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Abstract

Machine learning models trained on electronic health records (EHRs) and clinical time-series data now predict
sepsis onset, in-hospital mortality, and readmission risk with substantial accuracy, but their high dimensionality and
temporal complexity make them especially opaque to the clinicians who must act on their output. We conducted a
systematic review, following PRISMA guidelines, of explainable AI (XAI) methods applied specifically to EHR and
clinical time-series prediction. From 312 records identified across five databases, 30 studies met inclusion criteria
and were organized into three categories: post-hoc feature-attribution methods (chiefly SHAP and LIME) applied
to gradient-boosted or deep models; ante-hoc, intrinsically interpretable architectures, including attention-based
recurrent networks and additive models; and studies evaluating trust, fairness, or clinical validity of these explanations.
Post-hoc attribution dominates the literature and reliably identifies established clinical risk factors, but several
studies show that attention weights and feature-importance scores can track spurious correlates of clinical workflow,
such as medication-administration timing, rather than the underlying physiology. Ante-hoc and constraint-based
models offer a promising, less-explored alternative, and fairness-auditing studies demonstrate that interpretability
tools can expose demographic disparities in model behavior. Across categories, however, evidence for a genuine
causal link between explanation and improved clinical decision-making remains sparse. We argue that EHR-focused
XAI research should shift emphasis from producing more post-hoc explanations toward validating their clinical
utility, expanding ante-hoc model adoption, and standardizing evaluation of explanation quality and fairness.

Keywords: Explainable Artificial Intelligence (XAI); Electronic Health Records; Clinical Time-Series; Sepsis Prediction;
Interpretable Machine Learning

1. Introduction

Machine learning models built on electronic health records (EHRs) now predict sepsis onset, in-hospital mortality,
and readmission risk with levels of accuracy that increasingly rival or exceed traditional clinical scoring systems [1].
Early recurrent-network models for EHR sequences, such as Doctor AI, demonstrated that deep learning could forecast
a patient’s future diagnoses and medications directly from longitudinal visit histories [2]. Yet EHR data poses a
distinct interpretability challenge relative to other clinical AI domains: it is high-dimensional, irregularly sampled, and
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temporally structured, combining laboratory values, vital signs, medication orders, and free text across a variable-length
patient history. This complexity makes EHR-based models especially difficult for clinicians to audit, and especially
easy for them to fail silently by learning artifacts of clinical workflow rather than physiology [3].

The consequences of this opacity are not merely academic. A sepsis early-warning system that cannot indicate which
vital signs or laboratory trends drove an alert offers little basis for a clinician to accept or override it under time pressure.
Regulatory frameworks increasingly expect more: the EU’s GDPR implies a right to explanation for automated
decisions [4], the US FDA considers explainability in its evaluation of AI-based clinical software [5], and models trained
on retrospective EHR data are known to be vulnerable to learning spurious correlations from confounded or shifted
populations [6].

Explainable AI (XAI) methods — most prominently SHAP [7] and LIME [8] — have been applied extensively to
EHR-based models, and broader surveys have cataloged XAI techniques across healthcare generally [9]. However, EHR
and clinical time-series prediction raise interpretability questions distinct from imaging: an explanation must account
not only for which variables mattered but when, across a sequence of encounters, and must be robust to the fact that
clinical documentation itself reflects prior clinical decisions, not only underlying disease state. This review therefore
narrows its scope specifically to XAI for EHR and clinical time-series prediction, asking: which explanation methods
dominate this domain; do intrinsically interpretable (“ante-hoc”) alternatives to post-hoc explanation see meaningful
use; and what evidence exists that these explanations are trustworthy, fair, and clinically useful, rather than merely
plausible?

The remainder of the paper is organized as follows. Section 2 describes the review methodology. Section 3 presents
publication trends, a taxonomy of the reviewed methods, and a synthesis organized around three method categories:
post-hoc feature attribution, ante-hoc and attention-based models, and trust/fairness evaluation. Section 4 discusses
cross-cutting findings, limitations, and future directions, and Section 5 concludes.

2. Methodology

This review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines
[10].

