splits specified 79 68.7%
Model hyperparameters reported 59 51.3%
Code repository URL provided 29 25.2%
Pseudocode provided 8 7.0%
Model card reported 0 0.0%

Reproducibility indicators were unevenly distributed across the corpus. All 115 studies (100%) identified their data
sources, meeting a basic requirement for reproducibility by enabling the underlying dataset or cohort to be located or
requested. Beyond data lineage, the picture was more heterogeneous. Train, validation, and test split specifications
were reported in 79 studies (68.7%), while 36 studies (31.3%) did not describe how data were partitioned, leaving
exact replication undetermined. Hyperparameter configurations of the models were reported in 59 studies (51.3%)
and absent in 56 studies (48.7%). Code availability was limited: only 29 studies (25.2%) provided a repository URL,
while 86 studies (74.8%) released no exact implementation artifact. Pseudocode was provided in 8 studies (7.0%),
offering partial algorithmic transparency in the absence of executable code. No study in the corpus reported a model
card (n =0, 0%).

3.9. Author-reported gaps, limitations, and future directions

Author-reported gaps, limitations, and future directions were synthesized thematically with emphasis on issues
that directly affect evaluation and deployment readiness. Many studies motivated their models by pointing to practical
limitations of legacy severity scores, describing them as imprecise, time-consuming to compute, and overly depen-
dent on static admission-time snapshots [34, 40, 46]. In parallel, authors often framed timeliness as a core unmet
need, arguing that static, single-timepoint prediction can miss evolving physiology and treatment response and that
continuous or real-time risk updating is a necessary direction for ICU prognostic modeling [34, 41, 44, 79, 123, 131].

Beyond discrimination, a subset of studies explicitly identified incomplete evaluation as a limitation, including
missing calibration assessment and the need for calibration plots, Brier score reporting, and local (re)calibration prior
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to deployment [35, 96, 111, 128]. Several authors also emphasized that retrospective performance alone is insufficient
for translation, calling for prospective evaluation and impact studies to assess whether model use changes clinician
behavior and improves patient outcomes [36, 44, 86, 109]. Data quality constraints were frequently cited as practical
barriers: missingness and sparsity were described as sources of selection bias (e.g., exclusions) or noise (e.g., simple
imputation), with implications for robustness in real-world settings [41, 113, 119].

For multimodal systems specifically, some authors highlighted a structural mismatch between research assump-
tions and clinical reality: the assumption that all modalities are available at inference time was described as unre-
alistic, motivating architectures that can tolerate missing streams and scale to additional modalities while remaining
stable under incomplete inputs [53, 88, 132]. Interpretability was repeatedly raised as a barrier to clinical trust, often
framed as concern over “black-box” fused models; concrete future directions included more granular mechanisms
(e.g., attention or instance-level analysis) and evaluating machine-generated explanations against clinician annotation
[53, 108, 114, 122, 126, 133, 136]. Finally, generalizability was the most common limitation, with many studies
acknowledging single-center retrospective development (frequently using MIMIC) and urging multicenter external
validation, including attention to context transfer and lower-resourced settings [38, 85, 104, 109]. Demographic gaps
were mentioned less often but included calls for more rigorous evaluation across non-white racial groups in fairness
analyses and for more sex-disaggregated evidence [37, 140].

4. Discussion

4.1. Summary of evidence mapped to objectives

This scoping review mapped 115 peer-reviewed multimodal IHM prediction studies published between 2011 and
2025 (search window: 2010-2025) across three pre-specified objectives: (i) fusion architecture and transparency, (ii)
evaluation beyond discrimination, and (iii) operational readiness. The resulting evidence base reveals a field that has
achieved methodological maturity in constructing predictive pipelines but has not developed a correspondingly mature
evaluation culture, specifically with respect to clinical translation readiness.

