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Introduction: Intensive care units require rapid, high-stakes decision-making. Although artificial intelligence (Al) offers superior
predictive accuracy compared with traditional scoring methods, its “black-box” nature remains a barrier to clinical adoption.
Objective: This scoping review systematically mapped the translational potential and characteristics of explainable artificial
intelligence (XAI) strategies in AI/ML-based clinical decision support tools for adult intensive care unit (ICU) settings.

Methods: Following PRISMA-ScR guidelines, we searched Web of Science, PubMed, Scopus, and EBSCOhost up to January 2026.
Translational potential was staged using an ICU-adapted, nine-level Technology Readiness Level (TRL) framework, and explainability
strategies were classified as post-hoc or inherently interpretable (glass-box) to assess methodological transparency and clinical
readiness.

Results: A total of 808 records were identified, of which 29 studies met the inclusion criteria. The findings revealed a marked
retrospective predominance (86.2%) and reliance on North American data, predominantly MIMIC (Medical Information Mart for
Intensive Care). Tree-based ensembles (82.8%) and post-hoc SHAP explanations (86.2%) were dominant, with proposed clinical
utility spanning three domains: therapeutic guidance, resource-allocation optimisation, and user-centric design. Most innovations were
standalone, web-based prototypes requiring manual data entry (69.0%, TRL 4-5); a further 10.3% were shared only as open-source
code, and only 17.2% reported integration with hospital systems. Only one study claimed clinical maturity (TRL 9), although its
validation remained retrospective.

Conclusion: Accuracy is no longer the primary bottleneck; the constraint has shifted to “last-mile” integration and external validity.
Current XAl relies almost entirely on post-hoc methods that risk an “illusion of clarity”, while inherently interpretable, glass-box
models remain a rare but promising alternative. Future research should prioritise external validation in independent settings,
prospective evaluation of clinical impact, and explicit comparison between post-hoc and interpretable approaches.

Keywords: artificial intelligence, clinical decision support, explainable Al, intensive care unit, technology readiness level,
translational research

Introduction

The Intensive Care Unit (ICU) is a high-risk medical environment characterized by time-critical decision-making under
considerable uncertainty, often compounded by significant operational pressure on the interdisciplinary healthcare team,’
a structure built on close cooperation among physicians, nurses, and allied health professionals.” The abundance of
patient data from various monitoring devices often leads to cognitive fatigue and a significant administrative burden for
healthcare professionals.® Data-driven clinical decision support systems (CDSS) are essential for the effective processing
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and integration of clinical information.* Digital technologies are expected to reduce medical errors and optimise the use
of limited ICU resources through real-time predictive analytics that complement clinical judgement.*”

Prompt medical responses are required to manage critical conditions such as sepsis, acute kidney injury (AKI), acute
respiratory distress syndrome (ARDS), and ischaemic stroke. Each hour of diagnostic delay can significantly worsen the
clinical outcomes.®’ Artificial Intelligence (AI) models have demonstrated excellent performance, with AUROC values
reaching up to 0.98, often surpassing conventional scoring systems such as SOFA and APACHE.>® A clear gap remains
between the model accuracy on paper and the tangible benefits in clinical settings. The “black-box” phenomenon continues
to pose a major barrier for clinicians who require transparency before adopting algorithmic recommendations.*

Tree-based algorithms and deep learning models can now analyse both tabular data and medical images with expert-level
accuracy.®'® High technical performance does not automatically translate to clinical readiness, as most innovations remain in
the early development stage.™® The translational potential of medical Al is defined as the ability of a model to move from
a research prototype to an operational tool embedded within clinical workflows to improve patient outcomes.>’ To system-
atically operationalise this construct, the present review adapts the nine-level Technology Readiness Level (TRL) framework
recently proposed for Al applications in the ICU setting, which stages Al maturity from initial problem identification (TRL 1)
to full integration into routine clinical practice (TRL 9)." Crossing this research-to-practice boundary requires explainable Al
(XAI) strategies, such as Shapley Additive exPlanations (SHAP) and LIME, which are crucial for providing visual
transparency to clinicians and facilitating more informed decision-making.*'' Explainable AI (XAI) strategies for clinical
decision support fall into two broad paradigms: models designed from the outset to be interpretable and post-hoc explanation
methods applied to otherwise opaque “black-box” models.'*'? Visual transparency for interdisciplinary ICU teams is
currently delivered almost exclusively through the latter, with SHAP and LIME being the most widely adopted approaches;
both extract explanations only after the underlying model has been trained and have been applied extensively to ICU
prediction tasks,'* including mortality prediction in ischaemic stroke patients.® Distinguishing between these two paradigms
is important because post-hoc methods typically offer only an approximation of a model’s reasoning, risking an illusion of
explanatory depth or clarity rather than genuine insight into its decision mechanism.'*"'>'® This distinction is especially
consequential in the ICU, where the accountability demanded of clinical decisions calls for a deeper understanding than
a mere summary of model patterns or trends.'*

XAI techniques are increasingly being applied in critical care; however, the literature remains fragmented. Zerdzinski
et al (2026)° mapped Al clinical maturity across five ICU domains but did not specifically examine the explainability
methods. Yang et al (2026)'” mapped 86 multimodal ICU Al studies but treated XAI only as a secondary theme, while
Athukorala et al (2026)"* focused specifically on XAI but restricted their scope to three clinical outcomes (sepsis onset,
ICU readmission, and mortality). None of these reviews systematically evaluated whether XAl explanations genuinely
improve clinician trust or introduce a new form of cognitive burden, namely, information overload. This review addresses
this gap by evaluating the translational potential of XAI across clinical tasks at the primary study level. The principal
operational barrier is “last-mile” integration, where accurate models remain difficult to convert into applications directly
connected to electronic health records (EHR) because of interoperability challenges. This gap is further compounded by
dataset bias and limited external validation across diverse populations.”’