2.1. Search Strategy

We searched PubMed, IEEE Xplore, ACM Digital Library, Web of Science, and Scopus using the Boolean expression
(“explainable AI” OR “XAI” OR “interpretable machine learning”) AND (“electronic health records” OR “EHR” OR
“clinical time-series” OR “ICU” OR “sepsis prediction” OR “mortality prediction”), adapted to each database’s syntax.
The search was conducted in December 2025 and limited to English-language publications, with no restriction on
publication year.

2.2. Method Taxonomy

Included studies were categorized into three groups based on how the explanation was generated and evaluated (Figure
1): post-hoc feature-attribution methods, which explain a separately trained black-box model, typically via SHAP,
LIME, or related feature- importance techniques; ante-hoc and attention-based models, which are interpretable
by design, including attention-weighted recurrent networks, additive models, and knowledge-distillation approaches;
and trust, fairness, and clinical validation studies, which empirically evaluate the fairness, consistency, or clinical
impact of explanations rather than proposing a new method.

2.3. Inclusion, Exclusion, and Selection Process

Studies were included if they applied, developed, or evaluated an XAI method on EHR or clinical time-series data
for a clinical prediction task, and explicitly addressed model explainability rather than only predictive performance.
Studies were excluded if their primary data modality was imaging, genomic, or free-text without structured time-series;
if explainability was mentioned only as future work; if the study was an editorial or opinion piece without original
methodology; or if it duplicated an already-retained population and model.

Selection proceeded in three stages — title/abstract screening, full-text retrieval, and eligibility assessment — each
performed independently by two reviewers, with disagreements resolved by discussion.
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Explainable AI for EHR &
Clinical Time-Series Prediction

Post-Hoc Feature
Attribution (Table 1)

Ante-Hoc & Attention-
Based Models (Table 2)

Trust, Fairness &
Clinical Validation (Table 3)

Explains a trained black-box model

• SHAP (Shapley values)
• LIME
• Feature importance / PDP / ICE
• Applied to XGBoost, RF, DNNs
e.g. sepsis, mortality, cardiac risk

Interpretable by design

• Attention mechanisms (RNN/LSTM)
• Generalized additive models
• Knowledge distillation / mimic learning
• Constraint / trust-score frameworks
e.g. ICU severity, sepsis onset, AFib

Evaluates clinical impact

• Method comparison studies
• Fairness / bias auditing
• Ontology-grounded explanations
• Clinician trust & usability testing
e.g. CKD, stroke, primary-care risk

Post-hoc explanation dominates the literature (n = 10/30 tabulated),
but shows the weakest link to demonstrated clinical trust or behavior change.

Figure 1: Taxonomy of explainable AI methods for EHR and clinical time-series prediction, organized around the three
tables presented in this review.

As summarized in the PRISMA flowchart (Figure 2), 312 records were identified, 96 duplicates removed, and 216
records screened by title and abstract. Of these, 132 were excluded, leaving 84 reports sought for retrieval; 6 could not
be retrieved. Of the 78 reports assessed for full-text eligibility, 48 were excluded (19 not focused on EHR or time-series
data, 14 lacking a formal XAI evaluation, 9 editorials or opinion pieces, and 6 duplicate populations), leaving 30
studies included in the review.

Key limitations of the selection process include restriction to English-language studies, inclusion of non-peer-reviewed
pre-prints, and a degree of subjectivity in assigning borderline studies to the post-hoc versus ante-hoc categories, since
some models combine both strategies.

3. Results

3.1. Publication Trends

Figure 3 shows the distribution of included studies by publication year. Early work appeared steadily from 2017 (2
studies) through 2019 (4 studies), reflecting the initial adoption of attention-based EHR models and early SHAP
applications. Volume increased from 2021 onward (5 studies), peaking at 6 studies in 2022, before settling at 3–5
studies annually through 2023–2024; 2025 is undercounted, as the search was conducted in December of that year.
This pattern suggests that EHR-focused XAI research matured somewhat earlier than imaging-focused XAI, consistent
with SHAP and attention mechanisms becoming standard tooling for structured and sequential clinical data by the
early 2020s.

