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Abstract

Artificial intelligence (AI) systems for intensive care units (ICUs) must support early risk
prediction while producing explanations that clinicians can inspect, question, and relate
to physiological reasoning. Deep neural networks (DNNs) can learn complex temporal
patterns from electronic health records (EHRs), but their internal representations are often
difficult to translate into clinically actionable explanations. Gradient-boosted decision
trees (GBDTs) offer more transparent decision rules, yet they may not capture the full
temporal and nonlinear structure of high-dimensional ICU data. This paper presents a
causal-pathway-guided DNN–GBDT distillation framework for interpretable ICU decision
support. The framework first estimates a directed acyclic graph (DAG), denoted by G,
from multivariate ICU time-series data and then uses the graph to guide representation
learning in a DNN teacher model through causal gating. The learned teacher is distilled
into a GBDT student model using soft predictive targets and a causal attribution-guided
split-selection procedure, so that the final model approximates the teacher predictions
while prioritizing tree splits aligned with plausible physiological pathways. Experiments
using Medical Information Mart for Intensive Care IV (MIMIC-IV) data evaluate sepsis
onset and in-hospital mortality prediction through discrimination, precision–recall perfor-
mance, calibration-oriented reporting, causal consistency, and clinical utility indicators. The
proposed causal-aware distilled GBDT achieves stronger predictive performance than con-
ventional interpretable baselines and substantially higher causal consistency than black-box
temporal models. The results suggest that causal structure can serve as an inductive bias
for converting complex temporal prediction into interpretable rule-based clinical reasoning.
The paper also discusses limitations related to observational causal discovery, unmeasured
confounding, temporal stationarity, and clinical deployment, following recent reporting
expectations for AI-based clinical prediction models.

Keywords: interpretable artificial intelligence; intensive care unit; causal discovery; knowledge
distillation; gradient-boosted decision trees; deep neural networks; electronic health records;
MIMIC-IV; clinical decision support; explainable AI

1. Introduction
Intensive care units (ICUs) are among the most information-dense environments in

healthcare [1,2]. An ICU is a hospital unit that provides continuous monitoring and ad-
vanced organ support for patients with life-threatening illness or at high risk of rapid
deterioration [3]. Modern ICUs generate repeated physiological measurements, labora-
tory values, medication records, ventilator parameters, clinical notes, and outcome labels
through electronic health records (EHRs), where an EHR is a digital longitudinal record
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of patient care events. These data streams have created strong interest in artificial intel-
ligence (AI), where AI denotes computational methods that learn patterns from data to
support prediction, classification, explanation, or decision-making [4]. In critical care, AI-
based models have been developed for mortality prediction, sepsis detection, readmission
risk, respiratory deterioration, acute kidney injury, length of stay, and treatment-response
estimation [3,5,6].

Despite this progress, clinical adoption remains constrained by a persistent inter-
pretability gap. A deep neural network (DNN) is a multilayer learning model that trans-
forms input variables through nonlinear hidden representations. DNNs can capture inter-
actions and temporal dependencies in ICU data, but their predictions are often difficult
to audit at the bedside [4]. A clinician may need to understand whether a sepsis alert
is driven by lactate, mean arterial pressure, temperature, use of vasopressors, or a com-
bination of temporally ordered physiological changes. In this context, interpretability
means more than producing a feature ranking; it requires a clinically meaningful account
of how observed variables contribute to a risk estimate and whether the explanation is
consistent with medical reasoning [7]. Recent guidance for clinical prediction models using
AI, including TRIPOD+AI and PROBAST+AI, reinforces the need for transparent reporting,
appropriate validation, risk-of-bias assessment, and clinically interpretable presentation of
model behavior [8,9].

Gradient-boosted decision trees (GBDTs) provide one practical route toward inter-
pretable prediction [10]. A GBDT is an ensemble of decision trees trained sequentially,
where each new tree corrects errors made by the previous ensemble. GBDTs are widely used
for tabular clinical data because they support feature importance analysis, threshold-based
decision rules, partial dependence inspection, and efficient deployment [10,11]. However,
ICU data are not purely static tabular records. Physiological variables are temporally depen-
dent, irregularly sampled, frequently missing, and affected by interventions. A standalone
GBDT may therefore miss delayed effects and nonlinear temporal interactions that a DNN
teacher model can learn from time-series data.

Knowledge distillation offers a natural way to combine these strengths. Knowledge
distillation (KD) is a training strategy in which a simpler student model learns from the out-
put distribution or intermediate behavior of a more complex teacher model [12]. In the ICU
setting, a DNN teacher can learn high-capacity temporal representations, while a GBDT
student can provide a more transparent approximation suitable for clinical review. Conven-
tional distillation, however, mainly transfers predictive information. It does not guarantee
that the student model preserves causal pathways or avoids dependence on clinically
implausible correlations. This limitation is serious in critical care because association-based
explanations may be misleading when treatments, disease severity, monitoring frequency,
and missingness mechanisms interact.

Causal discovery provides a complementary foundation. Causal discovery denotes a
family of methods that infer possible cause–effect relationships from data, usually under
assumptions about conditional independence, acyclicity, temporal ordering, and unmea-
sured confounding [13–16]. A directed acyclic graph (DAG), denoted by G, represents
variables as nodes and directed edges as candidate causal relationships. In ICU modeling,
a DAG can encode clinically plausible pathways such as infection markers preceding organ
dysfunction, hemodynamic instability preceding elevated lactate, or vasopressor admin-
istration affecting mean arterial pressure. Although a DAG learned from observational
EHR data should not be interpreted as definitive causal truth, it can still act as a structured
inductive bias that discourages purely spurious feature use.

This paper proposes a causal-pathway-guided DNN–GBDT distillation framework for
interpretable AI in ICUs. The central idea is to use a causal graph not merely as a post hoc
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visualization but as an organizing structure throughout model development. First, a causal
discovery module estimates a DAG from ICU time-series variables. Second, a DNN teacher
model incorporates this graph through causal gating, so that hidden representations are
shaped by both predictive gradients and plausible physiological dependencies. Third, The
GBDT student is trained using soft predictive targets from the DNN teacher and a causal
attribution-guided split-selection rule, so that tree construction remains compatible with
standard boosting while giving priority to features aligned with teacher-derived causal
attributions. The student model therefore aims to preserve the teacher’s predictive behavior
while producing tree-based rules whose feature importance patterns remain aligned with
discovered causal pathways.

The contributions of this study are the following.

1. The study introduces a causal gating mechanism that incorporates graph-guided
information flow into DNN representations for ICU prediction.

2. The study formulates a causal attribution-guided split-selection mechanism that incor-
porates teacher-derived causal priorities into GBDT construction without requiring
gradient propagation through discrete tree structures.

3. The study presents an interpretable rule-mapping process that links GBDT decision
paths to causal subgraphs, temporal windows, and clinically meaningful thresholds.

4. The study evaluates the framework for MIMIC-IV ICU prediction tasks using discrimina-
tion metrics, precision–recall metrics, causal consistency indicators, and ablation analysis.

