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Abstract

Hospital readmission within 30 days remains an
important challenge in healthcare, with implica-
tions for care quality, discharge planning, and re-
source allocation. While machine learning models
trained on electronic health records (EHRs) can
accurately predict readmission risk, their explana-
tions are typically associative and provide limited
insight into the underlying problem structure. In
this work, we combine predictive modeling and
causal discovery to study 30-day readmission and
mortality prediction on a preprocessed MIMIC-
IV cohort. We first benchmark several tabular
machine learning models and use SHAP-based at-
tribution to identify the most influential predictors.
We then apply three causal discovery methods to
assess whether stable, clinically plausible depen-
dency patterns emerge beyond purely predictive
signals. Our results show that richer EHR fea-
ture sets substantially outperform a LACE-only
baseline, with tree-based models achieving the
strongest predictive performance. Across predic-
tive, causal, and subgroup analyses, a consistent
core set of variables centered on Physical Sta-
tus, Length, LACE score, Comorbidity, and Age
remains structurally important. These findings
suggest that combining standard predictive mod-
els with causal discovery can provide a compact,
interpretable structural view of readmission risk,
offering a first step toward causally informed in-
tervention design to reduce preventable readmis-
sions.

1. Introduction

Hospitals now generate large volumes of electronic health
record (EHR) data during routine care, including demo-
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graphics, diagnoses, medications, laboratory measurements,
and physiological observations. These data provide an op-
portunity to study patient trajectories at scale and to support
data-driven clinical decision-making. At the same time,
EHR data are high-dimensional, heterogeneous, and often
incomplete, which makes robust modeling and interpretation
challenging (Ghassemi et al., 2020; Johnson et al., 2023).
Nevertheless, they have become a central resource for ma-
chine learning research in healthcare, especially for risk
prediction and retrospective outcome modeling (Ghassemi
et al., 2020; Weissler et al., 2021).

Among the many prediction tasks studied on EHR data,
30-day hospital readmission has received particular atten-
tion because it is closely related to care quality, discharge
planning, and healthcare utilization. In the United States,
30-day readmission measures are used in national quality
monitoring and reimbursement programs, reflecting their op-
erational and clinical importance (Mcllvennan et al., 2015;
James et al., 2023). Early identification of patients at high
risk of readmission can support more targeted follow-up,
better discharge coordination, and allocation of limited clin-
ical resources (Leppin et al., 2014; Fischer et al., 2014).
This makes readmission prediction a natural and practically
important benchmark for studying EHR-based models.

However, most existing approaches to readmission predic-
tion remain primarily correlational: they aim to predict
which patients are likely to return, but provide limited
insight into why the risk arises or which factors may be
causally relevant. This distinction is important, since statis-
tical association does not by itself imply causation, partic-
ularly in observational healthcare data where confounding,
selection bias, and measurement artifacts are common (Shi
& Norgeot, 2022; Sanchez et al., 2022; Karamitros et al.,
2025). As aresult, highly predictive models may still be dif-
ficult to translate into actionable clinical hypotheses. Causal
discovery and related causal inference tools offer a comple-
mentary perspective by attempting to recover directed de-
pendency structure from observational data, thereby moving
analysis beyond feature association alone (Shi & Norgeot,
2022; Kleinberg & Hripcsak, 2011).

In this paper, we combine predictive modeling and causal
discovery to study 30-day readmission and mortality predic-
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tion on MIMIC-IV. We ask whether strong tabular predic-
tors, SHAP-based variable selection, and multiple causal dis-
covery methods can together recover a stable and clinically
plausible structural view of readmission risk. Concretely,
we first benchmark several tabular machine learning models
on an independent and identically distributed (i.i.d.) EHR
cohort and use SHAP-based attribution to identify the most
influential predictors. We then apply three complementary
causal discovery methods to fixed SHAP-selected feature
subsets in order to examine whether a consistent depen-
dency structure emerges beyond purely predictive signals.
Our main contributions are as follows:
1. a benchmark of tabular machine learning models
for 30-day readmission prediction on a preprocessed
MIMIC-IV cohort;

2. afeature-level interpretation of predictive performance
using SHAP-based attribution;

3. a comparative causal discovery analysis using
NOTEARS, FCI, and DECI, on fixed SHAP-selected
clinical variables, including robustness analysis across
age groups.

Taken together, the paper is intended as a first step to-
ward causally informed intervention design for reducing
preventable hospital readmissions.