Objective 1: Fusion architectures and transparency. Early fusion, predominantly implemented as feature con-
catenation into a single shared model, accounts for 70.0% of the corpus. The multimodal input landscape was dom-
inated by structured physiologic time-series, laboratory values (95.7%) and continuous vital signs (80.9%), and by
coded/tabular EHR variables such as demographics (82.6%). Clinical notes (15.7%), medical imaging (e.g., chest
imaging: 7.8%), and high-frequency waveforms (cardiac: 1.7%; neurologic: 0.9%) appeared in a minority of stud-
ies. This architectural dominance has a structural interpretive consequence: concatenation-based pipelines do not
inherently produce per-case modality-level attribution, because the boundary between data sources is dissolved before
modeling. The consequence is not merely technical; it limits the type of explanation that can be offered to a clinician
reviewing a specific patient’s risk estimate. Intermediate fusion, where modality-specific encoders maintain separate
representations before merging, is present in 26.0% of studies and constitutes the architecture suited to modality-level
transparency. Yet even within the intermediate fusion group, explicit per-case modality attribution was reported in
only 2 studies across the entire corpus (1.7%), indicating that the architectural prerequisite for such transparency is
often present but not operationalized as an interpretability output. Feature-level interpretability methods of any kind
were reported in only 21 studies (18.3%), with full per-case resolution in 13 (11.3%).

Together, these findings characterize a field where architecture choice is principally driven by predictive perfor-
mance rather than by the transparency requirements of the intended clinical application.

Objective 2: Evaluation beyond discrimination. Calibration was assessed in 34.8% of included studies, meaning
nearly two-thirds of the corpus provides no evidence that predicted probabilities correspond to observed outcome
frequencies. Decision curve analysis, which translates model outputs into clinically interpretable net benefit and
provides the most direct evidence of value for threshold-based use, was performed in 17.4%. Per-case uncertainty
quantification was reported in a single study (0.9%). These figures are consistent and mutually reinforcing: the
literature has developed a shared reporting norm around discrimination metrics and has not yet established analogous
norms around reliability, utility, or uncertainty estimation.

Objective 3: Operational readiness. Missing-modality handling was identified as the largest operational gap.
Only 7 studies (6.1%) specified any policy for what the model does when a modality is absent at inference time; the
remaining 93.9% implicitly assume complete modality availability. In a real clinical ICU, modalities are routinely
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absent for clinical or logistical reasons: imaging may not be ordered, notes may not have been charted within the pre-
diction window, and specific assays may be unavailable. A model evaluated only under complete-modality conditions
provides no evidence of behavior under the conditions it will actually encounter during deployment. Missing feature
handling within modalities was addressed in 67.0% of studies, indicating that intra-modality missingness (feature-
level) is broadly recognized as a technical challenge, while cross-modality missingness is largely unaddressed as an
architectural concern. Timeliness evaluation (assessing whether performance holds at early or variable prediction
horizons) was reported in 19.1% of studies. External validation was conducted in 24.3%, leaving three quarters of
the corpus with performance evidence drawn exclusively from internal splits of the same source cohort. Subgroup
evaluation was reported only in 13.0%, and in all cases restricted to discrimination metrics. On reproducibility, the
corpus maintains a complete record of data sources (100.0%) and reasonable coverage of split specifications (68.7%)
and hyperparameters (51.3%), but only 25.2% provide executable code and no study reported a structured model card.
The absence of model cards across all 115 studies is notable, as structured documentation of model behavior, intended
use, and known limitations is increasingly used as a practical artifact for clinical Al review and deployment planning.

4.2. Practical implications for “clinically evaluable” ICU mortality models

The included studies demonstrate that heterogeneous ICU data can be integrated across modalities using a wide
range of fusion strategies and algorithm families, and the field’s primary emphasis on discrimination metrics reflects
that predictive performance has been the dominant objective. The gaps documented here are not in methodological
variety but in the evidence base required to judge whether a model is ready for clinical evaluation.

Calibration matters most directly for any protocol that assigns action at a defined probability threshold. A well-
calibrated model enables a clinician or care team to reason about the practical meaning of a predicted risk value; an
uncalibrated model with the same AUROC does not [17]. The current review finds that ~45% of the multimodal
IHM literature provides no such evidence across selected studies. Given that calibration can be computed from the
same held-out data used for discrimination reporting, its absence reflects a reporting norm rather than a technical
barrier. Thus, the simplest near-term step for the field is to treat calibration as a required companion to discrimination
(AUROC/AUPRC) in model evaluation and reporting [19].