3.2. Post-Hoc Feature-Attribution Methods

Post-hoc attribution, dominated by SHAP, is the most common approach in the reviewed literature (Table 1), typically
paired with gradient-boosted tree models. Across several ICU and sepsis mortality-prediction studies, tree ensembles
(XGBoost, LightGBM, random forests) consistently achieve strong predictive performance, and SHAP analyses
repeatedly surface a recurring set of established risk factors — SOFA score, blood urea nitrogen, age, and vital-sign
trends [11, 12]. A comparative evaluation of feature-importance, partial-dependence, and individual-conditional-
expectation plots for hypertension prediction found that different techniques surface complementary, rather than
identical, insights into model behavior, and cautioned against relying on a single interpretability method [13]. Applied to
chronic and acute disease prediction alike — heart disease [14], heart failure mortality [15], breast cancer recurrence [16],
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Figure 2: PRISMA flowchart of the study selection process.

COVID-19 prognosis [17], non-communicable disease risk [18], and 30-day readmission [19] — SHAP-based pipelines
report strong discrimination (AUC typically 0.79–0.94) while surfacing clinically recognizable top features. Notably, an
interpretability analysis of in-hospital mortality prediction went further, using SHAP not only to explain predictions
but to audit fairness, finding that model reliance on demographic attributes varied unevenly across patient subgroups
[20] — an important reminder that post-hoc attribution can serve an auditing function beyond simple explanation.

Table 1: Post-Hoc Feature-Attribution XAI for EHR Risk Prediction

Reference Clinical Application Model & XAI Method Data / Scope Key Finding
20 in-hospital mortality

prediction
deep learning models;
best-performing inter-
pretability method

electronic
health records

The best-performing inter-
pretability method success-
fully identifies critical fea-
tures for mortality predic-
tion and recognizes new im-
portant featu...

19 Predicting 30-day
unplanned readmis-
sion risk for elderly
patients (age ≥ 50
year...

Category boost (Cat-
Boost), and four other
machine learning
approaches; Shapley
additive explanations
(SHAP)

Electronic
health record
(EHR) data
including
frailty,...

CatBoost model outper-
forms other models with a
mean AUC of 0.79; prior
readmissions, discharge
to a rehabilitation facility,
length of stay, como...

11 Prediction of sepsis
mortality in ICU pa-
tients

Decision Trees,
Gradient Boosting,
XGBoost, LightGBM,
Multilayer Perce...;
SHAP (Shapley Addi-
tive Explanations)

clinical fea-
tures

The Random Forest model
achieved an AUROC of 0.94
with a confidence interval of
±0.01, outperforming other
models.

12 Real-time prediction
of sepsis onset in crit-
ical care

Time-phAsed machine
learning model for Sep-
sis Prediction; Intu-
itive way to illustrate
the impact of the input
features on the ou.....

Hourly-
recorded
clinical vari-
ables

The proposed model is ac-
curate and interpretable for
real-time prediction of sep-
sis onset in critical care,
with utility scores of 0.430
on inter...

Continued on next page
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Table 1 (continued)
Reference Clinical Application Model & XAI Method Data / Scope Key Finding
16 Prediction of breast

cancer recurrence risk
AdaBoost; Shapley
Additive Explanation
(SHAP)

Feature impor-
tance ranking

AdaBoost algorithm had
the best prediction perfor-
mance for predicting breast
cancer recurrence; CA125,
CEA, Fbg, and tumor diam-
eter were the most...

17 COVID-19 prognosis
prediction using clini-
cal markers

machine learning
and deep learning
algorithms; five ex-
plainable artificial
intelligence techniques
(XAI)

clinical and
laboratory
markers

Maximum testing accuracy
of 95% was achieved; most
important markers are c-
reactive protein, basophils,
lymphocytes, albumin, D-
Dimer and neutro...

14 Predicting heart dis-
ease risk for early in-
tervention and contin-
uous monitoring

XGBoost; SHAP Tabular data
(symptoms
and features
from private
and pu...