2. Related Work

Readmission prediction. Prior work on EHR-based read-
mission prediction has mainly focused on predictive mod-
eling with structured variables, clinical notes, or temporal
patient trajectories. Studies on MIMIC-III and MIMIC-1V
have evaluated deep learning, recurrent, attention-based,
and standard machine learning models for ICU readmission
and related outcomes (Barbieri et al., 2020; Deng et al.,
2022; Huang et al., 2019; de Sé et al., 2023). These works
show that EHR data contain useful predictive signal, but
their explanations are typically associational. Reproducible
preprocessing pipelines such as COP-E-CAT also highlight
the importance of cohort construction and feature extraction
for downstream performance and interpretation (Mandyam
etal., 2021).

Causal methods in healthcare. Causal inference and
discovery are increasingly used in healthcare to move
beyond correlation-based prediction toward explanation
and intervention-oriented modeling (Kleinberg & Hripc-
sak, 2011; Shi & Norgeot, 2022; Sanchez et al., 2022). Prior
work has applied causal graphical models and discovery al-
gorithms to diagnostic decision support, biomarker analysis,
neuroimaging, and psychiatric records (Richens et al., 2020;
Shen et al., 2020; Miley et al., 2023). Closest to our setting,
CARE-30 incorporates a learned DAG into a multimodal
ICU readmission model, while Marafino et al. separate
readmission risk prediction from treatment-effect estima-

tion (Wang et al., 2023; Marafino et al., 2020). Unlike these
works, we compare multiple causal discovery methods on
the same EHR readmission cohort and examine whether they
recover a stable structural view that complements standard
predictive modeling.

3. Methodology

We study 30-day readmission and mortality prediction as a
binary classification task on an i.i.d. EHR cohort, referring
to it as 30-day readmission throughout. Our pipeline first
benchmarks tabular predictive models, then uses SHAP-
based attributions to select the most influential variables,
and finally applies causal discovery to these fixed subsets to
obtain compact graphs intended to characterize the structural
neighborhood around readmission risk.

3.1. Dataset

We use MIMIC-IV v3.1 (Johnson et al., 2023), a large de-
identified EHR database containing hospital- and ICU-level
data from 2008 to 2019. We construct an i.i.d. cohort for
30-day readmission and mortality prediction by merging
patient- and admission-level information, computing the
LACE index (Van Walraven et al., 2010), and enriching the
cohort with COP-E-CAT variables (Mandyam et al., 2021).
We adapt COP-E-CAT preprocessing to a static setting by
summarizing each patient stay as a single feature vector,
followed by cleaning, categorical encoding, and retaining
one record per patient. The final dataset contains 56,300
samples and 50 features; full cohort construction details and
the complete variable list are provided in Appendix A.

3.2. Models

Predictive models. We benchmark six tabular predic-
tion models for 30-day readmission: Logistic Regres-
sion, Random Forest, XGBoost, LightGBM, CatBoost, and
TabPFNv2 (Hollmann et al., 2025). These models cover lin-
ear baselines, tree ensembles, gradient-boosted trees, and a
recent tabular foundation model. We report standard classifi-
cation metrics and use SHAP-based attributions (Lundberg
& Lee, 2017) from the strongest-performing tree-based pre-
dictors to identify influential variables for causal analysis.

Causal discovery models. We compare three comple-
mentary causal discovery methods: nonlinear NOTEARS
(Zheng et al., 2020), FCI with RCIT (Zhang, 2008), and
DECI (Geftner et al., 2022). These represent score-based,
constraint-based, and probabilistic approaches, respectively,
and differ in their assumptions about latent confounding,
graph orientation, and structural uncertainty. We apply them
to fixed SHAP-selected feature subsets rather than the full
feature space, since causal discovery in higher-dimensional
EHR settings becomes less stable, less interpretable, and
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Table 1. Readmission prediction performance on LACE-only and
full feature sets. We report F1-score (F1) and ROC AUC (AUC).

LACE-only  All features
Model F1 AUC F1 AUC
Random Forest 0.645 0.689 0.836 0.907
CatBoost 0.645 0.690 0.792 0.841
XGBoost 0.645 0.689 0.776 0.824
LightGBM 0.645 0.690 0.745 0.793
TabPFNv2 0.656 0.688 0.732 0.787
Logistic Regression 0.633 0.676 0.686 0.726

substantially more computationally demanding. Full model
and implementation details are provided in Appendix B.