Decision curve analysis provides a second, complementary dimension of evidence that calibration alone does not
supply: it quantifies whether acting on a model’s predictions yields better patient outcomes, on average, than uniform
clinical policies across practically relevant decision thresholds, and provides the most direct evidence of clinical value
for any threshold-based use case [18]. The studies in this corpus that conducted DCA used it to compare model-guided
thresholding with clinical scoring systems and treat-all/treat-none baselines across decision thresholds. The rarity of
DCA (»17%), therefore, represents a missed opportunity: without such analyses, it remains difficult to translate
discrimination and calibration results into evidence about net clinical benefit for plausible use cases.

Interpretability in a multimodal context carries a specific structural requirement that extends beyond what is suf-
ficient for unimodal models. A clinician encountering a multimodal risk estimate can reasonably ask not only which
features drove the prediction, but which data source was most informative for this patient on this occasion. This ques-
tion is answerable only when the architecture preserves the modality boundary through to an attribution mechanism.
The near-total absence of modality-level attribution in the corpus reported by 2 of 115 studies indicates that this ques-
tion is rarely answerable from the explored literature, even when the model has the architectural capacity to support
it. As clinical Al governance frameworks increasingly require that systems be auditable and that their behavior be
explainable at the case level [15], this gap will become harder to overlook in clinical evaluation processes.

The missing-modality gap has a practical severity that may be underappreciated in retrospective research settings.
Publicly available benchmark datasets yield well-curated, relatively complete records accounting for the large major-
ity of dataset-study associations (MIMIC-III: #38%; MIMIC-IV: #40%). A model trained and evaluated on complete
multimodal observations may fail silently or behave unreliably when a modality is missing in deployment. Speci-
fying a missing-modality policy (e.g., graceful degradation to the available subset, a calibrated fallback, or explicit
abstention) is a design decision that should be made before clinical evaluation begins.

Reproducibility is closely linked to all of the above: external validation, calibration replication, and missing-
modality stress testing all require access to implementation details that most studies do not provide. With =75% of
studies releasing no code and no study providing a structured model card, the field’s cumulative evidence base cannot
be readily audited, replicated, or built upon.
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4.3. Research gaps and actionable future agenda

The gaps identified in this review are hierarchically structured. Some are immediately addressable within existing
study designs; others require architectural changes or new evaluation paradigms.

The most immediately actionable gap is calibration and DCA reporting. Neither requires new data, new models,
nor architectural change. Any study that produces predicted probabilities on a held-out set can compute and report
a reliability diagram, Brier score, and decision curve. The field would benefit from adopting a minimal reporting
bundle: discrimination, calibration, and net benefit, as a community norm for multimodal ICU prediction studies,
consistent with evolving standards in clinical prediction model reporting [19].

The modality-level transparency gap requires architectural intentionality. Studies seeking to provide modality-
level interpretability should design for it, choosing fusion architectures that preserve modality-specific representations
through to an attribution layer rather than treating transparency as a post-hoc addition. Intermediate and late fusion
architectures are structurally suited to this purpose; early-fusion concatenation pipelines generally are not. The choice
of fusion level should therefore be informed not only by predictive performance targets but also by the transparency
obligations of the intended clinical application.

Missing-modality robustness requires both evaluation and, in most cases, architectural provisions. Future studies
should explicitly specify what the model does when a modality is absent and evaluate performance under realistic
missing-modality scenarios rather than only under complete-data conditions. For models intended for high-acuity
clinical use, a calibrated fallback that reverts to the best available subset of modalities, with quantified performance
expectations for that reduced configuration, represents a minimum operational specification.

External validation is essential for establishing generalizability beyond the training institution and era. The con-
centration of the corpus on MIMIC-III and MIMIC-IV creates both an opportunity and a risk: benchmark standard-
ization enables reproducible comparison, but it may mask the degree to which learned decision rules depend on EHR
system-specific data structures, coding practices, and patient population characteristics. Studies that validate across
time periods (e.g., CareVue versus MetaVision eras within MIMIC), institutions, or national registries provide sub-
stantially stronger evidence of deployability.