The Current literature is highly heterogeneous in terms of model types, methodologies, and input data. Therefore,
a scoping review was selected as the most appropriate method for systematically mapping this rapidly evolving evidence
landscape. This scoping review aimed to systematically map the translational potential and characteristics of explainable
artificial intelligence (XAI) strategies in AI/ML-based clinical decision support tools for adult ICU settings. This review
is essential for identifying real-world implementation barriers to ensure that Al innovations do not remain mere statistical
achievements but become safe, transparent, and reliable clinical solutions for frontline healthcare professionals.

Method

Study Design

A scoping review design was employed to map the literature on translational potential and explainability strategies in Al/
ML-based decision-support tools for adult ICU settings. The review was conducted in a systematic, transparent, and
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reproducible manner and reported in accordance with the PRISMA Extension for Scoping Reviews (PRISMA-ScR)
guidelines.'® We documented all stages of the scoping review process, including identification and deduplication of
records, title and abstract screening, full-text eligibility assessment, data charting, and narrative synthesis of the findings.

The main methodology was established before screening and analysis. Inclusion and exclusion criteria based on the
PCC framework, definitions of translational potential indicators, data extraction plans, and synthesis approaches were all
pre-specified. Two independent reviewers (YP and YAB) screened and extracted data. Any disagreements were resolved
through discussion until a consensus was reached, thereby minimising selection and extraction bias. The research
question underpinning this review is: “What is the extent of translational potential and the nature of explainability
strategies reported for AI/ML-based clinical decision support tools in adult ICU settings?”

Eligibility Criteria
Eligibility criteria were established using the population, concept, and context (PCC) to align with the study objective of
mapping translational potential and explainability strategies in AI/ML-based decision-support tools for adult ICU settings.

Population: Adult patients (aged >18 years) admitted to the ICU, including medical, surgical, or mixed ICUs. Studies
were considered relevant if the population was within the context of adult critical care.

Concept: AI/ML-based clinical decision support tools incorporating components of explainable Al (XAI) or interpretable
machine learning for clinical decision support. This includes risk prediction, early warnings, alerts, triage, and clinical recom-
mendations. The concept encompasses explainability strategies identified through the search, such as SHAP, LIME, counter-
factual explanations, feature attribution/importance, saliency/Grad-CAM, and attention-based explanations. These are commonly
communicated through visualisation methods that are easily understood by clinicians, such as force plots, beeswarm plots or
summaries of key features. Studies employing inherently interpretable (glass-box) modelling approaches (eg, Explainable
Boosting Machines), incidentally captured within the broader AI/ML search terms, were also eligible and characterised during
data extraction according to whether they represented post-hoc explainability methods or inherently interpretable models.
Evidence of translational potential, such as clinical actionability, availability of prototypes or web calculators, and implementation
artefacts, was also included in this concept. This evidence was subsequently mapped to the Technology Readiness Level (TRL)
framework (Table 1) to provide an objective assessment of the maturity of the included studies.

Context: Clinical practice and workflow integration in adult ICU settings. Context covers actual implementation,
such as bedside use, EHR/EMR integration, dashboards, or automated notifications, as well as proposed or simulated
implementations, including web-based prototypes and feasibility evaluations within clinical workflows.

Inclusion and Exclusion Criteria

This review included primary quantitative research, such as retrospective or prospective cohort studies, cross-sectional studies,
model development and validation studies, and other observational studies that applied XAI/IML methods in the context of ICU
decision support. Studies were required to demonstrate at least one indicator of translational potential, defined as the provision of
source code, web-based tools, dashboards, calculators, or the implementation of workflow/EHR integration. This eligibility
criterion reflected the review’s specific focus on studies demonstrating explicit translational orientation, rather than model
development and validation alone; this scope was necessary to characterize the spectrum of translational readiness—from early-
stage outputs (eg, open-source code) to clinically mature applications—using the Technology Readiness Level (TRL) framework'
(Table 1). Studies reporting only model development and internal or external validation without any translational output, while
technically classifiable at lower TRL stages (eg, TRL 3-5), were excluded because they fell outside this review’s translational
focus; the implications of this scoping decision are discussed in the Limitations.

Exclusion criteria comprised:

e Secondary research, such as systematic reviews, meta-analyses, and scoping reviews.
¢ Non-empirical publications, including editorials, commentaries, letters to the editor, or opinion pieces.

Al models that are entirely black-box without clear explainability or interpretability components.

Studies that do not focus on medical decision support or lack clinical actionability relevance in the ICU context.

No restrictions were applied to the year of publication to provide a comprehensive overview of the development of evidence.
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Table | Definition of Technology Readiness Level (TRL) Framework for Al Applications in Intensive Care'

TRL Clinical Definition Explanation

| Problem identification Studies that identify or describe a clinical problem but do not propose an Al-based solution to address it.

2 Proposal of solution Studies that propose an Al-based approach for a specific clinical problem without proceeding to model
development.

3 Model prototyping and Studies in which an Al model was developed using a dataset, with its performance assessed solely through

and development internal validation.

4

5 Model validation Studies in which model performance is assessed on an independent dataset that differs temporally,
geographically, or in the clinical domain from the development data, with evaluation conducted offline and
without real-time deployment in a clinical environment.

6 Real-time testing Studies in which the model processes real-time clinical data and is embedded within the existing workflow,
although its output remains concealed from the clinical staff (“silent” deployment).

7 Workflow integration Studies assessing the practical feasibility of deploying the model within routine clinical care, such as pilot
implementations, user experience evaluations, or technical feasibility testing, in which the model output
becomes visible to the staff within the workflow.

8 Clinical testing Studies evaluating the clinical effectiveness of the integrated model typically compared it with a control group,
standard practice, benchmark performance, or pre- versus post-implementation outcomes, with model
output visible to staff.