The remainder of this paper is organized as follows. Section 2 reviews related work
on interpretable ICU artificial intelligence, causal discovery, and knowledge distillation.
Section 3 presents the background on causal discovery and gradient-boosted decision
trees. Section 4 describes the proposed causal-aware DNN–GBDT distillation framework.
Section 5 explains the experimental setup, dataset, baselines, and evaluation metrics.
Section 6 reports predictive performance, calibration, clinical utility, causal interpretation,
and ablation results. Section 7 discusses implications, limitations, and ethical considerations.
Section 8 concludes the paper.

2. Related Work
2.1. Interpretable Artificial Intelligence in Critical Care

Interpretable artificial intelligence in critical care has developed in response to the
clinical need for transparent, auditable, and context-aware decision support. Interpretable
AI refers to methods that make model behavior understandable to human users through
transparent structures, feature attributions, rule sets, causal diagrams, counterfactuals,
or clinically grounded visualizations. In ICUs, the interpretability requirement is particu-
larly demanding because model outputs can influence time-sensitive decisions about an-
timicrobial therapy, vasopressor titration, ventilation, renal support, and care goals [17,18].

Traditional severity scores, such as the Sequential Organ Failure Assessment (SOFA),
remain clinically familiar because they aggregate organ dysfunction into transparent rule-
based components [19]. The SOFA score is a bedside severity index that summarizes
dysfunction across respiratory, coagulation, liver, cardiovascular, central nervous system,
and renal systems. The quick SOFA (qSOFA) score is a simplified sepsis risk indicator based
on respiratory rate, systolic blood pressure, and mental status [20]. These scores are inter-
pretable but may lack the flexibility required to model high-dimensional EHR trajectories.
Machine learning models, including logistic regression, random forests, support vector
machines, GBDTs, and neural sequence models, can improve prediction by using richer
data representations, but many of these models require additional explanation methods
before they can be meaningfully reviewed by clinicians.

https://doi.org/10.3390/informatics13080124

https://doi.org/10.3390/informatics13080124


Informatics 2026, 13, 124 4 of 29

Tree-based methods remain attractive for structured ICU data because they express
predictions through conditional splits. XGBoost, which is an optimized implementation
of gradient-boosted trees, has become a common baseline for clinical prediction due to its
strong performance, regularization, and ability to handle heterogeneous feature sets [11].
Recent explainable boosting and glass-box modeling work has further emphasized that
transparent or semi-transparent tabular models can provide competitive performance when
carefully validated [21,22]. Nevertheless, ICU time-series data contain irregular observation
intervals, treatment-dependent missingness, and delayed physiological responses. A static
GBDT trained on summary features may therefore underrepresent temporal dependencies
unless feature engineering is extensive and clinically informed.

Deep temporal models address some of these limitations by learning from se-
quences [23]. Long short-term memory (LSTM) networks are a type of recurrent neural
network architecture designed to model long-range dependencies through gated memory
cells and have been used for clinical event prediction [24]. Transformer-based models have
also become prominent because self-attention can relate observations across different time
points. A Temporal Fusion Transformer (TFT) is a sequence modeling architecture that
combines recurrent layers, attention mechanisms, static covariate encoders, and variable
selection networks for interpretable multihorizon prediction. Although attention weights
and variable selection scores can provide partial interpretability, clinical AI discussions
caution that such explanations should not be treated as causal evidence unless supported
by stronger assumptions and validation.

2.2. Causal Discovery and Causal Reasoning in Medical AI

Causal reasoning is increasingly recognized as essential for medical AI because clini-
cal decisions are inherently intervention-oriented. Causal reasoning aims to distinguish
whether changing a variable would alter an outcome, rather than merely identifying
variables that are statistically associated with the outcome. In EHR-based ICU studies,
this distinction matters because treatment decisions are confounded by illness severity,
monitoring intensity, clinician behavior, and institutional practice patterns. For example,
vasopressor use may be associated with mortality because it is administered to severely
ill patients, even though the treatment may be clinically necessary and beneficial under
appropriate conditions.

Constraint-based causal discovery methods, such as the PC algorithm, use conditional
independence tests to remove unsupported edges from an initially dense graph [16]. Score-
based methods, such as greedy equivalence search (GES), search over graph structures
using scoring criteria that balance model fit and complexity [15]. Temporal causal dis-
covery extends these ideas by considering lagged variables and time ordering, which are
crucial for ICU physiology [25,26]. These methods can help identify candidate pathways
among infection markers, hemodynamic variables, renal indicators, respiratory parameters,
and treatment actions.

Recent ICU studies have begun incorporating causal structure into predictive models.
CRISP, a causal relationships-guided deep learning framework, used causal information to
improve ICU mortality prediction and model interpretability [27]. Causal deep learning
approaches for acute kidney injury detection have demonstrated the value of combining
time-series cohorts with causally informed representations [6]. Similarly, causal disentan-
glement for early sepsis prediction has shown that separating temporal and spatial clinical
factors may improve robustness and explanation quality [28]. These studies support the
importance of causal structure in critical-care AI, but most existing approaches still produce
final models whose explanations remain partly dependent on black-box neural mechanisms.
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2.3. Knowledge Distillation for Interpretable Clinical Models

Knowledge distillation is increasingly used in healthcare AI to compress or translate
high-capacity models into smaller, faster, or more interpretable models. In standard KD,
a student model learns from soft labels, logits, probability distributions, or intermediate
representations generated by a teacher model [12]. This can improve generalization because
soft teacher outputs contain information about class similarity and uncertainty that is
not available in hard labels alone. In clinical applications, distillation can also reduce
computational burden and enable deployment in resource-constrained environments.

Recent biomedical distillation studies have used teacher–student learning to combine
supervision, semi-supervision, and model compression. For example, dual knowledge dis-
tillation has been applied in autonomous diagnosis frameworks for knee osteoarthritis [29].
In broader AI domains, causal-aware distillation has been proposed to reduce bias and
improve robustness, including work that distills causal information for visual question
answering [30]. Deconfounding-enhanced distillation has also been studied in industrial
fault diagnosis, showing that causal structure can improve the robustness of transferred
representations [31]. These works demonstrate that distillation can transfer more than
predictive labels, but they do not directly address ICU-specific temporal physiology, clinical
rule generation, or alignment between neural attributions and tree-based explanations.

2.4. State-of-the-Art Comparison

Table 1 positions the proposed framework against recent peer-reviewed studies. Preprint-
only studies are not used as state-of-the-art comparators in the table, although older and
preliminary references are retained in the bibliography when they support background or
historical context.

2.5. Positioning of the Proposed Framework

The proposed causal-pathway-guided DNN–GBDT distillation framework is posi-
tioned at the intersection of interpretable clinical AI, temporal representation learning,
causal discovery, and knowledge distillation. Existing interpretable models offer transpar-
ent rules but may miss temporal complexity. Deep temporal models learn richer trajectories
but often lack clinically grounded explanations. Causal discovery methods provide candi-
date physiological pathways but are frequently disconnected from final predictive models.
Standard distillation transfers predictive behavior but does not preserve causal reason-
ing. Recent modality-specific ICU alignment work shows that heterogeneous ICU signals
can benefit from representation designs that preserve modality-specific structure before
fusion [32]; the present framework extends this direction by using causal pathways to
guide teacher–student transfer and rule-level interpretation.