4. Experiments

We evaluate the pipeline along three axes: predictive per-
formance, feature-level interpretability, and inferred causal
structure. We first benchmark tabular models for 30-day
readmission prediction using both LACE-only features and
the full EHR feature set (Section 4.1). We then use SHAP
attributions from the strongest predictors to identify influen-
tial variables and define fixed top-5 and top-10 subsets for
causal analysis (Section 4.2). Finally, we apply three causal
discovery methods to the fixed top-10 subset and compare
the resulting graphs (Section 4.3). Additional causal dis-
covery and age-stratified robustness results are provided in
Appendices C and D.

4.1. Readmission Prediction

We first benchmark the predictive performance of tabular
ML models for 30-day readmission prediction under two fea-
ture configurations: (i) a clinical baseline using only the four
LACE variables, and (ii) the full preprocessed EHR feature
set with all 50 variables. We evaluate Logistic Regression,
Random Forest, gradient-boosted tree models (XGBoost,
LightGBM, CatBoost), and TabPFNv2, and report F1-score
and ROC AUC on a held-out test set. We train the models
on 80% of the data and evaluate them on the remaining 20%.
For TabPFNv2, we use 10,000 randomly selected training
samples due to the data-size limitation of the model version
available at the time of experimentation.

Results. As shown in Table 1, the LACE-only setting yields
modest and similar performance across models, with F1
around 0.63-0.66 and AUC around 0.68-0.69. In contrast,
the full EHR feature set substantially improves performance
for all models. Tree-based methods perform best: Random
Forest achieves the strongest results with F1=0.836 and
AUC=0.907, followed by CatBoost and XGBoost. These
results show that richer EHR representations provide sub-
stantial predictive value beyond LACE alone, and that the
predictive signal is robust across multiple non-linear models.
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Figure 1. SHAP summary plot for the Random Forest model on
the top 10 features. Features are ordered by mean absolute SHAP
value.

4.2. Feature Importance Analysis

To better understand the behavior of the predictive models,
we analyze SHAP values for the Random Forest model and
present the resulting top-10 features in Figure 1. We report
Random Forest for clarity because the top-performing tree-
based models show highly similar feature rankings. The
SHAP results reveal a stable set of clinically meaningful
predictors that define the variable subsets used in the subse-
quent causal analysis.

Results. Physical Status is the most influential feature by
a clear margin. Since this variable summarizes how often
a patient exhibits abnormal clinical measurements during
the hospital stay, its dominance suggests that overall clinical
instability is a major driver of readmission risk. Higher
values of Physical Status are associated with larger positive
SHAP values, indicating that greater instability increases
predicted readmission risk. Beyond this, Length, LACE, and
Comorbidity also rank highly, showing that hospitalization
duration, LACE score, and burden of chronic disease all
contribute substantially to the model’s decision process.

The remaining top features provide complementary physio-
logical and utilization-related context. Higher Age is gener-
ally associated with increased readmission risk, while BUN,
WBC, NIBP_MAP, and HR highlight the importance of renal
function, inflammatory status, hemodynamic condition, and
cardiovascular state. E_origin further indicates that prior
emergency-related utilization carries a meaningful predic-
tive signal. Overall, the SHAP analysis identifies a coherent
top-10 set that spans general instability, disease burden, uti-
lization history, and physiological state. These variables
form the basis of the fixed top-10 and top-5 subsets used in
the causal experiments below.

4.3. Causal Discovery on Top Predictors

We next apply causal discovery to the fixed SHAP-selected
top-10 and top-5 feature subsets and compare the resulting
structures across NOTEARS, FCI, and DECI. We focus
on the top-10 setting in the main text because it provides
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Figure 2. Causal discovery results on the top-10 SHAP-selected features for NOTEARS (left), FCI (middle), and DECI (right). Across
methods, Physical Status, Length, LACE, Comorbidity, and Age remain central in the local neighborhood of readmission, while additional
physiological variables such as BUN, WBC, HR, and NIBP_MAP provide complementary structure.

the best trade-off between interpretability and retained clin-
ical detail: compared with the top-5 setting, it preserves
additional physiological and utilization variables, while re-
maining substantially easier to interpret than a larger feature
set. Since all three methods operate on the same selected
variables, differences between them reflect differences in
recovered dependency structure rather than differences in
variable selection. The results of the top-5 setting are pro-
vided in Appendix C.