9 Integration into clinical Studies reporting models that have been fully adopted and used routinely in clinical practice over a sustained

practice period.

Search Strategy

This scoping review adhered to the PRISMA-ScR. A systematic literature search was conducted in Web of Science,
PubMed/MEDLINE, Scopus, and EBSCOhost, covering all publications from the inception of each database until
January 2026. The search strategy was developed based on the PCC framework, utilising free-text terms and Boolean
operators (AND/OR). The population (P) targeted adult patients in the ICU: (“intensive care unit” OR ICU OR “critical
care” OR “critically ill” OR “critical illness”) AND (adult OR adults OR “adult patient*” OR “18 years” OR “aged 18
years”). The concept (C) included AI/ML for clinical decision support with explainability or interpretability components:
(“artificial intelligence” OR AI OR “machine learning” OR “deep learning” OR algorithm* OR “predictive model*”)
AND (“clinical decision support” OR CDSS OR “risk stratification” OR alert* OR “early warning”) AND (“explainable
AI” OR XAI OR SHAP OR LIME OR counterfactual* OR “feature attribution” OR saliency OR “Grad-CAM” OR PDP
OR ICE). The context (C) focused on integration into clinical practice and workflow in the ICU: (“clinical workflow” OR
implementation OR deployment OR bedside OR EHR OR EMR OR usability) AND (“intensive care” OR ICU OR
“critical care”). The complete search string, including all synonyms from the PCC table and syntax adjustments for each
database, is presented in Supplementary Table 1. Additional searches were performed using backward and forward

citation-tracking. All search results were exported to Mendeley (Elsevier, Netherlands) for deduplication and screening,
which was conducted by YP and YAB.

Data Extraction
Data were extracted using a pre-designed worksheet in Microsoft Excel, comprising three linked tables (Table 2,
Supplementary Tables 2A and B). Table 2 captures the Country, study design, population, dataset(s) used, sample size,

and validation strategy, graded as low/moderate/high using pre-specified criteria (Table 2 footnote). Supplementary
Table 2A captures the AI/ML architecture and interpretability paradigm, distinguishing post-hoc explainability methods
(for example, SHAP and LIME) from inherently interpretable, “glass-box” designs (for example, Explainable Boosting
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Table 2 Study Characteristics

No | Study (Author, | Country Study Design Target Population Dataset(s) Used Sample Validation Strategy
Year, Country) Size (N)
| Zhu et al China Multicenter Adult ICU patients with MIMIC-IIl, MIMIC-IV, 12,408 High: Multicentre, external,
retrospective an sepsis elCU- , and Local atients and prospective validation.
2025)"° P d p ICU-CRD, and Local p d prosp lid
prospective cohort Chinese ICU
study
2 X. Ge etal China Multicenter Adult ICU patients with | MIMIC-IV, elCU-CRD, and | 28,819 High: Multicentre external
retrospective cohort sepsis-associate: - ina patients and international validations.
2025)%° h d AKI FAH-HMU ICU (Ch d | valid
study
3 M. Chen et al China Multicenter Hemodialysis (HD) SYSU (China), MIMIC-IV, 2,895 High: Multicentre external
retrospective cohort atients in the and e - atients and international validations.
2026)%' P h p he ICU d elCU-CRD p d | valid
study
4 Ma et al (2025)22 China Retrospective cohort | Geriatric patients (265) MIMIC-IV (Development) 2,113 Moderate (Temporal/
study undergoing non-cardiac and MIMIC-IIl (Validation) | patients External Database
surgery Validation)
5 Y. Ge et al China Retrospective cohort | Adult ICU patients with MIMIC-IV v2.2 4,385 Moderate: Temporal
(2025)% study a primary diagnosis of (Development) and patients external validation (same
asthma MIMIC-IV v3.1 hospital system).
(Validation)
6 R. Yang et al China Multicenter Critically ill patients with [ MIMIC-lIl, MIMIC-IV, and 12,170 High: Multicentre external
(2025)** retrospective cohort | acute myocardial elCU database patients and international validations.
study infarction (AMI)
7 Hu et al (2023)25 China Retrospective cohort | Critically ill patients with | MIMIC-IV and elCU-CRD | 5,613 High: Independent external
study ischemic stroke patients database validation.
8 S. Q. Wang etal | China Single-center Adult patients with Two Burn Critical Care 237 Low: Internal validation only
(2025)* retrospective cohort | extensive burns (250% Units in Eastern China patients (single-centre setting).
study TBSA)
9 Gu & Lu (2025)27 China Retrospective cohort | Critically ill cancer elCU (Development) and 10,828 High: Independent external
study patients in the ICU MIMIC-IV (Validation) patients database validation.
10 Z. . Wang et al China Multicenter Ciritically ill patients with | MIMIC-IV, elCU-CRD, and | 3,303 High: Multicentre external
(2025)28 retrospective cohort liver cirrhosis QUAH (China) patients and international validations.
study
I Liu et al (2025)*° | China Multicenter Adult critically ill Sichuan Provincial 1,306 Moderate: Multicentre
prospective patients (aged 218) People’s Hospital patients internal validation within the
observational study registries same hospital.
12 Cheng et al China Multicenter Ischemic stroke patients | MIMIC-IV and three top- 707 High: Multicentre external
(2026)*° retrospective cohort | with impaired tier hospitals in China patients and regional validations.
study consciousness (GCS<8)
13 Y. Wang et al China Multicenter Traumatic spinal injury MIMIC-IV, eICU-CRD, and | 1,166 High: Multicentre external
(2026)3I retrospective cohort (TSI) post-surgery Xinjiang Medical patients and international validations.
study patients University
14 Bai et al (2026)*2 | China Multicenter Acute pancreatitis with MIMIC-IIL, 1V, elCU 2,714 High: Multicentre external
retrospective cohort | acute kidney injury (AP- | (Training) and 2 Chinese patients validation across
study AKI) Hospitals (Validation) independent hospitals.
15 C. Yang et al China Retrospective cohort | Critically ill cancer MIMIC-IV (USA) and 2,092 High: Independent, external,
(2026)* study patients in the ICU Chonggqing University patients and geographically distinct
Cancer Hospital validation.
16 Liang et al China Multicenter ICU patients with MIMIC-IV, Maoming 4,321 High: Multicentre external
(2026)** retrospective cohort primary traumatic Hospital, and Hainan patients validation across
study fractures Medical University independent hospitals.
17 Wei et al China Multicenter Adult ICU patients with MIMIC-III, MIMIC-IV, and 1,802 High: Multicentre external
(2025)35 retrospective cohort | acute pancreatitis Beijing Chaoyang Hospital | patients validation across
study independent hospitals.
(Continued)
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Table 2 (Continued).