XGBoost with SF-2 feature
subset achieved 97.57% ac-
curacy, 96.61% sensitivity,
90.48% specificity, 95.00%
precision, 92.68% F1 score,
and 98...

15 Predicting mortality
risk for patients with
heart failure in inten-
sive care unit...

Extreme Gradient
Boosting (XGBoost);
SHapley Additive
exPlanation (SHAP)

Clinical data
(first 24 hours
of ICU admis-
sion)

The XGBoost model had
the highest predictive per-
formance among four mod-
els with an AUC of 0.824;
the average blood urea ni-
trogen was recognized a...

18 Non-communicable
diseases (NCDs)
prediction

Deep neural network;
Deep Shapley Ad-
ditive Explanations
(DeepSHAP)

Global and lo-
cal

The proposed model outper-
forms various state-of-the-
art models and can improve
medical understanding of
NCDs diagnosis by provid-
ing general insig...

13 predicting hyperten-
sion

random forest; Fea-
ture Importance, Par-
tial Dependence Plot,
Individual Conditional
Ex...

cardiorespiratory
fitness data

Different interpretability
techniques can shed light
on different insights on
the model behavior where
global interpretations can
enable clinicia...

3.3. Ante-Hoc and Attention-Based Models

A smaller but growing body of work builds interpretability directly into the model architecture rather than explaining
it after the fact (Table 2). Attention-weighted recurrent networks have been used to predict daily sepsis, myocardial
infarction, and medication administration from ICU time-series, with attention maps highlighting influential clinical
events [21]; notably, the same study found that attention on vancomycin-administration timing partly reflected clinician
dosing behavior rather than the patient’s underlying physiology, illustrating that attention weights can encode workflow
artifacts alongside genuine clinical signal. Other ante-hoc approaches include DeepSOFA, an interpretable deep learning
severity score that outperformed the standard SOFA baseline for in-hospital mortality prediction [22]; hierarchical-
attention recurrent networks for mortality prediction [23]; and predictive clustering models that generate explainable
phenotype groupings from longitudinal EHR data [24]. Genuinely additive, rather than post-hoc, interpretability was
demonstrated by a factored generalized additive model for predicting postoperative acute kidney injury and respiratory
failure, which matched or exceeded black-box baselines while producing explanations with high clinical face validity
[25]. Constraint-based frameworks that incorporate domain knowledge directly into the prediction pipeline, rather
than explaining a black box, have also shown promise for early sepsis prediction and for improving trust calibration
under model uncertainty [26, 27], and probabilistic graphical models applied to a sepsis case study demonstrated
how interpretable structure can reveal a physiologically grounded relationship between organ-dysfunction scores and
outcomes [28]. In cardiology, a deep learning model for atrial fibrillation detection paired its predictions with dedicated
feature modules explaining the reasoning behind each classification, without relying on post-hoc attribution [29], and a
tree-ensemble mortality model using intrinsic feature-interaction analysis surfaced previously overlooked risk factors
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Figure 3: Publication trends for the 30 included studies, by year.

missed by linear baselines [30].

Table 2: Ante-Hoc and Attention-Based Interpretable Models for Clinical Time-Series

Reference Clinical Application Model & XAI Method Data / Scope Key Finding
21 Predicting daily sep-

sis, myocardial infarc-
tion (MI), and van-
comycin antibiotic a...

Long short-term mem-
ory (LSTM) recur-
rent neural networks
(RNNs) incorpo...; At-
tention maps

EHR data
from MIMIC-
III dataset

Models achieved next-day
predictive AUC of 0.876 for
sepsis, 0.823 for MI, and
0.833 for vancomycin admin-
istration.

22 Assessing illness sever-
ity and predicting
in-hospital mortality
among critically...

Deep learning (inter-
pretable deep learning
models); clinically in-
terpretable deep learn-
ing

temporal mea-
surements,
streaming elec-
tronic health
reco...

DeepSOFA yields signifi-
cantly more accurate pre-
dictions of in-hospital mor-
tality at any point during
an ICU stay compared to
SOFA baseline models...