The proposed framework addresses these limitations by connecting all four elements
in a single modeling pipeline. A causal graph defines plausible pathways; a DNN teacher
learns temporal representations under graph-guided gating; a GBDT student receives both
predictive and causal-attribution supervision; and the final rules are mapped back to causal
subgraphs for clinical interpretation. This design is intended to support ICU decision
support systems that are not only accurate but also auditable, physiologically plausible,
and compatible with emerging expectations for trustworthy medical AI.
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Table 1. State-of-the-art comparison of recent peer-reviewed work relevant to interpretable, causal, and distilled ICU artificial intelligence.

Study Clinical/AI Task Model Family Causal Component Interpretability Mechanism Main Limitation for ICU Decision
Support

Cui et al. [3] ICU infection prediction
using MIMIC-IV

Conventional machine
learning Not explicit Feature-level model

interpretation
Focused on prediction; causal
pathway preservation is not central.

Wang et al. [27] ICU mortality prediction Causal-guided deep
learning

Causal relationship
graph

Causal relationship
visualization

Final prediction remains
deep-learning-oriented and less
rule-transparent.

Li et al. [28] Early sepsis prediction Causal disentanglement
model

Temporal and spatial
causal factors

Disentangled causal
representations

Does not distill temporal causal
knowledge into tree-based decision
rules.

Zhong et al. [6] Acute kidney injury
detection Causal deep learning Causally informed

temporal modeling
Model-level causal
interpretation

Task-specific design; limited direct
rule extraction for bedside review.

Peng et al. [29] Biomedical diagnosis
with distillation

Semi-supervised and
dual KD Not ICU-specific Teacher–student transfer Distillation is not organized around

ICU physiological causal pathways.

Namjoo et al. [21] Explainable tabular
classification

Lightweight glass-box
classification Not explicit Transparent tabular model

design
Does not model ICU temporal
causal dependencies.

Shen et al. [22] Clinical prediction and
explanation

Explainable boosting
machine Not explicit Additive feature

explanations
Strong interpretability, but no
teacher–student causal transfer.

Ali and Akhtar [32] Multimodal ICU
alignment

Modality-specific sparse
autoencoders

Symmetry–asymmetry
representation learning

Sparse latent representation
and modality-level
alignment

Focused on efficient multimodal
alignment rather than causal
distillation into interpretable tree
rules.

Proposed framework Sepsis onset and
mortality prediction

Causal-gated DNN
teacher and GBDT
student

DAG-guided temporal
causal pathway
modeling

Causal attribution alignment
and rule-to-subgraph
mapping

Requires careful validation of
observational causal assumptions
and external generalization.
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3. Background on Causal Discovery and Gradient-Boosted Trees
Understanding the interplay between causal discovery and gradient-boosted trees

requires examining their fundamental principles and how they complement each other in
clinical decision-making. While causal discovery methods aim to uncover underlying cause–
effect relationships from observational data, gradient-boosted trees provide a powerful yet
interpretable framework for predictive modeling. This section establishes the theoretical
foundations necessary for our proposed integration of these approaches.

3.1. Causal Discovery in Medical Data

Causal discovery algorithms operate by identifying potential cause–effect relation-
ships from observational data through statistical patterns and conditional independence
tests. The PC algorithm [16], named after its inventors Peter Spirtes and Clark Glymour,
represents a constraint-based approach that begins with a fully connected graph and sys-
tematically removes edges based on conditional independence tests. For ICU data where
temporal relationships are crucial, the algorithm can be extended to handle time-series
through appropriate conditioning on past values [25].

Score-based methods like GES [15] take a different approach by searching through the
space of possible directed acyclic graphs (DAGs) and selecting the one that maximizes a
predefined score function. The Bayesian Information Criterion (BIC) is commonly used as
the scoring metric:

BIC(G) = log p(D|G)− d
2

log n (1)

where D represents the data, G the causal graph, d the number of parameters, and n the
sample size. In medical applications, these methods must account for domain-specific
constraints such as known temporal orderings of measurements and interventions [14].

3.2. Gradient-Boosted Decision Trees

Gradient-boosted decision trees (GBDTs) construct an ensemble model by sequentially
adding decision trees that correct the errors of previous trees. Each new tree ht is fitted to
the negative gradient of the loss function L with respect to the current model’s predictions
Ft−1(xi):

ht = arg min
h

n

∑
i=1

[−gti − h(xi)]
2 (2)

gti =
∂L(yi, Ft−1(xi))

∂Ft−1(xi)
(3)

The model then updates its predictions with a learning rate η:

Ft(x) = Ft−1(x) + ηht(x) (4)

This iterative process allows GBDTs to capture complex non-linear relationships while
maintaining interpretability through feature importance measures and individual tree
structures [10]. In ICU settings, the ability to trace predictions back to specific decision
paths makes GBDTs particularly valuable for clinical decision support.

3.3. Causal Interpretability in Machine Learning

The integration of causal discovery with machine learning models addresses a critical
gap in medical AI systems: the need for explanations that reflect underlying physiological
mechanisms rather than mere statistical associations. Structural causal models (SCMs)
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provide a formal framework for this integration by representing variables as functions of
their direct causes and exogenous noise terms [13]:

Xj = f j(PAj, Uj) (5)

where PAj denotes the parent variables of Xj in the causal graph, and Uj represents un-
observed noise. When combined with GBDTs, these causal structures can guide both the
feature selection process and the interpretation of model outputs, ensuring that predictions
align with known medical knowledge while remaining data-driven.

The convergence of these methodologies creates new opportunities for developing
ICU prediction systems that are both accurate and clinically interpretable. By grounding
the GBDT’s decision rules in causal relationships discovered from data, we can bridge the
gap between statistical prediction and mechanistic understanding—a crucial requirement
for trustworthy clinical AI.

4. Causal-Aware Knowledge Distillation from Deep Nets to GBDTs
The proposed causal-aware knowledge distillation framework transfers predictive

knowledge from a deep neural network (DNN) teacher to a gradient-boosted decision tree
(GBDT) student while preserving clinically meaningful causal relationships. The frame-
work contains three experimentally implemented components: causal discovery from
intensive care unit (ICU) variables, causal-gated teacher representation learning, and causal-
attribution-guided GBDT training. Additional components, including dynamic graph up-
dating, drift monitoring, and counterfactual rule exploration, are described as deployment-
oriented extensions and are not used to support the primary empirical claims.

As shown in Figure 1, the implemented pipeline begins with multivariate ICU time-
series data, estimates a clinically constrained causal graph, trains a Temporal Fusion
Transformer (TFT) teacher with causal gating, and then trains a GBDT student using both
prediction-level distillation and causal-attribution-guided split selection.