Subgroup evaluation should be extended beyond discrimination metrics. The existing subgroup analyses in this
corpus evaluate AUROC within strata; none report calibration or net benefit by subgroup. Whether a model is well-
calibrated for older patients, patients of specific diagnoses, or demographic subgroups with known disparities in
clinical Al performance is a distinct and clinically important question that disaggregated discrimination cannot answer.

Retrospective studies are evaluation-focused rather than describing end-to-end deployment workflows; nonethe-
less, structured documentation can facilitate independent verification and downstream clinical evaluation. Model
documentation, specifically structured model cards that summarize intended use, training data characteristics, per-
formance across relevant subgroups, and known limitations, represents a low-burden reproducibility and governance
artifact that no study in this corpus produced. As pre-trial evaluation frameworks for clinical Al systems increasingly
expect such documentation [19], the field’s current norm of omitting structured model documentation constitutes a
gap that is largely within the control of research teams to close.

4.4. Limitations of this review

The review is restricted to English-language, peer-reviewed publications indexed in PubMed, Scopus, and Google
Scholar, and the search window closes at November 2025. Studies published in other languages, disseminated as
preprints only, or indexed in other databases were not captured. Multimodality was defined by data provenance: a
study was included if it fused data from two or more distinct modality categories, regardless of whether the authors
described their approach as "multimodal." This inclusive operationalization maximizes recall but means that some
included studies employed relatively simple cross-domain feature combinations rather than architectures designed
for multimodal representation learning. The Al-assisted screening and extraction workflow, while validated against
a human-reviewed benchmark following the approach described in the prior systematic review [33], introduces the
possibility that nuanced reporting in complex studies was extracted with less than perfect fidelity; all extracted values
used in quantitative analyses were verified by human reviewers, but qualitative synthesis fields carry residual uncer-
tainty. Next, although the search window spanned 20102025, the corpus is heavily concentrated in 2021-2025 (n=98,
~85%), reflecting the field’s rapid emergence following the widespread adoption of large-scale EHR benchmarks and
deep learning architectures. Finally, year-by-year trend analysis was outside the scope of this work.
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Appendix A. Association rule mining details

To characterize how domains are combined, we performed pairwise association rule mining on the reported data
inputs using minimum support 10% and minimum lift 1.1.

Table A.6: Top pairwise associations between data domains ranked by Lift. High lift (strength of association relative to random chance) values
(> 1) indicate domains that frequently appear together as a cluster.

Antecedent Domain  Consequent Domain  Support Confidence  Lift

Procedures Diagnoses 0.10 0.67 240
Diagnoses Procedures 0.10 0.38 240
Medications Comorbidities 0.13 0.63 1.56
Comorbidities Medications 0.13 0.33 1.56
Comorbidities Administrative 0.10 0.26 143
Administrative Comorbidities 0.10 0.57 143
Comorbidities Severity scores 0.22 0.54 142
Severity scores Comorbidities 0.22 0.57 142

Appendix B. Multimodal and Fusion Taxonomy

The following taxonomy was used to categorize data provenance and fusion strategies. Multimodality was defined
as the use of data from more than one of the five Data Modality Categories. Fusion level was determined by the
topological stage of integration as defined in the Fusion Strategy Classifications.

Data Modality Categories (Provenance Buckets)
Data inputs were mapped to five canonical categories based on their original source system, aligning with provenance-
based definitions in biomedical AI [11-13].
1. Physiologic time-series
o Continuous vitals: Standard bedside vital signs monitored continuously or intermittently
e Laboratory values: Blood/serum/urine tests ordered and resulted at intervals
e Ventilator parameters: Mechanical ventilation settings and measurements

e Respiratory support: Oxygen delivery methods and ventilation modes

Medication infusions: Time-varying rates of continuous medication drips

Intake/output: Fluid administration and elimination measurements
e Neurologic assessments: Consciousness scales and neurologic examination findings
2. Clinical text
e (Clinical notes: Provider documentation of patient status and care plans
e Procedure notes: Documentation of interventions and operations performed
o Diagnostic reports: Interpretations of diagnostic tests and imaging studies
o Consultation notes: Specialist evaluations and recommendations
3. Coded / Categorical / Tabular
e Demographics: Patient identifying characteristics and insurance information
e Comorbidities: Pre-existing conditions and chronic disease burden indices
e Diagnoses: Coded medical conditions and diagnosis groupings

e Procedures: Coded interventions and procedure flags
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Medications: Medication lists and orders (non-time-varying)