23 mortality prediction gated recurrent unit-
based recurrent neural
network with hierarchi-
cal...; hierarchical at-
tention

diagnostic
codes

The prediction accuracy of
the model outperforms base-
line models and the model
demonstrates interpretabil-
ity in visualizations.

24 disease risk prediction non-parametric predic-
tive clustering-based
risk prediction model
integ...; attention
mechanisms and
predictive clustering

longitudinal
electronic
health records
(EHRs)

The model demonstrated ef-
fectiveness in capturing lon-
gitudinal EHR information
for disease risk prediction
and generated explainable
evidence to...

25 Clinical decision sup-
port in the operating
room for prediction of
postoperative...

Factored general-
ized additive model
(F-GAM); –

EHR / clinical
time-series

F-GAM showed superior
model performance in terms
of AUPRC and AUROC
compared to several other
GAM implementations, ran-
dom forests, support vec-
tor...

Continued on next page
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Table 2 (continued)
Reference Clinical Application Model & XAI Method Data / Scope Key Finding
27 Early prediction of

sepsis in ICU patients
Artificial Intelligence
Sepsis Expert algo-
rithm; produces a list
of the most significant
contributing factors

high-
resolution
vital signs
time series
and elec-
tronic...

Artificial Intelligence Sepsis
Expert can accurately pre-
dict the onset of sepsis in
an ICU patient 4–12 hours
prior to clinical recognition,
wit...

28 sepsis case study in
critical care

Conditional indepen-
dence models, Ker-
nel methods; graphical
models

EHR / clinical
time-series

SIRS depends on both or-
gan dysfunction measured
through the Sequential Or-
gan Failure (SOFA) score
and the ICU outcome, thus
concluding that SIRS...

26 early sepsis prediction XGBoost; Trust-
MAPS (trust-scores)

electronic
health records

Trust-MAPS framework
shows desirable behavior in
handling potential errors
and boosting predictive
performance, achieving an
AUC of 0.91 for pred...

29 detection of atrial fib-
rillation using electro-
cardiogram

deep learning model;
two feature modules
that describe the rea-
son for DLM decisions

electrocardiogram
(ECG)

The DLM successfully de-
tected AF using diverse
ECGs and described the rea-
son for this decision; AUCs
for detecting AF using 12-
lead ECG were 0.99...

30 all-cause mortality
prediction

tree ensemble model;
XAI (Explainable Arti-
ficial Intelligence) tech-
nique

NHANES
dataset
(47,261 sam-
ples, 151
features) and
UK Bi...

IMPACT models achieve
higher accuracy than linear
models and neural networks;
identified several overlooked
risk factors and interaction
effects;...

3.4. Trust, Fairness, and Clinical Validation

A third group of studies steps back from proposing new models to evaluate the trustworthiness, fairness, or real-world
validity of EHR- based explanations (Table 3). An ontology-grounded explanation framework for next-visit prediction
found that incorporating temporal structure and medical domain knowledge improved the quality of mined explanations
relative to generic post-hoc methods [31]. A comparative study of deep Taylor decomposition, Shapley values, and
model coefficients for stroke outcome prediction found that, despite differing mechanisms, the methods produced
broadly consistent rankings of important features [32] — an encouraging, if isolated, signal of convergent validity
across explanation techniques. Disease-specific applications illustrate both the promise and the limits of current
practice: an XAI framework for cardiovascular disease prediction reported only moderate accuracy despite explanation
support [33]; chronic kidney disease models using SHAP and partial-dependence plots achieved high accuracy with
clinically interpretable feature sets [34, 35]; and an EEG-based stroke-prediction study using LIME reported moderate
(approximately 80%) accuracy, underscoring that explanation quality cannot compensate for a weaker underlying
signal [36]. A combined SHAP/LIME framework spanning five distinct disease-prediction tasks reported very high
accuracy and was explicitly designed to support non-specialist clinical decision-making [37], while XGBoost-based
sepsis-mortality prediction using SHAP achieved strong discrimination and identified a consistent, clinically plausible
set of top predictive features [38]. At the health-system level, a machine-learning risk-stratification tool deployed in a
value-based primary-care setting showed early promise for identifying high-need patients, illustrating one of the few
examples in this review of an XAI-supported model evaluated in an operational, rather than purely retrospective,
setting [39]; a related LIME-based framework for dementia and activity-recognition classification similarly reported
strong performance across multiple assessment tasks [40].
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Table 3: Trust, Fairness, and Clinical Validation of EHR-Based XAI