Results. The graphs are shown in Figure 2. Across all three
methods, a consistent high-level picture emerges. First,
Physical Status remains the most stable and prominent vari-
able in the local neighborhood of Readmitted, consistent
with the predictive SHAP analysis. Second, Length, LACE,
Comorbidity, and Age repeatedly appear as central variables
around readmission. Third, the top-10 setting preserves in-
formative physiological variables such as BUN, WBC, HR,
and NIBP_MAP, indicating that the recovered structure is
not driven only by demographic or score-based features.
Taken together, these results suggest that the strongest pre-
dictive variables are also structurally central in the inferred
causal neighborhood around readmission.

The three methods differ mainly in density and orientation
confidence rather than in which variables appear important.
NOTEARS yields the clearest directed structure and is easi-
est to interpret qualitatively. FCI is more conservative in ori-
entation, as expected with possible latent confounding, but
preserves the same local neighborhood around readmission.
DECI produces the densest graph, yet still highlights the
same core variables. This cross-method agreement is one of
the main findings of the paper: although edge-level details
vary, the central readmission structure remains stable across
substantially different causal discovery approaches. The cor-
responding top-5 pooled results and additional age-stratified
NOTEARS analyses are provided in Appendices C and D.

5. Conclusion and Limitations

We study 30-day readmission prediction on a preprocessed
MIMIC-IV cohort by combining tabular machine learn-

ing, SHAP-based feature attribution, and causal discov-
ery. Richer EHR feature sets substantially outperform a
LACE-only baseline, with tree-based models achieving the
strongest predictive performance. SHAP analysis identifies
a clinically meaningful set of influential variables centered
on Physical Status, Length, LACE, Comorbidity, and Age,
while multiple causal discovery methods recover a stable
local structure around readmission despite differences in
graph density and edge orientation. These results suggest
that predictive modeling and causal discovery can provide
a compact, hypothesis-generating structural view of read-
mission risk and help identify candidate variables for future
causal effect estimation, counterfactual analysis, and inter-
vention design.

This study has several important limitations. First, all analy-
ses are based on a single observational EHR dataset, which
limits external validity and prevents strong conclusions
about generalization across hospitals or patient populations.
Second, causal discovery from observational healthcare data
is limited by potential unmeasured confounding, selection
effects, and violations of assumptions such as acyclicity,
causal sufficiency, or faithfulness. Compressing temporal
EHR trajectories into static, i.i.d. feature vectors also dis-
cards time-dependent dynamics that could otherwise clarify
causal directions. For these reasons, the recovered graphs
should be interpreted as hypothesis-generating structures
rather than definitive causal graphs.

Finally, our graph assessment is primarily qualitative. In
the absence of a validated ground-truth graph and inter-
ventional data, standard causal discovery metrics are not
directly useful, and without additional assumptions, the
underlying causal graph is non-identifiable. We therefore
rely on cross-method consistency, overlap with predictive
feature importance, age-stratified robustness checks, and
clinical plausibility as our main evaluation criteria. The
present study stops at structural analysis: it does not esti-
mate intervention effects, evaluate counterfactuals, or learn
decision policies, which are necessary next steps before
clinical translation.
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Impact Statement

This paper presents an observational analysis of machine
learning and causal discovery methods for readmission mod-
eling from electronic health records. The main expected im-
pact is methodological, as a step toward more interpretable
and causally informed decision-support tools. In its current
form, the work has no direct clinical impact; it provides
a hypothesis-generating analysis that may inform future
studies on causal effect estimation, intervention design, and
clinical decision support.
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A. Dataset and Preprocessing Details

Here we provide additional details on cohort construction and preprocessing. We use MIMIC-IV v3.1, a de-identified critical
care database containing hospital- and ICU-level EHR data collected between 2008 and 2019. To build the study cohort,
patient- and admission-level information are first merged into a base table containing identifiers, timestamps, demographics,
and the 30-day readmission and mortality label. We then manually compute the LACE index and its components by
combining hospital stay information, emergency department usage, and diagnosis-based comorbidity information. In
particular, the comorbidity component is obtained by mapping ICD-9/ICD-10 diagnosis codes to Charlson comorbidity
categories and converting the resulting burden score into the LACE-style comorbidity value used in the final score (Glasheen
etal., 2019).