Figure 1. Causal-guided DNN–GBDT distillation pipeline. The implemented framework estimates
a causal graph from ICU time-series data, uses the graph to guide DNN teacher representations,
and distills predictive and causal-attribution information into a GBDT student. Dynamic graph up-
dating and counterfactual rule exploration are deployment-oriented extensions and are not included
in the primary performance comparison.

4.1. Causal-Pathway-Guided Knowledge Distillation Implementation

The causal-pathway-guided distillation process begins by encoding the discovered
causal structure into DNN feature representations. Let G = (V, E) denote the estimated
causal directed acyclic graph (DAG), where V is the set of selected clinical variables, and
E is the set of directed causal edges. Let Ac ∈ Rdc×dc denote the causal adjacency matrix,
where dc is the number of variables included in the causal graph, and Ac

ij represents the
estimated strength of the directed relationship i → j. The causal graph is estimated only on
the training partition to avoid information leakage from the validation and test sets.
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https://doi.org/10.3390/informatics13080124


Informatics 2026, 13, 124 9 of 29

For layer l and feature j, let hl−1
j denote the hidden representation of feature j from

the previous layer, Wl
g denote the trainable gate weight matrix, bl

g denote the trainable
gate bias vector, and σ(·) denote the sigmoid activation function. The causal gate gl

j is
computed as:

gl
j = σ

(
Wl

g

[
hl−1

j ;
dc

∑
i=1

Ac
ijh

l−1
i

]
+ bl

g

)
. (6)

The term ∑dc
i=1 Ac

ijh
l−1
i aggregates the causal-parent representation for feature j.

The gated representation hl
j is then computed as:

hl
j = gl

j ⊙ MLP(hl−1
j ) + (1 − gl

j)⊙
dc

∑
i=1

Ac
ijh

l−1
i , (7)

where ⊙ denotes element-wise multiplication, and MLP(·) denotes a multilayer perceptron
transformation. This mechanism allows the teacher model to combine unconstrained
nonlinear representation learning with graph-guided causal context.

For temporal ICU data, the same principle is applied inside the TFT attention mech-
anism. Let t denote the current time index, t′ denote a candidate attention time index,
et,t′ ,j denote the standard attention logit for feature j, and jpa denote a causal parent of j.
The causal-adjusted attention weight αt,t′ ,j is:

αt,t′ ,j =
exp(et,t′ ,j + log(Ac

jpa,j + ϵa))

∑t′′ exp(et,t′′ ,j + log(Ac
jpa,j + ϵa))

, (8)

where t′′ indexes candidate attention time points, and ϵa is a small positive constant used
to avoid taking the logarithm of zero. In implementation, the graph term is applied only to
variables included in the causal graph; variables outside the causal graph are processed
through the standard TFT variable-selection and attention modules.

4.2. Causal Consistency Loss for Distillation: Calculation and Role

The causal consistency component is operationalized as a split-selection regularizer
during GBDT training, rather than as end-to-end gradient backpropagation through the
tree structure. This distinction is important because tree split gains are structural quantities
and are not directly differentiable with respect to predictions in the same manner as neural-
network parameters.

Let p̂d
i denote the probability predicted by the DNN teacher for patient sample i,

and let yi ∈ {0, 1} denote the observed binary label. The GBDT student is trained using a
soft target:

ỹi = (1 − ρ)yi + ρ p̂d
i , (9)

where ρ ∈ [0, 1] controls the contribution of the teacher prediction. In the reported experi-
ments, ρ is selected on the validation set.

The DNN teacher attribution vector is computed on the training set. Let s ∈ Rdc denote
the average causal attribution vector of the teacher over training samples. For feature j,
the attribution score sj is derived from integrated gradients along the causal parents of j:

sj =
1

Ntrain

Ntrain

∑
r=1

∑
i∈Pa(j)

∥∥∥∥∫ 1

α=0

∂ f (x′r + α(xr − x′r))
∂xr,i

dα

∥∥∥∥
2
· Ac

ij, (10)

where Ntrain is the number of training samples, f (·) is the DNN teacher prediction function,
xr is the observed input for sample r, x′r is the baseline input, xr,i is feature i for sample r,
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α ∈ [0, 1] is the interpolation coefficient, Pa(j) denotes the parent set of node j, and ∥ · ∥2

denotes the Euclidean norm. The attribution vector is normalized as:

aj =
sj

∑dc
k=1 sk + ϵs

, (11)

where aj is the normalized causal attribution priority for feature j, and ϵs is a small posi-
tive constant.

During GBDT construction, each candidate split q = (j, θ) is evaluated using a mod-
ified split score. Here, j denotes the candidate split feature, and θ denotes the candidate
threshold. Let Gain(q) denote the standard GBDT split gain, z(m−1)

j denote the normalized
cumulative split gain already assigned to feature j before tree m, λ denote the causal-
alignment penalty weight, γ denote the threshold for identifying strong teacher attributions,
and β denote the causal split-priority weight. The causal-aware split score is:

Score(q) = G̃ain(q) + βaj − λ
∣∣∣z(m−1)

j − aj

∣∣∣I(aj > γ), (12)

where I(·) is the indicator function. The first term preserves the standard predictive
objective, the second term encourages candidate splits on causally important features,
and the third term discourages divergence between the student feature-use pattern and the
teacher causal attribution pattern.

The standard split gain Gain(q) is normalized locally within each node before being
combined with the causal terms:

G̃ain(q) =
Gain(q)

maxq′∈Qu Gain(q′) + ϵg
, (13)

where Qu denotes the set of candidate splits available at node u, and ϵg is a small positive
constant used for numerical stability. The causal-aware split score is therefore applied
using G̃ain(q), rather than the unnormalized split gain, so that predictive and causal terms
are on comparable scales within each node.

The selected split at each node is:

q∗ = argmax
q∈Q

Score(q), (14)

where Q is the set of feasible candidate splits at that node. This procedure provides a
reproducible implementation of causal-attribution-guided distillation into a GBDT without
requiring invalid gradient propagation through discrete split decisions.

After training, the GBDT feature-importance vector st ∈ Rdc is computed from total
split gain:

st
j = ∑

τ∈T
∑

n∈Nτ(j)
Gain(n), (15)

where T denotes the set of trees, τ indexes a tree, Nτ(j) denotes nodes in tree τ that split on
feature j, and Gain(n) denotes the standard gain at node n. The causal consistency loss is
used as a reporting and model-selection criterion:

Lc = ∥s − st∥2 + λ
dc

∑
j=1

|sj − st
j |I(sj > γ). (16)

The total validation objective used for hyperparameter selection is:

Jval = AUPRCval − ωLc,val, (17)
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where Jval is the validation selection criterion and ω controls the trade-off between valida-
tion precision–recall performance and causal-alignment error.

Figure 2 illustrates the implemented distillation design.

ICU feature vector
x

Causal-gated
DNN teacher

GBDT student

Teacher prediction
p̂d

Student prediction
p̂t

Teacher causal
priority a

GBDT split
importance st

Soft target
ỹ

Predictive
loss

Causal split
score

Trained
CAD-GBDT

Figure 2. Implemented causal distillation design. The GBDT student receives soft predictive su-
pervision from the DNN teacher and uses teacher-derived causal priorities to modify candidate
split selection.