No | Study (Author, | Country Study Design Target Population Dataset(s) Used Sample Validation Strategy
Year, Country) Size (N)
18 Ding et al China Multicenter Adult ICU patients with elCU database and 1,085 High: Multicentre external
(2024)¢ retrospective cohort | traumatic brain injury MIMIC-III patients validation (USA-based).
study (TBI)
19 Kim et al Korea Retrospective cohort | Heart failure patients at MIMIC-IV and elCU 12354 High: Multicentre external
2023)*7 stud high risk for cardiac Collaborative Research atients validation across the USA
y g P
arrest Database datasets.
20 Sjoding et al USA Retrospective cohort | Patients with acute MIMIC-IV and University 2,518 High: Independent external
(2021)'° study respiratory failure or of Pennsylvania data images validation in different
sepsis hospital systems.

21 J. Chen et al China Multicenter Adult pneumonia MIMIC-IV, MIMIC-III, 25,783 High: Multicentre, external,

(2025)%® retrospective and patients in the ICU elCU, and Fudan patients and prospective validation.
prospective cohort University
study

22 Liu et al, (2023)*° | China Multicenter Patients with wild 5 county hospitals in 567 High: Multicentre external
retrospective cohort mushroom poisoning Enshi, Hubei Province patients validation (independent
study hospital cohort).

23 M. Yang et al China Retrospective cohort | Sepsis patients requirin, MIMIC-IV (Development 12,878 High: Multicentre external

g P psis p quiring P 8!
(2024)*° study vasopressors within 24h | and elCU-CRD patients validation (international).
(Validation)
. Wang et al ina ulticenter ult and pediatric ree inese Hospital x igh: Multicentre and cross-

24 S. Wang | Ch Mul Adult and ped ICU | Three Ch Hospital 4,872 High: Mul d
retrospective cohort | patients with septic ohorts atients specialty external validation

2025)*! ive coh i ith septi Coh pati pecialty I validati
study shock required.

25 (Rong et al USA Retrospective cohort | Hospitalized COVID-19, | Texas Health Resources 11,999 High: Independent external
stu , and Sepsis an - atients validation across distinct

2025)% dy ARDS, and Sepsi THR) and MIMIC-IV pati lidati disti
patients disease profiles.

26 Lin et al (2025)* | Taiwan Single-center Patients with suspected Tri-Service General 1,492 Moderate: Chronological
retrospective cohort pneumonia-induced Hospital (EMR data) patients internal validation; lacks an
study sepsis external dataset.

27 Magunia et al Germany | Multicenter Adult ICU patients with Germany-wide electronic 1,186 High: Multicentre

(2021)* retrospective and PCR-confirmed COVID- | registry (27 hospitals) patients prospective validation in
prospective cohort 19 27 hospitals.
study

28 Jia et al (2021)* UK Single-center Adult ICU patients MIMIC-III clinical database | 2,299 Low: Internal split-sample
retrospective cohort requiring invasive patients validation only.
study ventilation

29 McWilliams et al UK Multicenter General Intensive Care Bristol Royal Infirmary 9,462 High: Multicentre external

(2019)* retrospective cohort | Unit (GICU) patients and MIMIC-III patients validation between the UK
study and USA cohorts.

Notes: The validation Strategy classification criteria are as follows: Low: internal validation only via random split-sample or standard cross-validation within a single-centre
dataset, with no temporal or geographic separation between the development and test cohorts. Moderate: either (a) temporal/chronological validation within a single data
source or site (test cohort separated by time but drawn from the same underlying population) or (b) validation across different versions/releases of the same source registry
(eg MIMIC-IIl vs MIMIC-IV, which originate from the same institution, Beth Israel Deaconess Medical Center, Boston, with overlapping enrolment periods, and therefore do
not constitute a genuinely independent external cohort). High: validation performed on data from a genuinely independent health system, institution, or country (eg
a separate hospital cohort or cross-database validation between MIMIC and elCU-CRD, which draws from a distinct multi-hospital network), with or without a prospective
component.

Abbreviations: AKI, acute kidney injury; AMI, acute myocardial infarction; AP-AKI, acute pancreatitis with acute kidney injury; ARDS, acute respiratory distress syndrome;
elCU-CRD, elCU Collaborative Research Database; EMR, electronic medical record; GCS, Glasgow coma scale; GICU, general intensive care unit; HD, hemodialysis; ICU,
intensive care unit; MIMIC, Medical Information Mart for Intensive Care; PCR, polymerase chain reaction; TBI, traumatic brain injury; TBSA, total body surface area; THR,
Texas Health Resources; TSI, traumatic spinal injury.