To enrich the cohort beyond the handcrafted LACE variables, we use COP-E-CAT (Mandyam et al., 2021) to extract
additional variables from the hospital, ICU, and emergency department modules of MIMIC-IV. Since COP-E-CAT is
primarily designed for time-series preprocessing, we adapt it to the non-temporal setting considered in this work by
collapsing each hospital stay into a single patient-level feature vector. Dynamic variables such as vital signs and laboratory
measurements are summarized primarily by their mean value, and in a smaller number of cases by the last observed value,
depending on clinical relevance. We then perform additional preprocessing, including variable name harmonization, removal
of biologically implausible values, exclusion of variables with high missingness or implausible distributions, and encoding
of categorical variables. Finally, to satisfy the i.i.d. assumption required by the causal discovery methods, we retain only
the last record per patient and remove redundant admissions. The resulting final dataset contains 56,300 samples and 50
features. The full variable list is provided in Table 2.

A.1. Full Variable List

The final feature set spans demographics, vital signs, laboratory variables, admission details, medication indicators, LACE-
related variables, and Charlson comorbidities. Table 2 lists all variables used in the final analysis.

B. Models and Implementation Details

This section summarizes the models used in the study and clarifies how they are applied in this work.

B.1. Predictive Models

We evaluate six tabular prediction models: Logistic Regression, Random Forest, XGBoost, LightGBM, CatBoost, and
TabPFNv2. Logistic Regression serves as a simple linear baseline, while Random Forest provides a robust tree-ensemble
baseline. XGBoost, LightGBM, and CatBoost are gradient-boosted tree methods that are well-suited to heterogeneous
clinical tabular data, and TabPFNV2 is included as a recent tabular foundation model. In the main experiments, we compare
these models on two settings: a LACE-only baseline and the full feature set.

Unless otherwise stated, all predictive models are reported with their default hyperparameter settings. In preliminary
experiments, we evaluated multiple hyperparameter configurations for each model (e.g., tree depth, learning rate, and
ensemble size) and found that performance differences were generally small, while the relative ranking of models remained
stable. We therefore report the default configurations for simplicity and reproducibility. For model interpretation, we
compute SHAP values on the strongest-performing tree-based predictors. Since these models produce highly similar feature
rankings, the main paper reports one representative SHAP visualization. The resulting SHAP-selected variables are then
used as fixed inputs to the causal discovery analysis in Section 4.

B.2. Causal Discovery Models

We use three complementary causal discovery approaches. Nonlinear NOTEARS (Zheng et al., 2020) is a score-based
method that optimizes a differentiable acyclicity-constrained objective and produces a weighted directed graph. FCI (Ogarrio
et al., 2016; Zhang, 2008) is a constraint-based method that relies on conditional independence testing and is designed to
tolerate latent confounding, producing a partially oriented graph. DECI (Geffner et al., 2022) is a Bayesian end-to-end
causal discovery model that represents uncertainty through a posterior over candidate directed graphs.

We restrict the causal experiments to reduced SHAP-selected feature sets. This reflects the known difficulty of causal structure
learning in higher-dimensional settings, where graph recovery becomes less stable, less interpretable, and substantially more
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Table 2. Full list of variables.

Category Variables

Demographics Age, Gender, PatientWeight

Vitals HR, NIBP_DIA, NIBP_SYS, NIBP_MAP, RR, SpO2

Laboratory / clinical summary  Physical Status, Hgb, WBC, Glucose, Na, BUN, K

Outcome Readmitted

LACE-related variables Length, Acuity, Comorbidity, E, E_origin, LACE

Admission details Admission Type, Admission Location, Insurance, Marital Status, Race, LOS
Medication flags Abx_Flag, Diuretic_Flag, Insulin_Flag, Anticoag_Flag, PPI_Flag

Charlson comorbidities MI, CHF, PVD, CVD, Dementia, COPD, Rheum, PUD, Mild_Liver, DM_no_cc,

DM _cc, Paralysis, Renal, Malign, Sev_Liver, Metastatic, HIV

computationally demanding as the number of nodes increases (Scholkopf et al., 2021). For DECI, given that it predicts a
posterior distribution over the graphs, we sample 2000 graphs from the posterior distribution and retain only those edges
that appear in more than 99% of the sampled graphs. This yields a sparse summary graph that emphasizes highly stable
structural relationships while filtering out low-confidence edges.