Severity scores: Illness severity and risk stratification indices

Administrative: Admission/discharge information and billing data

Care intensity: Location and level of care provided
4. High-frequency physiologic waveforms

o Cardiac waveforms: ECG and arterial pressure signals sampled at >100 Hz

Respiratory waveforms: Breathing effort and gas exchange signals

Plethysmography waveforms: Optical pulse and perfusion signals

Neurologic waveforms: Brain electrical activity and intracranial pressure signals
e Hemodynamic waveforms: Central venous and pulmonary artery pressure signals
5. Medical imaging pixels
o Chest imaging: Radiographic and CT imaging of thorax
e Neuroimaging: CT and MRI of brain and spine

e Abdominal imaging: CT and ultrasound of abdomen and pelvis

Vascular imaging: Angiographic studies of blood vessels

Cardiac imaging: Echocardiography and functional cardiac studies

Other imaging modalities: Nuclear medicine and specialized imaging techniques

Fusion Strategy Classifications

Fusion strategies were mutually exclusive and categorized based on the topological stage of integration [9, 10].

Fusion Category Topological Definition [9]

Early Fusion Integration occurs at the input stage. Raw data or extracted features are con-

(Feature-level) catenated into a single vector or sequence before processing by a shared model
trunk.

Intermediate Fusion Integration occurs after modality-specific encoders. The architecture contains

(Representation-level) distinct processing branches for different modalities that merge into a joint rep-

resentation layer.

Late Fusion Integration occurs at the prediction stage. Independent models generate separate
(Decision-level) predictions or probability scores which are aggregated (e.g., averaging, voting,
meta-learning).

Hybrid Fusion The architecture utilizes two or more of the above strategies simultaneously
(e.g., Early fusion of structured data + Intermediate fusion with text).

Appendix C. Algorithm Taxonomy and Normalization Strategy

To ensure reproducibility, algorithms were categorized using a fixed dictionary mapping rules based on the re-
ported model architecture.
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Macro-Family Definitions

Macro categories follow the structural classification of Delpino et al. [149]:

o Linear / Statistical: Parametric models utilizing linear combinations of features, including logistic regression,
penalized regression (LASSO/Ridge), and Cox proportional hazards.

e Tree-based: Non-parametric models relying on decision tree structures, including single trees, bagging ensem-
bles (Random Forest), and boosting ensembles (GBM, XGBoost).

o Neural Networks: Deep learning architectures and feed-forward networks.

e Other: Instance-based learning (kNN), kernel methods (SVM), probabilistic classifiers (Naive Bayes), and
other non-canonical approaches.

Micro-Family Mapping Rules

Within Macro families, specific architectures were isolated following Kline et al. [13]:

e Neural Networks were stratified into:

— Transformer / BERT / LLM family: Models using self-attention mechanisms (e.g., BERT, GPT, Clinical-
BERT).

— RNN family: Sequence-based models including LSTM, GRU, and Bi-LSTM.
— CNN family: Convolutional architectures (e.g., ResNet, Inception).
— MLP /FFNN: Fully connected feed-forward networks.
e Tree-based models were stratified into:
— Gradient-boosted trees: Sequential boosting algorithms (XGBoost, LightGBM, CatBoost, AdaBoost).
— Random Forest / ExtraTrees: Parallel bagging ensembles.

— Decision Tree: Single CART or C4.5 implementations.

Exclusion of "Ensembles" as a Family

Consistent with structural normalization, "Ensemble" was not treated as a distinct algorithm family. Heteroge-
neous ensembles (e.g., stacking) were categorized according to their meta-learner algorithm (e.g., a stacked model
with a logistic regression meta-learner was counted under Linear / Statistical).