Algorithm 1 delineates the procedural steps involved in training CAD-GBDT using
causal-attribution-guided split selection. The modified split score is applied locally at
each candidate split evaluation for every node in every boosting iteration. Candidate
splits are generated using the standard XGBoost split enumeration procedure; only the
split-selection score is modified. The predictive gain term is normalized within each node
by the maximum candidate gain, which places the XGBoost gain on a comparable scale
to the normalized causal-priority and attribution-alignment terms. Variables outside the
causal graph are not excluded. They retain their standard predictive-gain score and may
be selected whenever they provide sufficient predictive improvement. The computational
implementation used to generate the reported results followed this split-scoring procedure.

Algorithm 1 CAD-GBDT training with causal-attribution-guided split selection.

Require: Training data {(xi, yi)}Ntrain
i=1 , trained DNN teacher fd, causal adjacency matrix Ac, causal-

variable set Vc, distillation weight ρ, causal split-priority weight β, attribution penalty λ, strong-
attribution threshold γ, number of trees M

Ensure: Trained CAD-GBDT student ft
1: Compute teacher probabilities p̂d

i = fd(xi) for all training samples.
2: Construct soft labels ỹi = (1 − ρ)yi + ρ p̂d

i .
3: Compute teacher causal attribution scores s using integrated gradients over the causal-variable

set Vc.
4: Normalize teacher attributions to obtain causal priorities aj = sj/(∑k∈Vc

sk + ϵs).
5: Initialize cumulative normalized feature-use vector z(0) = 0.
6: for boosting iteration m = 1, . . . , M do
7: Compute first- and second-order gradients from the current GBDT objective using soft labels

ỹi.
8: for each node to be split in tree m do
9: Generate candidate splits Q using the standard XGBoost histogram-based split enumera-

tion.
10: for each candidate split q = (j, θ) ∈ Q do
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Algorithm 1 Cont.

11: Compute the standard XGBoost split gain Gain(q).
12: if j ∈ Vc then
13: Compute normalized predictive gain G̃ain(q) =

Gain(q)/(maxq′∈Q Gain(q′) + ϵg).
14: Compute causal score:

Score(q) = G̃ain(q) + βaj − λ|z(m−1)
j − aj|I(aj > γ).

15: else
16: Set Score(q) = G̃ain(q), so variables outside the causal graph remain

eligible through predictive gain only.
17: end if
18: end for
19: Select q∗ = argmaxq∈Q Score(q).
20: Split the node using q∗.
21: end for
22: Add tree m to the ensemble and update predictions.
23: Update cumulative feature-use vector z(m) from normalized split gains accumulated

through trees 1, . . . , m.
24: end for
25: Return trained CAD-GBDT student ft.

4.3. Dynamic Causal Graph Integration Process

Dynamic causal graph integration is included as a deployment-oriented extension
rather than as a primary experimentally validated component. The primary experiments
use a causal graph estimated from the training set and keep this graph fixed during test-set
evaluation. This design avoids test-set leakage and ensures that reported performance
reflects a reproducible offline training procedure.

For future deployment, the causal adjacency matrix may be updated as new clinical
evidence becomes available. Let Ac

t denote the causal adjacency matrix at update time t,
Ac

t+1 denote the updated matrix, Dt denote a newly available observational data batch,
and K denote clinical prior knowledge. The Bayesian update can be written as:

P(Ac
t+1|Dt) ∝ P(Dt|Ac

t )P(Ac
t |K). (18)

The graph-change magnitude can be monitored through the Frobenius norm:

∆G = ∥Ac
t+1 − Ac

t∥F, (19)

where ∥ · ∥F denotes the Frobenius norm. A full retraining event may be triggered when
∆G > ϵ, where ϵ is a predefined drift threshold. Because dynamic updating was not directly
evaluated in the present retrospective experiments, no claims about its empirical benefit
are made in the Section 6.

4.4. ICU-Specific Causal Attribution in TFTs

The TFT teacher incorporates causal information through the causal-gating and
attention-adjustment mechanisms described above. For variables included in the causal
graph, causal parent information is added to the teacher representation. For variables
outside the causal graph, the TFT uses its standard variable-selection and attention mod-
ules. This hybrid design avoids forcing all 312 clinical variables into the causal discovery
procedure, which would be unstable and difficult to interpret.
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Let xt
j denote the value of clinical variable j at time t, wt

j denote the variable-selection
weight assigned to feature j, and τij denote the estimated lag between parent variable i and
child variable j. For graph-selected variables, the causal-aware variable-selection input is:

wt
j = softmax

MLP

xt
j ; ∑

i∈Pa(j)
Ac

ijx
t−τij
i

. (20)

In the present experiments, lag values were constrained to clinically plausible windows
selected from the observation interval, and horizon-specific models were trained for the
temporal robustness analysis.

4.5. Interpretable Rule Generation and Causal Mapping

The final stage translates the distilled GBDT decision paths into clinically interpretable
rules and maps those rules to causal subgraphs. Let Pk denote the kth decision path in the
GBDT ensemble, and let mk denote the number of split conditions in that path. Each path
is represented as:

Pk :=
mk∧
j=1

(xπk(j) ▷◁k,j θk,j), (21)

where πk(j) indexes the feature tested at the jth condition of path k, ▷◁k,j∈ {<,≥} denotes
the comparison operator, and θk,j denotes the split threshold.

Each rule is mapped to a causal subgraph Gk ⊆ G, where Gk contains the variables in
Pk and the estimated causal edges connecting them. The rule importance score rk combines
coverage, predictive precision, and causal alignment:

rk =
nk
N

· accuracy(Pk) · ∏
(a,b)∈πk

(1 + Ac
ab)

I(a→b in G), (22)

where nk is the number of samples reaching path Pk, N is the total number of samples,
and accuracy(Pk) denotes path-level predictive accuracy on held-out data.

Counterfactual rule exploration is not used as a quantitative experimental result in
this paper. It is retained as a possible future interface function for clinical review, subject to
additional causal validation and human-centered evaluation.

5. Experimental Setup and Implementation Details
5.1. Study Design and Data Source

This study used a retrospective observational design based on de-identified ICU
records from the Medical Information Mart for Intensive Care IV (MIMIC-IV) database.
MIMIC-IV contains hospital admissions, ICU stays, physiological measurements, laboratory
tests, medications, procedures, and outcomes from Beth Israel Deaconess Medical Center,
Boston, MA, United States [5]. The retrospective design is suitable for reproducible method
development, but causal conclusions remain limited by the observational nature of the data.

The experimental setting focused on two prediction tasks: sepsis onset prediction and
in-hospital mortality prediction. Sepsis onset was defined using Sepsis-3 criteria, which
define sepsis as life-threatening organ dysfunction caused by a dysregulated host response
to infection [33,34]. In-hospital mortality prediction estimated whether a patient died before
hospital discharge.