Machines); clinical domain, coded using the non-mutually exclusive Prognostic/Early Warning (P), Diagnostic/Detection
(D), Monitoring/Dynamic Assessment (M), Treatment/Decision Support (T), and Implementation/Readiness (I) taxon-
omy of Zerdzinski et al (2026), reflecting that individual studies commonly address more than one clinical function;
clinical task and predicted outcome; clinical task cluster; and key predictors. Supplementary Table 2B captures model
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performance, proposed clinical utility, a single dominant Translational Output category per study (eg interactive web
platform/calculator, open-source repository, hospital system integration, or clinically mature application), and
Technology Readiness Level (TRL)—a construct not directly reported by the primary studies but derived by the review
team from each study’s validation strategy and translational output, using the nine-level ICU-adapted framework of
Berkhout et al (2025)" (definitions in Table 1)—with the classification basis documented per study for transparency.

Two reviewers (YP and YAB) independently extracted data using this worksheet. A fourth reviewer (HP) checked for
completeness and quality of the data. Clinical relevance was assessed by an intensive care/anesthesiology physician
(YAB). A second reviewer (RM) provided methodological supervision, including inter-variable consistency checks (eg,
ensuring that the TRL classification was consistent with the reported validation strategy and translational output for each
study) and resolution of complex cases. References were managed using Mendeley. Discrepancies between the two
independent extractors were resolved through discussion and consensus with reference to the pre-specified eligibility
criteria and TRL classification rules (Table 1). A formal chance-corrected agreement statistic (eg, Cohen’s kappa) was not
calculated.

Data Analysis and Synthesis

Data were synthesised narratively across four domains aligned with the review objectives: (1) model architecture; (2)
explainability (XAI) strategies and visualisations, including whether each model relied on post-hoc explainability
methods applied to black-box architectures (for example, SHAP, LIME) or was inherently interpretable by design,
such as Explainable Boosting Machines, which require no separate explainer; (3) translational potential; and (4) proposed
clinical utility. For the translational domain, studies were grouped by the type of output reported (web-based prototypes
or online calculators, hospital system integration, open-source repository/public source code, or clinically mature
applications) and each was mapped to its corresponding Technology Readiness Level using the framework of
Berkhout et al (2025)' (Table 1), grounding translational maturity in an established scale rather than in narrative
judgement alone. Categorisation decisions were made through repeated discussions among the review team to ensure
consistency of the decisions. Table 2 summarises the study characteristics, and the full extraction data are reported in
Supplementary Tables 2A and B.

Result

Study Selection

A total of 808 records were identified from four databases (Web of Science, n = 52; PubMed/MEDLINE, n = 527,
Scopus, n = 157; EBSCOhost, n = 72). After removing duplicates (n = 173), 635 records were screened by title and
abstract, and 588 records were subsequently excluded. Full texts were retrieved and assessed for eligibility in 47 reports
(no reports were unobtainable); 18 reports were subsequently excluded, with reasons provided. A total of 29 studies met
the eligibility criteria and were included in this scoping review. The study selection process is illustrated in Figure 1.

Characteristics of Included Studies

This review included 29 studies published between 2019 and 2026, with a marked rise in recent years; 20 (69.0%)
appeared in 2025-2026, reflecting the growing global interest in the use of XAl in critical care. Most studies were
conducted in Asia, particularly China (22 studies, 75.9%), followed by the United States and the United Kingdom (two
each), and one each from South Korea, Taiwan, and Germany (Table 2).

Public US-based databases dominated the evidence base: 23 studies (79.3%) drew on MIMIC-III/IV, and 13 (44.8%)
used eICU-CRD for training or external validation. Encouragingly, 20 studies (69.0%) supplemented these with local
clinical data from the researchers’ institutions or regional collaborations, strengthening external validity and local
relevance. Retrospective cohort designs predominated (25 studies, 86.2%), with only four incorporating prospective or
real-world observational components. Seventeen studies were explicitly multicentre in design, and the sample sizes
ranged widely from 237 to 28,819 patients.

Journal of Multidisciplinary Healthcare 2026:19 https: 7
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Model Architecture

Across the included studies, model development consistently sought to balance the predictive accuracy and clinical
interpretability. Tree-based ensemble methods dominated, accounting for 24 of 29 studies (82.8%), including
XGBoost,>329:32:34:36.38.39 CqtBgst, 22303335 LightGBM,ZO’37’43 Random Forest,”** and several stacking or fusion
variants.>>27-2%*! The TOPSIS-based classification fusion model of S. Wang et al (2025) was similarly classified here,
as its core remains that of a gradient boosting decision tree.*' This preference reflects the suitability of tree-based
models for the non-linear, incomplete tabular data that are typical of ICU settings (Table 2 and Supplementary
Table 2A).

Deep learning architectures were used in only four studies (13.8% of the total). Two applied transformer-based
models to temporal or encounter-level data (SepsisFormer*® and TECO*?) while two applied convolutional neural
networks (CNNs) to different data types: Sjoding et al (2021)'° used a DenseNet-121 CNN on chest radiographs for
ARDS detection, the corpus’s only true imaging application, whereas Jia et al (2021)* applied a CNN to ventilator
waveform and physiological data to predict extubation readiness. Only one study, the Explainable Boosting Machine of
Magunia et al (2021),** used a genuinely glass-box architecture, indicating that, among the studies identified through this
search strategy, transparency in ICU Al models still overwhelmingly depends on post-hoc explanation methods applied

8 https: Journal of Multidisciplinary Healthcare 2026:19


https://www.dovepress.com/article/supplementary_file/621469/Supplementary%20Material.docx
https://www.dovepress.com/article/supplementary_file/621469/Supplementary%20Material.docx

Pranata et al

after model training rather than interpretable-by-design architectures. Overall, these findings suggest that within this
corpus, the field continues to prioritise black-box predictive performance, with interpretability added downstream rather
than built into the model design.