Reference Clinical Application Model & XAI Method Data / Scope Key Finding
31 predicting the next

visit of a patient
based on clinical his-
tory

Doctor AI, a multil-
abel classifier; Doctor
XAI, a model-agnostic
ontology-based ex-
plainability technique

sequential,
multi-labeled,
ontology-
linked clinical
dat...

exploiting the temporal di-
mension in the data and the
domain knowledge encoded
in the medical ontology im-
proves the quality of the
mined explanat...

37 Disease prediction for
Diabetes, Anaemia,
Thalassemia, Heart
Disease, Thrombo-
cyt...

Decision Trees, Naive
Bayes, Random
Forests, XGBoost;
SHAP (SHapley
Additive exPlana-
tions), LIME (Local
Interpretable Model-...

Feature impor-
tance for each
prediction

The framework achieves
99.2% accuracy and pro-
vides understandable expla-
nations for model outputs,
enabling clinical practition-
ers to make inform...

32 stroke outcome predic-
tion

logistic regression; tree
boosting; multilayer
perceptrons (MLPs);
deep Taylor decompo-
sition; Shapley values;
model coefficients

clinical fea-
tures

All models performed com-
parably (AUC 0.81-0.83).
Interpretability analysis
showed consistent results
across models, rating age
and stroke severit...

33 cardiovascular disease
prediction

ensemble classification
models, support vector
machine (SVM), Ad-
aBoost...; eXplainable
Artificial Intelligence
(XAI) framework

categorical,
integer, and
real type
attributes

XAI-driven SVM, LR, and
naive Bayes achieved an ac-
curacy of 89%, which is rea-
sonably fair compared to ex-
isting models

34 Diagnosis of chronic
kidney disease

Extreme gradient
boost (XGB); Shapley
Additive Explanations
(SHAP) and Partial
Dependency Plots
(PDP...

Global and lo-
cal

XGB demonstrated the
highest accuracy among
six machine learning algo-
rithms; a graphical user
interface with explanations
was developed for the f...

35 early diagnosis
of chronic kidney
disease

extreme gradient
boosting classifier;
explainability analysis
(feature importance)

clinical
features
(hemoglobin,
specific grav-
ity, hypert...

optimal model uses 3 fea-
tures (hemoglobin, specific
gravity, hypertension) with
accuracy 99.2% (SD 0.8)
and 97.5% on unseen data;
hemoglobin is...

36 stroke prediction us-
ing EEG signal

Adaptive Gradient
Boosting models; Eli5
and LIME

EEG signal The Adaptive Gradient
Boosting models showed
around 80% accuracy for
classification of the control
group and the stroke group.

39 risk stratification in
a high-need, value-
based primary care
setting

machine learning–
based risk stratifica-
tion model; –

EHR / clinical
time-series

showing early promise in
identifying high-risk patient
needs and boosting clini-
cian. . .

38 Early prediction of in-
hospital mortality in
critically ill patients
with sepsis

eXtreme Gradient
Boosting (XGBoost);
SHapley Additive
exPlanations (SHAP)

Clinical fea-
tures (57
clinical param-
eters collected
on...

The XGBoost model
achieved the best perfor-
mance with an AUC of
0.884 and an accuracy of
89.5% in the validation
cohort.

Continued on next page
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Table 3 (continued)
Reference Clinical Application Model & XAI Method Data / Scope Key Finding
40 cognitive health

assessment, health
and dementia clas-
sification, activity
recogn...

random forest, K-
nearest neighbor,
support vector ma-
chine, decision tree,..;
Local Interpretable
Model Agnostic
(LIME)

sensor data
from smart
home

XAI-HAR achieves 0.96%
of F-score for health and
dementia classification and
0.95 and 0.97% for activity
recognition of dementia and
healthy in...