Appendix D. LLM-assisted screening and extraction workflow

We implemented an LLM-assisted pipeline to increase throughput and standardization during screening and data
charting, following the same general approach described in the prior review automation work [33], with adaptations
for the present multimodal ICU mortality review. Records were managed in Zotero for reference management and
deduplication. PDFs were retrieved using Zotero’s full-text retrieval when available and supplemented by manual
retrieval for any missing articles. Titles/abstracts and full texts were processed by custom Python scripts, which
interfaced with a Gemini model to apply predefined inclusion/exclusion criteria and to populate a structured extraction
form. Although the workflow is model- and language-agnostic in design, this review included English-language
studies only, consistent with the eligibility criteria.

The workflow followed the same staged structure for title/abstract screening, full-text screening, and extraction:

1. Calibration and prompt refinement. A small representative sample was reviewed by human experts to ensure
consistent application of eligibility criteria and to refine the extraction schema and prompts used by the LLM.

2. Automated LLM processing with redundancy. For each record, the pipeline issued repeated independent LLM
calls using the finalized prompt (three runs per record) and retained the majority decision for screening tasks.
For extraction, the LLM produced structured outputs aligned to the extraction schema.
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Figure D.3: Al-assisted workflow used to support screening and data charting in this scoping review (adopted from Scherbakov et al. [33]). The
large language model (LLM) is used as an assistive layer for (i) title/abstract screening, (ii) full-text screening, and (iii) structured data extraction.
At each stage, LLM outputs are subject to mandatory human verification and adjudication, and the final inclusion/exclusion decisions and extracted
values used in analyses are confirmed by human reviewers.

3.

Human verification and benchmarking. LLM outputs were treated as assistive rather than authoritative. Final
inclusion/exclusion decisions were confirmed by human reviewers. A precision-focused benchmark was con-
ducted by independently reviewing a random sample of screened records (n=100) and thoroughly verifying
extracted values for a subset of included studies (n=30); discrepancies were logged and resolved by consensus
prior to proceeding with full-corpus extraction.

This workflow was used to support screening and structured data charting. Prompt templates used in each phase
are provided in the Appendix for auditability.

Prompt templates used in this review

Screening 1 prompt (title + abstract):

You are screening TITLE + ABSTRACT for a scoping review on multimodal ICU
in-hospital mortality (IHM) prediction.

Use TAXONOMY_DEFINITIONS as the authoritative codebook for modality-by-
provenance definitions used in eligibility decisions.

Eligibility criteria

Inclusion (all required):
1.

2.
3.
4. Uses >=2 data modalities by provenance and includes at least one ICU-anchor

Adult ICU inpatient population (hospital critical-care units).
Outcome includes in-hospital mortality (primary or among reported outcomes).
Empirical model development and/or validation study.

modality: (a) physiologic ICU data (vitals and/or labs) OR (b) clinical notes.
Reports at least one evaluation metric relevant to model performance
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(e.g., discrimination, calibration, and/or decision-curve/net-benefit analysis).
6. English-language publication (2010-2025).
7. Peer-reviewed journal article or full peer-reviewed conference paper.

Exclusion (exclude if any true):

Pediatric/neonatal-only cohort.

Post-discharge-only outcomes without in-hospital mortality.
Simulation/method-only paper without empirical patient data.
Editorial/letter/protocol/thesis/dissertation/preprint-only/review article.
Imaging-only modeling without EHR clinical data.

o W N

Decision rule:

- Include: all inclusion = Yes and all exclusion = No.

- Exclude: any inclusion = No OR any exclusion = Yes.

- Unclear: otherwise (if there is not enough information to determine inclusion or exclusion).

Instructions:

1. Internally evaluate each criterion as Yes, No, or Unclear.

2. Apply TAXONOMY_DEFINITIONS when evaluating multimodality/provenance terms.

3. Apply the decision rule to produce one overall per-paper final decision.

4. Output only the JSON object below (no explanatory prose, headings, or markdown).

Output format (JSON only; no extra text):

{

"Final Decision": "Include|Exclude|Unclear",

"Justification": "Concise decision rationale from title/abstract evidence."
}
Article

Title: {TITLE}
Abstract: {ABSTRACT}
Taxonomy definitions: {TAXONOMY_DEFINITIONS}

Screening 2 prompt (full text):

You are screening a full article text for a scoping review on multimodal ICU
in-hospital mortality (IHM) prediction.

Use TAXONOMY_DEFINITIONS as the authoritative codebook for modality-by-
provenance definitions used in eligibility decisions.