Explainability (XAl) Strategies and Visualisation

Transparency in ICU-based Al decision support was overwhelmingly achieved through post-hoc explanations applied to
otherwise opaque models, allowing clinicians to audit the reasoning behind a prediction after training the model itself
was trained. Shapley Additive exPlanations (SHAP) dominated this landscape, employed in 25 of the 29 included studies
(86.2%),207222425:353848 owing to its consistent, game-theoretic attribution of each feature’s contribution to the model
output. SHAP was typically applied at both the population level through summary and beeswarm plots highlighting

22,23

influential predictors such as lactate,”® age,”® and anion gap, and at the individual level, through force and waterfall

plots that traced how specific predictor values shifted a single patient’s risk estimate.?’->*->

Beyond SHAP, three studies adopted explanation techniques that were suited to their specific data and objectives.
McWilliams et al (2019)*® used permutation feature importance to rank predictors of ICU discharge readiness based on
their impact on model performance, whereas Jia et al (2021)*° combined DeepLIFT with counterfactual explanations
(DiCE) to identify the feature changes needed to achieve extubation readiness. For imaging data, Sjoding et al (2021)"°
applied Grad-CAM to generate saliency heat maps over chest radiographs, highlighting the regions most contributory to
automated ARDS detection.

One study departed from this post-hoc paradigm entirely: Magunia et al (2021)** employed an Explainable Boosting
Machine, a generalised additive model that is inherently interpretable by design and therefore requires no separate
explainer to trace each predictor’s contribution to the outcome. The near-total reliance on post-hoc explanation observed
within the identified corpus indicates that transparency in ICU Al has, to date, been layered onto black-box models after
the fact, rather than built into model architecture from the outset, a pattern with direct implications for how much genuine
interpretability current tools can offer at the bedside.

Translational Potential

Beyond reporting model performance, most included studies showed some orientation toward real-world use, ranging
from standalone prototypes to systems already embedded in the hospital infrastructure. Translational outputs were
grouped into four categories (open-source repository or public source code, web-based prototypes or online calculators,
hospital system integration, and clinically mature applications) and mapped to the corresponding Technology Readiness
Level (TRL) using the framework of Berkhout et al (2025)' (Table 1), providing an objective basis for comparing
translational maturity across the corpus. Figure 2 presents this synthesis as a three-column flow diagram (clinical task
cluster, dominant XAI method, and translational output) ordered by ascending mean TRL, showing at a glance how the
explainability approach and translational maturity shift across ICU applications.

Open-Source Repository or Public Source Code

Three studies (10.3%) made their models available as open-source code, also corresponding to TRL 4-5. Liu et al
(2023)* released a ready-to-use application for triaging wild mushroom poisoning, S. Wang et al (2025)*' provided code
for a septic shock mortality model, and Jia et al (2021)* published the source code underlying their ventilator-weaning
readiness model. Public code of this kind supports independent audit and replication, a prerequisite for building trust
ahead of wider clinical adoption.?”*

Web-Based Prototypes or Online Calculators

This was the most common translational pathway, reported in 20 of the 29 studies (69.0%), corresponding to TRL 4-5.
These tools typically allow clinicians to enter routine bedside variables and receive an immediate risk estimate through
a web interface, extending testing beyond the original development site.'”*® Their clinical scope was broad, spanning
sepsis,'” sepsis-associated acute kidney injury,® postoperative mortality in geriatric patients,”® asthma,” liver

25,30

cirrhosis,28 ischaemic stroke, pneumonia,38 and imaging-based ARDS detection.'® Most, however, remained
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Figure 2 The Translational Landscape of Explainable Al in Intensive Care.

standalone tools requiring manual data entry, positioning them as early indicators of translational intent rather than as

22,35

evidence of workflow integration, and reducing this dependence on manual input will likely be necessary before such

tools can function efficiently in time-pressured ICU settings.?*~*

Hospital System Integration

Five studies (17.2%) progressed to direct integration with hospital systems, corresponding to TRL 7. Magunia et al
(2021)** demonstrated this on the largest scale by embedding their model within a nationwide REDCap-based
registry that spanned 27 hospitals in Germany. At the single-institution level, Yang et al (2024)*° deployed
a bedside application connected to the hospital EHR to screen patients for clinical trial enrolment, whereas Lin
et al (2025)* embedded an AI-CDSS interface directly into the clinical workflow to support rapid sepsis
confirmation. Rong et al (2025)** benchmarked their continuously updating mortality-risk model against
a proprietary EHR deterioration tool to demonstrate real-time monitoring feasibility, and McWilliams et al
(2019)* proposed a dashboard “nudge” to prompt earlier ICU discharge decisions, although this remained
conceptual. Collectively, these examples suggest that direct workflow embedding, although achievable, remains
confined to a small number of studies.

Clinically Mature Application

Only one study (3.4%) reported translational output at the highest maturity level. Kim et al (2023)*7 described their
cardiac arrest early warning system as a clinically mature application, stating that it was already “in use and verified for
daily clinical practice” and “feasible for routine clinical use”. However, the evidence underpinning this claim remained
largely retrospective, drawn from internal validation on MIMIC-IV and external validation on eI[CU-CRD, with no
accompanying technical details on how the system had been operationally embedded within the hospital infrastructure.
This gap between the reported maturity claim and the retrospective nature of the supporting evidence illustrates a broader
pattern across the reviewed literature, in which translational language can outpace the operational details needed to
substantiate it.>’
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Proposed Clinical Utility

Most studies in this review employed retrospective designs, in which the identified benefits were interpreted as proposed
clinical utilities, thereby bridging the gap between algorithm validation and real-world implementation.'®° The analysis
identified three main domains as the focus of development.