4. Discussion

This review synthesizes 30 studies applying XAI specifically to EHR and clinical time-series prediction. Three
cross-cutting findings stand out.

Post-hoc attribution dominates, but with an unresolved validity question. SHAP is by far the most common
explanation method in this literature, and it consistently identifies clinically recognizable risk factors [11, 14]. Yet
a direct comparison of interpretability techniques found that different methods surface complementary rather than
fully overlapping insights [13], and no study in this review directly demonstrates that SHAP-based explanations, on
their own, change clinician behavior or improve patient outcomes relative to an unexplained model of equivalent
accuracy. The field has largely validated technical properties of these explanations (consistency, fidelity) rather than
their downstream clinical value.

Attention and feature importance can encode workflow, not just physiology. A recurring caution in this
review is that attention-based and attribution-based explanations can reflect artifacts of clinical process — such as
when a medication was ordered — rather than the patient’s underlying condition [21]. This is a distinct failure mode
from the spurious-correlation problem documented in imaging XAI, and one that EHR-specific evaluation frameworks
have only begun to address [6].

Ante-hoc models remain underused relative to their promise. Intrinsically interpretable architectures —
additive models [25], constraint-based frameworks [26], and interpretable severity scores [22] — match or exceed
black-box baselines in several of the reviewed studies while avoiding the post-hoc validity question entirely. Their
comparatively rare appearance in this literature, relative to SHAP-based post-hoc explanation, likely reflects the
convenience of applying an off-the-shelf explainer to an existing high-performing model rather than any inherent
performance disadvantage of ante-hoc design.

Fairness auditing is an emerging, valuable use of XAI. Beyond explaining individual predictions, interpretability
analysis has been used to expose demographic disparities in model reliance and treatment recommendations [20],
and ontology-grounded explanation frameworks show that incorporating domain knowledge can improve explanation
quality over generic post-hoc methods [31]. This dual-use potential — explanation and bias auditing — deserves more
systematic attention in future EHR-XAI research.

Limitations. This review was restricted to English-language, EHR- and time-series-specific studies, which may exclude
relevant work published as broader multimodal studies; it included pre-prints that have not undergone peer review;
and category assignment for studies combining post-hoc and ante-hoc elements involved subjective judgment. Among
the reviewed studies themselves, the dominant limitation is that almost all evidence is retrospective and derived from
public ICU datasets (predominantly MIMIC), leaving prospective, real-world validation of EHR-XAI systems largely
absent from the literature [39] being a notable exception.

Future directions. We highlight four priorities: (1) prospective and operational evaluation of EHR-XAI systems,
since evidence for clinical impact remains almost entirely retrospective; (2) greater adoption of ante-hoc, intrinsically
interpretable models as a genuine alternative to post-hoc explanation of black-box ensembles; (3) explanation methods
and evaluation frameworks that explicitly account for clinical-workflow confounding, distinct from standard feature-
importance validation; and (4) wider use of XAI as a fairness-auditing tool, building on early demonstrations in
mortality prediction [20].

5. Conclusion

This systematic review examined how explainable AI is applied specifically to electronic health record and clinical
time-series prediction, synthesizing 30 studies across post-hoc attribution, ante-hoc model design, and trust/fairness
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evaluation. SHAP-based post-hoc explanation dominates the field and reliably surfaces clinically plausible risk factors,
but the review finds limited direct evidence that these explanations improve clinical decision-making, and documents
a specific and under-recognized risk: attention and attribution scores in temporal EHR models can reflect clinical
workflow rather than physiology. Ante-hoc, intrinsically interpretable models offer a promising and comparatively
underused alternative, and interpretability tools have shown real value as fairness-auditing instruments. Advancing this
field will require less emphasis on generating additional post-hoc explanations and more on prospective validation,
workflow-aware evaluation, and wider adoption of interpretable-by-design architectures for EHR and clinical time-series
prediction.
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