Eligibility criteria

Inclusion (all required):
1. Adult ICU inpatient population (hospital critical-care units).
2. Outcome includes in-hospital mortality (primary or among reported outcomes).
3. Empirical model development and/or validation study.
4. Uses >=2 data modalities by provenance and includes at least one ICU-anchor
modality: (a) physiologic ICU data (vitals and/or labs) OR (b) clinical notes.
5. Reports at least one evaluation metric relevant to model performance
(e.g., discrimination, calibration, and/or decision-curve/net-benefit analysis).
6. English-language publication (2010-2025).
7. Peer-reviewed journal article or full peer-reviewed conference paper.

Exclusion (exclude if any true):

Pediatric/neonatal-only cohort.

Post-discharge-only outcomes without in-hospital mortality.
Simulation/method-only paper without empirical patient data.
Editorial/letter/protocol/thesis/dissertation/preprint-only/review article.
Imaging-only modeling without EHR clinical data.

g WwN -

Decision rule:
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- Include: all inclusion = Yes and all exclusion = No.
- Exclude: any inclusion = No OR any exclusion = Yes.
- Unclear: otherwise (if there is not enough information to determine inclusion or exclusion).

Instructions:

1. Internally evaluate each criterion as Yes, No, or Unclear.

2. Apply TAXONOMY_DEFINITIONS when evaluating multimodality/provenance terms.

3. Apply the decision rule to produce one overall per-paper final decision.

4. Output only the JSON object below (no explanatory prose, headings, or markdown).

Output format (JSON only; no extra text):

{

"Final Decision": "Include|Exclude|Unclear",

"Justification": "Concise decision rationale from title/abstract evidence."
}
Article

Title: {TITLE}

Abstract: {ABSTRACT}

Full text: {FULL_TEXT}

Taxonomy definitions: {TAXONOMY_DEFINITIONS}

Data extraction/charting prompt:

You are extracting data for one included study in a scoping review on multimodal
ICU in-hospital mortality prediction.

Instructions:

- Extract only what is reported in the article.

- Preserve study wording for narrative fields.

- Use TAXONOMY_DEFINITIONS as the coding dictionary for: "Fused Data Domains
mapped", "Multimodal Fusion Level", and "Algorithms Micro Families".

- If a field is not reported, return "None".

- Return exactly one JSON object and no additional text.

Output schema:
{
"Title": "" )
llAuthorS" . nn ,
"Year": "",
"Reported Dataset Details": "",
"Reported Cohort Details": "",
"Fused Data Domains mapped": [],
"Multimodal Fusion Level": "",
"Fusion Description": "",
"Pipeline Description": "",
"Algorithms Micro Families": [],
"Evaluation Metrics": [],
"Calibration Evaluation": {
"Brier_score_YN": "Y|N",
"ECE_YN" .oy | N" s
"Reliability_diagram_YN": "Y|N",
"Slope/intercept_YN": "Y|N",
"Other": "None or concise text"
o
"Decision Curve Analysis": "None or concise text",
"External Validation (Yes/No)": "Yes|No",
"Timeliness Evaluation": "None or concise text",
"Subgroups Evaluation": "None or concise text",
"Feature-Level XAI": "None or concise text",
"Modality-Level Attribution": "None or concise text",
"Missing Features Strategy": "None or concise text",
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Do
"Notable Quotations": "None or one short verbatim quote",
"Per-case Uncertainty": "None or concise text"

}

Article

Title: {TITLE}

Abstract: {ABSTRACT}

Full text: {FULL_TEXT}

Taxonomy definitions: {TAXONOMY_DEFINITIONS}

"Missing Modality Policy": "None or concise text",
"Reported Gaps": "None or concise text",
"Reported Limitations": "None or concise text",
"Reported Future Directions": "None or concise text",
"Reproducibility": {

"pseudocode_YN": "Y|N",

"splits_specified_YN": "Y|N",

"hyperparameters_YN": "Y|N",

"model_card_YN": "Y|N",

"data_lineage_YN": "Y|N",

"code_YN": "Y|N"

Appendix E. Extraction table for the selected studies is available in the supplementary files
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