Therapeutic Guidance & Proactive Escalation

XA facilitates a shift from reactive to more preventive and targeted care. Early warning models provide valuable lead
time, for example, by predicting cardiac arrest risk several hours before the event or by assisting clinicians in determining
patient readiness for extubation.>”*> Identification of subphenotypes also creates opportunities for more precise therapies,
such as optimising heparin administration in patients with sepsis and guiding resuscitation strategies in cases of septic
shock.'>*!

Resource Allocation Optimization

In hospitals, Al serves as an objective triage tool that enhances operational efficiency. Applications include automated
notification systems on clinical dashboards to expedite patient discharge, mortality risk stratification to support care
planning for elderly patients, and early triage in cases of poisoning to help control medical costs.?*>*3°

User-Centric Design and Usability

The successful implementation of Al depends heavily on clinician comfort and trust as end-users. Automated integration
with EHRs has been shown to reduce prediction errors and decrease clinicians’ workload.*° Intuitive SHAP visualisa-
tions also greatly assist clinicians in understanding the logic behind model predictions, thereby increasing their trust in

decision support systems.?'*?

Discussion

Intensive care units (ICUs) constitute high-stakes clinical ecosystems in which interdisciplinary teams must continuously
integrate multidimensional patient data to inform timely, high-stakes decisions amid the dynamic and often unpredictable
trajectory of a patient’s physiological status.>*** The sheer volume of data generated by continuous monitoring often
contributes to cognitive fatigue and administrative burden among clinical staff, underscoring the need for data-driven
decision support systems that can process this information effectively.” However, the greatest barrier to bedside adoption
is not predictive accuracy alone but model transparency: many clinicians remain reluctant to trust Al systems they
perceive as an impenetrable “black box”.* The findings of this review suggest that ICU-based Al development is
beginning to reflect this concern, with a growing, though still partial, emphasis on decision-support tools that are more
transparent, auditable, and oriented toward clinicians’ bedside needs, rather than on predictive performance alone.'’
However, as the following sections illustrate, this shift remains uneven: within the studies captured by this review, the
corpus is still overwhelmingly dominated by black-box architectures rendered interpretable only after the fact, rather than
by models that are transparent by design.

Findings from this corpus reinforce that tree-based algorithms remain the dominant and pragmatic choice for
modelling structured ICU data, accounting for 24 of the 29 included studies (82.8%), including XGBoost,?>**¢
CatBoost,>**> and LightGBM>*** compared with only four studies employing deep learning architectures.'®'****> Tree-
based ensembles robustly handle complex variable interactions, even when adult ICU data are messy, high-dimensional,
and riddled with missing values.* In such a high-pressure environment, clinicians tend to favour transparent, auditable
models over black-box alternatives that offer only marginal accuracy improvements.>® Bohlen et al (2025)°" reported that
the performance gap between transparent and state-of-the-art black-box models is typically as small as 0.2-0.9%,
a margin that is arguably too narrow to justify trading interpretability for accuracy alone. Criticism of post hoc
explanation techniques such as SHAP and LIME has grown in parallel, as these methods offer only approximate
attributions and risk creating an “illusion of clarity” that can mislead rather than support clinical judgement.’> Even
within this review’s own corpus, SHAP outputs were frequently visualised through dense summaries and beeswarm plots
that, without a sufficiently intuitive interface, risk adding to the cognitive burden of already fatigued ICU clinicians rather
than relieving it.*> Against this backdrop, the single glass-box example identified in this review—the Explainable
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Boosting Machine developed by Magunia et al (2021)**—illustrates an alternative pathway, allowing clinicians to inspect
and, in principle, refine model logic before deployment rather than reconstructing it after the fact.® This distinction
matters: the future utility of Al in hospital settings will likely depend less on marginal accuracy gains and more on
a system’s capacity to offer clinical reasoning that is honest, verifiable, and genuinely usable at the bedside.”
Reliance on public datasets from high-income countries, particularly MIMIC and eICU-CRD, has been widely noted
to entrench geographic inequities in the global development of clinical AI models.”>>’” Models trained on relatively
homogeneous populations often generalise poorly when deployed in hospitals or countries with different genetic back-
grounds, clinical workflows, and resource availability.”®>° This mismatch can produce substantial data drift and
a corresponding drop in accuracy when applied to patients from a different institution altogether, posing a risk to patient
safety wherever models are deployed without rigorous local validation.®® This pattern is clearly visible within the
present corpus: 22 of the 29 included studies (75.9%) originated from China, and 23 (79.3%) relied at least partly on
MIMIC-III/1V, with a further 13 (44.8%) also using the eICU-CRD (Table 2). Thus, the studies reviewed here, although
treated as 29 independent data points, in practice reflect a narrow methodological base, with predominantly Chinese
research teams applying SHAP-explained tree ensembles to the same handful of public registries. Against this backdrop,
the small number of studies departing from this pattern stand out precisely because they are exceptions rather than the
norm: Magunia et al (2021)* validated their model through a nationwide German registry rather than a US public
database, and Sjoding et al (2021)'° applied an imaging-based approach in a US cohort distinct from the MIMIC/eICU
database that otherwise dominates the field. Beyond raising concerns about generalisability, this geographic and
methodological concentration carries an equity dimension, as the dominance of data from a narrow set of settings
risks marginalising populations and healthcare contexts that are absent from the training data.’”°' Federated learning has
been proposed as a promising avenue for building more inclusive models across institutions without compromising

patient data privacy,(’zf(’4

although its application to ICU-based XAI remains largely unexplored in the studies reviewed.