5.2. Cohort Construction and Prediction Windows

Figure 3 summarizes the cohort construction process. ICU stays were extracted
from MIMIC-IV. Adult ICU stays were retained, and stays with insufficient observa-
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tion history, missing outcome labels, or invalid timestamps were excluded. The final
analytic cohort contained 25,368 ICU stays after preprocessing. The cohort included
Nsepsis = 2740 sepsis-positive ICU stays, corresponding to a prevalence of 10.8%, and
Nmortality = 3019 in-hospital deaths, corresponding to a mortality prevalence of 11.9%.
These prevalence values are reported because they are necessary for interpreting area under
the precision–recall curve values.

All ICU stays extracted from MIMIC-IV: N = 76,943

Adult ICU stays retained: N = 61,532

Excluded insufficient observation window: N = 25,441

Excluded missing labels or invalid timestamps: N = 10,723

Constructed 48 h observation windows

Defined outcomes: sepsis onset within 6 h and in-hospital mortality

Patient-level split: 60% training, 20% validation, 20% test

Final analytic cohort: 25,368 ICU stays and 312 variables

Figure 3. Cohort construction flow for the MIMIC-IV ICU prediction experiments.

The remaining cohort was divided into training, validation, and test partitions at
the patient level. Patient-level splitting means that all ICU stays belonging to the same
patient were assigned to only one partition. This strategy reduces leakage across data
splits. The training set was used to fit model parameters, the validation set was used
for hyperparameter tuning and model selection, and the test set was reserved for final
performance estimation.

For the primary sepsis task, a 48 h observation window was used to predict sepsis
onset within the following 6 h. For temporal robustness analysis, separate horizon-specific
models were trained and evaluated for prediction horizons from 1 to 24 h. Therefore,
Figure 4 reports horizon-specific evaluation rather than applying a single 6 h model to
multiple horizons.

5.3. Preprocessing and Feature Representation

The preprocessing pipeline harmonized vital signs, laboratory results, medication
indicators, and demographic variables. Vital signs included heart rate, respiratory rate,
oxygen saturation, temperature, mean arterial pressure (MAP), and the ratio of arterial
oxygen partial pressure to inspired oxygen fraction (PaO2/FiO2). Laboratory variables
included white blood cell count (WBC), creatinine, bilirubin, lactate, platelet count, and re-
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lated blood chemistry measurements. Medication variables included vasopressor exposure
and other treatment indicators. Demographic variables included age and sex.

Continuous variables were winsorized using clinically plausible ranges to reduce the
influence of extreme measurement values. Missing values were handled using forward
filling within the observation window when previous values were available, population-
level imputation when no previous measurement existed, and missingness indicators.
A missingness indicator is a binary feature that records whether a variable was observed
or imputed.

Let xi,j,t denote the value of clinical variable j for patient sample i at time point t.
The patient-level time-series representation was Xi ∈ RT×d, where T denotes the number of
time points in the observation window, and d = 312 denotes the number of clinical variables
after preprocessing. For GBDT-based models, temporal features were summarized using
the most recent value, minimum, maximum, mean, slope, and missingness frequency over
the observation window.

5.4. Causal Variable Selection

The full predictive feature set contained 312 clinical variables. Causal discovery was
performed on a smaller prespecified subset because high-dimensional causal discovery
over all variables would be unstable, computationally expensive, and difficult to interpret.
The causal variable subset was selected before test-set evaluation using three criteria: clin-
ical relevance to sepsis and mortality, measurement availability in the 48 h observation
window, and representation of major physiological systems involved in infection, hemody-
namics, respiratory status, coagulation, renal function, liver function, and inflammation.

The final causal graph variables were WBC, creatinine, bilirubin, MAP, lactate, va-
sopressor exposure, temperature, PaO2/FiO2, heart rate, platelet count, respiratory rate,
and SOFA for the primary analysis. Because SOFA is part of the Sepsis-3 outcome definition,
a sensitivity analysis excluded SOFA, qSOFA, aggregate organ-failure scores, and direct
SOFA-derived component scores from the sepsis prediction feature set. This sensitivity
analysis was conducted to assess whether sepsis performance was driven primarily by
outcome–feature overlap.

5.5. Baseline Models

The proposed model was compared with five categories of baselines. Clinical score
baselines included SOFA and qSOFA. Interpretable machine learning baselines included
L1-regularized logistic regression and XGBoost. Black-box temporal baselines included
long short-term memory (LSTM) networks and TFT models. Causal learning baselines
included causal-relationship-guided deep learning and causal disentanglement models.
Distillation baselines included standard knowledge distillation and causal knowledge
distillation variants.

A direct GBDT baseline without teacher supervision was also included to clarify the
contribution of distillation. This baseline used the same tabular feature representation
and tree configuration as the CAD-GBDT student but was trained only on observed labels
without teacher probabilities or causal-attribution-guided split scoring.

5.6. Implementation Details

The DNN teacher used a TFT architecture with 64 hidden units, four attention heads,
a dropout rate of 0.10, and causal gating layers. The teacher was trained using the Adam
optimizer with learning rate 1× 10−3, batch size 128, and early stopping based on validation
AUPRC with patience of 10 epochs. The maximum number of epochs was 100. The binary
cross-entropy loss was used for supervised teacher training.
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The GBDT student used 200 trees, a maximum depth of six, a learning rate of 0.05,
a subsampling rate of 0.8, and a column-sampling rate of 0.8. Candidate split selec-
tion was modified using the causal-aware score defined in Section 4. Hyperparameters
were tuned on the validation set. The causal consistency weight β, attribution penalty
weight λ, and strong-attribution threshold γ were selected through grid search. Candidate
values were:

β ∈ {0.1, 0.2, 0.3, 0.5, 0.7}, λ ∈ {0.01, 0.05, 0.10, 0.20}, γ ∈ {0.05, 0.10, 0.15, 0.20}.

The final model used β = 0.3, λ = 0.10, and γ = 0.10 based on validation-set
performance and causal-alignment stability.

All neural models were implemented in PyTorch v2.13. Tree-based models were
implemented using XGBoost with the modified split-scoring wrapper for CAD-GBDT. Ex-
periments were run on NVIDIA V100 GPUs for neural models and CPU/GPU-accelerated
XGBoost routines for tree-based models. The same training, validation, and test partitions
were used for all models.

5.7. Evaluation Metrics

Predictive discrimination was evaluated using the area under the receiver operating
characteristic curve (AUROC), the area under the precision–recall curve (AUPRC), and the
F1 score. Let TP, FP, TN, and FN denote true positives, false positives, true negatives,
and false negatives, respectively. Recall, also called the true-positive rate, is:

Recall =
TP

TP + FN
. (23)

Precision is:
Precision =

TP
TP + FP

. (24)

The F1 score is:
F1 = 2 · Precision · Recall

Precision + Recall
. (25)

Causal interpretability was evaluated using the causal consistency score (CCS).
To make CCS comparable across model families, each model was assigned a model-specific
importance vector v(m) ∈ Rdc over the causal-variable subset. For linear models, v(m) was
derived from normalized absolute coefficients. For GBDT and XGBoost models, v(m) was
derived from the normalized split gain. For LSTM and TFT models, v(m) was derived
from integrated gradients averaged over the test set. For SOFA and qSOFA, v(m) was
derived from the variables explicitly used in the score definitions. Let c ∈ Rdc denote the
graph-derived causal reference vector, computed from normalized node strength in the
learned causal graph. CCS is:

CCS(m) =
(v(m))⊤c

∥v(m)∥2∥c∥2
. (26)

A higher CCS indicates stronger alignment between the model’s explanation pattern
and the learned causal reference structure. CCS is therefore a computational alignment
metric and should not be interpreted as direct clinician-perceived usefulness.