B.3. Experimental Setup

The predictive and causal pipeline follows a simple sequence:
1. construct the final i.i.d. cohort;
2. train predictive models and evaluate held-out performance;
3. compute SHAP feature importance for the strongest-performing models;
4. select top predictive variables;
5. run causal discovery on the selected feature subsets and compare the recovered structures.

In the main paper, the pooled causal comparison is performed on the fixed top-10 feature subset. The pooled top-5 causal
results and the age-stratified robustness analyses are provided in Appendices C and D.

C. Additional Causal Discovery Results

This appendix provides the remaining causal discovery results. The top-5 graphs in Figure 3 provide an aggressive reduction
to the most stable core predictors.

Across all three methods, the top-5 graphs preserve the same compact core around readmission, centered on Physical Status,
Length, LACE, Comorbidity, and Age. Relative to the top-10 setting in the main text, the reduced graphs are substantially
easier to read but naturally contain less physiological detail. Importantly, the qualitative picture remains unchanged: Physical
Status remains the most prominent variable in the local neighborhood of Readmitted, while Length, LACE, Comorbidity,
and Age continue to define the surrounding risk structure. This indicates that the main structural conclusions of the paper do
not depend on the inclusion of the additional five variables.

The three methods differ mainly in how they connect the variables rather than in which variables are central. NOTEARS
provides the clearest weighted structure, FCI yields a more conservative partially oriented graph, and DECI produces
the densest connectivity pattern. Despite these differences, all three methods preserve the same small set of structurally
important variables. We therefore interpret the top-5 results as additional evidence that the core readmission neighborhood
is stable under stronger feature reduction.

D. Age-Stratified Subgroup Analysis

To assess robustness, we rerun NOTEARS after stratifying the cohort into three age groups: 18—44, 45-64, and > 65.
We use NOTEARS for this subgroup analysis because it yielded the clearest directed structure in the pooled experiments,
facilitating straightforward visual comparison of edge weights across strata. We first show the fixed SHAP-selected top-5
results in Figure 4, which provide the cleanest subgroup comparison, and then show the corresponding top-10 results in
Figures 5 to 7.

Across the top-5 subgroup graphs shown in Figure 4, the same core variables remain central across all three age groups:
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Figure 3. Causal discovery results on the top-5 SHAP-selected features for NOTEARS, FCI, and DECI. All three methods preserve the
same core variables, supporting the robustness of the main findings.

Figure 4. Age-stratified NOTEARS results on the fixed SHAP-selected top-5 feature set for age groups 18—44 (left), 45-64 (middle), and
> 65 (right). The subgroup graphs are highly consistent, supporting the robustness of the main structural findings.

Physical Status, Length, LACE, Comorbidity, and Age. This is consistent with the pooled top-5 analysis and indicates that
the main readmission neighborhood is stable under age stratification. In particular, Physical Status remains the dominant
upstream node in all age groups, reinforcing its role as the most robust variable across predictive and causal analyses. The
subgroup graphs show modest age-dependent differences in edge strength, suggesting that age stratification affects the
relative weighting within the recovered structure more than the structure itself.

The top-10 subgroup graphs in Figures 5 to 7 show the same overall pattern while including additional physiological and
utilization-related variables. In particular, Physical Status, Length, LACE, Comorbidity, and Age remain prominent in all
groups, while BUN, WBC, HR, NIBP_MAP, and E _origin provide finer local context. This is consistent with the pooled
top-10 NOTEARS result in the main text and suggests that age stratification does not fundamentally alter the set of clinically
important variables.

At the same time, the subgroup graphs exhibit modest differences in local connectivity. The younger and middle-aged
groups appear somewhat denser in the physiological neighborhood around readmission, whereas the oldest group is more
compact and more strongly centered on the core risk variables. This suggests that age stratification changes the relative
weighting and local connectivity among variables more than the overall structure. Taken together, the top-5 and top-10
subgroup results support the conclusion that the inferred readmission neighborhood is stable across age strata.

NIBP_MAP

Comorbidity

Figure 5. NOTEARS result on the fixed SHAP-selected top-10 feature set for the 18—44 age group.
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Physical Status

NIBP_MAP

Comorbidity

Figure 6. NOTEARS result on the fixed SHAP-selected top-10 feature set for the 45-64 age group.

Physical Status

Figure 7. NOTEARS result on the fixed SHAP-selected top-10 feature set for the > 65 age group.
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