The current Al implementation in the ICU remains dominated by passive tools that contribute to alert fatigue and
clinician reluctance to engage with them.®>*® In a fast-paced ICU environment, the need for manual data entry adds
further cognitive burden and disrupts workflows that should remain centred on the patient.”*® A concrete example of
bridging research and practice within this corpus is Jia et al (2021),* where counterfactual explanations were used to
translate a black-box prediction into a personalised, actionable recommendation on extubation readiness. Therefore, the
successful translation of XAl in adult ICUs depends less on technical accuracy alone than on a system’s ability to deliver
insights that clinicians can act on instantly without disrupting an already demanding workflow.'® Realising this potential
will likely require automatic integration into the electronic health record, surfacing only when clinically necessary to
avoid compounding alert fatigue.®”**"° Yet the reliability of any such integration remains contingent on the quality of
bedside documentation performed by nursing staff, since Al-based decision support is only as trustworthy as the clinical
data entered at the point of care.”’ Taken together, the evidence synthesised in this review suggests that predictive
accuracy is no longer the principal barrier to clinical Al in the ICU; the more pressing challenge lies in achieving
seamless workflow integration and demonstrating robust external validity across diverse clinical settings.

Practical Implications
Al in the ICU is shifting from risk-prediction tools toward decision-support systems that guide the care team more

7273 4 shift illustrated within this review’s own corpus by McWilliams et al (2019),*¢ whose dashboard “nudge”

directly,
was purpose-built to support nurse-led discharge decisions. Yet this shift has clear limits: explainable Al works best as
a cognitive aid that lightens the burden of interpreting complex data, not as a substitute for physicians’ clinical
judgement,”* a boundary that matters most for high-risk or complex patients, who still need fuller human decision-
making rather than automated flagging.>**¢

The implementation of this principle in everyday practice depends on the coordinated efforts of the care team. Automatic
EHR integration is a starting point, ensuring that information reaches the team without manual-entry delays,’>”> but
technology alone is not enough: physicians need training to interrogate rather than passively trust XAl outputs, given the

risk that post-hoc visualisations such as SHAP can create an illusion of clarity; nurses are well placed to standardise the
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bedside documentation these systems depend on; management must prioritise investment in local data registries; and IT teams
need to embed such solutions directly into clinical workflow rather than leaving them as standalone tools.

This last point, investment in local data, addresses a deeper problem: most current systems remain trained on legacy
data from foreign settings, risking mismatches with local patients.”® McWilliams et al (2019)* showed that testing across
genuinely distinct cohorts is key to true generalisability, and transfer learning offers one route to local adaptation without
building new pipelines from scratch. Confirming real-world benefits will still require prospective testing in ICU
settings”>*’* built on local registries rather than continued reliance on external datasets such as MIMIC.”® However,
none of this will matter unless such infrastructure is paired with institutionally governed systems that preserve clinician

autonomy and accountability; only then will these tools remain safe and equitable for the populations they serve.””>"°

Strengths and Limitations

The principal strength of this scoping review was its systematic and transparent methodological approach. Study
selection, data extraction, and synthesis followed the PRISMA-ScR guidelines, ensuring that each step was replicated.
The use of the PCC framework, involvement of two independent reviewers, and analysis across four main domains are
additional advantages, as they facilitate the structured mapping of the translational potential, explainability strategies, and
clinical relevance of Al tools in adult ICUs.

This study had several limitations. This review did not conduct a formal critical appraisal of the methodo-
logical quality or risk of bias in the included studies; therefore, the strength of the evidence for each study could
not be compared. Synthesis was performed narratively because of substantial heterogeneity in clinical tasks, data
sources, model architectures, explainability strategies, and translational indicators, which precluded a meta-
analysis. Although two reviewers conducted screening and extraction independently, a formal inter-reviewer
agreement statistic (eg Cohen’s kappa) was not calculated; consistency was instead achieved through discussion
and consensus. Because eligibility required studies to demonstrate at least one indicator of translational potential,
this approach involved sampling dependent variables. The reported prevalence figures characterise the transla-
tion-oriented slice of ICU-XALI literature rather than the field as a whole and may understate the true proportion
of early stage, non-deployed Al research in this domain. Additionally, the search strategy did not include explicit
terms for inherently interpretable (glass-box) modelling approaches (eg “interpretable model”, “glass-box”,
“Explainable Boosting Machine”), meaning studies employing such approaches may have been under-
ascertained relative to those using post-hoc explainability methods, which were directly targeted by the search
terms. Consequently, any observed predominance of post-hoc over glass-box approaches should be interpreted
with caution, as it may partly reflect the search strategy design rather than the true distribution of explainability
approaches in the ICU Al literature.

Most studies have employed retrospective designs and relied heavily on public datasets from North America. The
included corpus also exhibited a degree of methodological homogeneity, with a substantial proportion of studies relying
on similar public datasets and tree-based ensemble architectures explained via SHAP; this concentration may limit the
independence of the evidence reviewed. Therefore, the generalisation of the findings to local contexts or other popula-
tions should be interpreted with caution.

Conclusion
This scoping review of 29 studies indicates that predictive accuracy is no longer the principal barrier to Al-based
decision support in adult ICUs; the more consequential challenge lies in explainability that the interdisciplinary
care team can trust and in translating retrospective models into tools embedded within real clinical workflows.
Tree-based ensembles explained through SHAP dominate the field, while genuinely interpretable, glass-box
alternatives remain rare, illustrated by the single Explainable Boosting Machine identified in this corpus; this
near-total reliance on post-hoc explanation should temper any narrative of a field already transitioning toward
transparency by design.

Translational activity is similarly uneven: web-based prototypes and calculators are common, but direct integration
into clinical workflows remains the exception, and the evidence base itself is concentrated in a narrow set of institutions,
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datasets, and modelling choices that limit the generalisability of these findings. Closing this gap will depend less on
further gains in discrimination and more on the interdisciplinary and institutional commitments outlined above. Future
research should prioritise external validation in genuinely independent settings, prospective evaluation of clinical impact,
and explicit comparison between post-hoc and inherently interpretable approaches, rather than continued optimisation of
retrospective discrimination alone.
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