Calibration was evaluated using expected calibration error (ECE). Let Bm denote
calibration bin m, M denote the number of bins, p̂i denote the predicted probability for
sample i, and yi ∈ {0, 1} denote the observed outcome. The average predicted probability
and observed event frequency in bin m are:
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conf(Bm) =
1

|Bm| ∑
i∈Bm

p̂i, acc(Bm) =
1

|Bm| ∑
i∈Bm

yi. (27)

ECE is:

ECE =
M

∑
m=1

|Bm|
n

|acc(Bm)− conf(Bm)|, (28)

where n is the total number of test samples.
Model-based clinical utility was evaluated using decision curve analysis. Let pt denote

a threshold probability, and let TP(pt) and FP(pt) denote true positives and false positives
obtained when predicted probabilities greater than or equal to pt are classified as positive.
Net benefit is:

NB(pt) =
TP(pt)

n
− FP(pt)

n
· pt

1 − pt
. (29)

Expected calibration error and decision-curve net benefit were computed directly from
the held-out test-set predicted probabilities and observed binary outcomes. No illustrative
or synthetic values were used in the reported calibration and decision-curve summaries.

Uncertainty was estimated using patient-level non-parametric bootstrap resampling
of the held-out test set with 1000 bootstrap replicates. Ninety-five percent confidence
intervals were computed from the 2.5th and 97.5th percentiles of the bootstrap distribution.
Paired bootstrap comparisons were performed between CAD-GBDT and the strongest
competing baselines.

6. Results
6.1. Predictive Performance for Sepsis Onset

Table 2 presents sepsis prediction performance on the MIMIC-IV held-out test set.
The proposed causal-aware distilled gradient-boosted decision tree (CAD-GBDT) achieved
the highest AUROC, AUPRC, and F1 score among the compared methods. The AUROC
reached 0.891, indicating strong discrimination between ICU stays that developed sepsis
and those that did not. The AUPRC reached 0.618, which should be interpreted in relation
to the sepsis prevalence of 10.8% in the analytic cohort.

Table 2. Sepsis prediction performance on the MIMIC-IV held-out test set. Values are reported as
mean ± standard deviation with 95% confidence intervals.

Model AUROC AUPRC F1 CCS

SOFA 0.712 ± 0.011 [0.690–0.734] 0.324 ± 0.014 [0.297–0.351] 0.418 ± 0.016 [0.387–0.449] 0.850 ± 0.018 [0.815–0.885]
qSOFA 0.683 ± 0.012 [0.660–0.706] 0.291 ± 0.013 [0.266–0.316] 0.382 ± 0.017 [0.349–0.415] 0.880 ± 0.016 [0.849–0.911]
Logistic Regression 0.801 ± 0.010 [0.781–0.821] 0.453 ± 0.015 [0.424–0.482] 0.527 ± 0.016 [0.496–0.558] 0.720 ± 0.022 [0.677–0.763]
Direct GBDT 0.842 ± 0.009 [0.824–0.860] 0.512 ± 0.014 [0.485–0.539] 0.583 ± 0.015 [0.554–0.612] 0.650 ± 0.025 [0.601–0.699]
LSTM 0.864 ± 0.008 [0.848–0.880] 0.587 ± 0.013 [0.562–0.612] 0.621 ± 0.014 [0.594–0.648] 0.290 ± 0.027 [0.237–0.343]
TFT 0.876 ± 0.008 [0.860–0.892] 0.602 ± 0.012 [0.578–0.626] 0.638 ± 0.013 [0.613–0.663] 0.310 ± 0.026 [0.259–0.361]
CRISP 0.853 ± 0.009 [0.835–0.871] 0.541 ± 0.014 [0.514–0.568] 0.592 ± 0.015 [0.563–0.621] 0.780 ± 0.020 [0.741–0.819]
CDL 0.861 ± 0.008 [0.845–0.877] 0.563 ± 0.013 [0.538–0.588] 0.604 ± 0.014 [0.577–0.631] 0.810 ± 0.019 [0.773–0.847]
Standard KD 0.868 ± 0.008 [0.852–0.884] 0.591 ± 0.012 [0.567–0.615] 0.627 ± 0.013 [0.602–0.652] 0.430 ± 0.026 [0.379–0.481]
Causal KD 0.873 ± 0.008 [0.857–0.889] 0.598 ± 0.012 [0.574–0.622] 0.633 ± 0.013 [0.608–0.658] 0.680 ± 0.023 [0.635–0.725]
CAD-GBDT 0.891 ± 0.007 [0.877–0.905] 0.618 ± 0.011 [0.596–0.640] 0.652 ± 0.012 [0.629–0.675] 0.820 ± 0.018 [0.785–0.855]

The direct GBDT baseline achieved lower performance than Standard KD and CAD-
GBDT, indicating that teacher supervision contributed useful information beyond direct
tree training. CAD-GBDT further improved over Standard KD, suggesting that causal-
attribution-guided split scoring added benefit beyond prediction-level distillation alone.
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6.2. Predictive Performance for Mortality

Table 3 presents mortality prediction performance on the MIMIC-IV held-out test set.
The proposed CAD-GBDT model achieved an AUROC of 0.923, an AUPRC of 0.658, and an
F1 score of 0.693. The AUPRC should be interpreted relative to the mortality prevalence of
11.9% in the analytic cohort.

Table 3. Mortality prediction performance on the MIMIC-IV held-out test set. Values are reported as
mean ± standard deviation with 95% confidence intervals.

Model AUROC AUPRC F1 CCS

SOFA 0.802 ± 0.010 [0.782–0.822] 0.412 ± 0.015 [0.383–0.441] 0.502 ± 0.016 [0.471–0.533] 0.830 ± 0.018 [0.795–0.865]
Logistic Regression 0.861 ± 0.009 [0.843–0.879] 0.523 ± 0.014 [0.496–0.550] 0.587 ± 0.015 [0.558–0.616] 0.750 ± 0.021 [0.709–0.791]
Direct GBDT 0.887 ± 0.008 [0.871–0.903] 0.582 ± 0.013 [0.557–0.607] 0.632 ± 0.014 [0.605–0.659] 0.680 ± 0.023 [0.635–0.725]
TFT 0.916 ± 0.007 [0.902–0.930] 0.643 ± 0.012 [0.620–0.666] 0.681 ± 0.012 [0.658–0.704] 0.340 ± 0.026 [0.289–0.391]
CRISP 0.892 ± 0.008 [0.876–0.908] 0.601 ± 0.013 [0.576–0.626] 0.651 ± 0.013 [0.626–0.676] 0.800 ± 0.019 [0.763–0.837]
Standard KD 0.908 ± 0.007 [0.894–0.922] 0.631 ± 0.012 [0.608–0.654] 0.672 ± 0.012 [0.649–0.695] 0.450 ± 0.025 [0.401–0.499]
CAD-GBDT 0.923 ± 0.006 [0.911–0.935] 0.658 ± 0.011 [0.636–0.680] 0.693 ± 0.011 [0.671–0.715] 0.790 ± 0.018 [0.755–0.825]

CAD-GBDT outperformed the TFT teacher in the reported test results. This result is
plausible because the GBDT student was trained using both observed labels and teacher
probabilities, while also benefiting from tabular feature summaries that are well suited to
tree-based learning. The comparison with Direct GBDT and Standard KD indicates that the
improvement is not due only to the GBDT architecture; rather, predictive distillation and
causal split guidance both contributed to the final model.

6.3. Statistical Comparison with Strong Baselines

Paired bootstrap comparisons were performed between CAD-GBDT and the strongest
competing baselines. Table 4 reports the difference in AUROC and AUPRC between CAD-
GBDT and each comparator. Positive values indicate better performance for CAD-GBDT.

Table 4. Paired bootstrap comparison between CAD-GBDT and strong baselines on the MIMIC-IV
held-out test set. Positive values indicate better performance for CAD-GBDT. Paired comparisons
were computed using patient-level non-parametric bootstrap resampling with 1000 replicates.

Task Comparator ∆AUROC [95% CI] pAUROC ∆AUPRC [95% CI] pAUPRC

Sepsis onset TFT 0.015 [0.003–0.027] 0.018 0.016 [0.002–0.031] 0.029
Sepsis onset Standard KD 0.023 [0.008–0.037] 0.006 0.027 [0.010–0.043] 0.004
Sepsis onset Direct GBDT 0.049 [0.034–0.064] <0.001 0.106 [0.081–0.129] <0.001
Mortality TFT 0.007 [0.001–0.014] 0.041 0.015 [0.001–0.029] 0.047
Mortality Standard KD 0.015 [0.004–0.026] 0.008 0.027 [0.009–0.045] 0.006
Mortality Direct GBDT 0.036 [0.023–0.050] <0.001 0.076 [0.052–0.101] <0.001

6.4. Sepsis Label-Leakage Sensitivity Analysis

Because Sepsis-3 criteria include an acute increase in SOFA score, a sensitivity analysis
was conducted to evaluate whether the sepsis prediction results were driven by overlap
between outcome definition and predictor variables, as shown in Table 5. In this analysis,
SOFA, qSOFA, aggregate organ-failure scores, and direct SOFA-derived component scores
were removed from the sepsis predictor set. Only variables measured before the prediction
horizon were retained.

For the SOFA-excluded sensitivity analysis, the removed variables were SOFA, qSOFA,
total organ-failure scores, explicit SOFA component-score variables, and any engineered
score features directly derived from the respiratory, coagulation, liver, cardiovascular, renal,
or neurological SOFA subscores. The exclusion removed derived variables rather than all raw
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physiological measurements. Raw measurements such as PaO2/FiO2, platelet count, bilirubin,
MAP, vasopressor exposure, creatinine, urine-output indicators, and neurological-status mea-
surements were retained only when they were observed strictly before the prediction horizon
and were not part of the time interval used to establish Sepsis-3 onset. This design preserves
clinically meaningful early predictors while reducing direct outcome-definition circularity.

Table 5. Sensitivity analysis for sepsis prediction after excluding SOFA, qSOFA, aggregate organ-
failure scores, and direct SOFA-derived predictors. Values indicate that performance decreased
modestly after removing SOFA-related predictors, but CAD-GBDT retained higher discrimination
and causal consistency than the strongest baselines.

Model AUROC AUPRC F1 CCS

CAD-GBDT primary analysis 0.891 0.618 0.652 0.820
CAD-GBDT excluding SOFA-related predictors 0.872 0.589 0.626 0.781
Direct GBDT excluding SOFA-related predictors 0.824 0.486 0.557 0.612
TFT excluding SOFA-related predictors 0.858 0.571 0.610 0.298
Standard KD excluding SOFA-related predictors 0.851 0.558 0.602 0.417

All retained predictors in the SOFA-excluded analysis were restricted to measurements
available before the prediction time. No predictor values from the future 6 h prediction
horizon or from the time interval used to define Sepsis-3 onset were used as model inputs.

The SOFA-excluded analysis reduced the performance of all models, confirming that
SOFA-related information contributes to sepsis prediction. However, CAD-GBDT retained
higher AUROC, AUPRC, F1, and CCS than the strongest baselines, suggesting that the
reported advantage was not explained solely by outcome–feature circularity.

6.5. Temporal Robustness Across Prediction Horizons

Figure 4 shows AUROC across sepsis prediction horizons from 1 to 24 h. Separate
horizon-specific models were trained for each horizon to avoid conflating a 6 h model
with longer-horizon evaluation. The proposed model maintained AUROC values above
0.85 across the full horizon range, whereas several baselines declined more sharply as the
prediction horizon increased.

Figure 4. Temporal robustness of sepsis prediction across prediction horizons from 1 to 24 h. Separate
horizon-specific models were trained for each horizon.
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6.6. Calibration Analysis

Calibration was evaluated using reliability diagrams and expected calibration error.
Figure 5 shows the calibration pattern for sepsis onset prediction, and Figure 6 shows the
corresponding pattern for mortality prediction. Expected calibration error was computed
directly from held-out predicted probabilities and observed binary labels.

Figure 5. Calibration plot for sepsis onset prediction on the MIMIC-IV held-out test set. The diagonal
line represents ideal calibration. Expected calibration error values were computed from held-out
predicted probabilities and observed labels.

Figure 6. Calibration plot for in-hospital mortality prediction on the MIMIC-IV held-out test set.
The diagonal line represents ideal calibration. Expected calibration error values were computed from
held-out predicted probabilities and observed labels.
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6.7. Decision Curve Analysis

Decision curve analysis was used to estimate model-based clinical utility across thresh-
old probabilities. Net benefit was computed directly from held-out predicted probabilities
and observed binary labels. Figure 7 shows the decision curve for sepsis onset prediction,
and Figure 8 shows the corresponding decision curve for in-hospital mortality prediction.
Table 6 summarizes the model calibration performance and clinical utility based on the
MIMIC-IV test set.

Figure 7. Decision curve analysis for sepsis onset prediction on the MIMIC-IV held-out test set. Net
benefit was computed from held-out predicted probabilities and observed labels.

Figure 8. Decision curve analysis for in-hospital mortality prediction on the MIMIC-IV held-out test
set. Net benefit was computed from held-out predicted probabilities and observed labels.
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Table 6. Calibration and model-based clinical utility summary on the MIMIC-IV held-out test set.

Task Model ECE NB at pt = 0.10 NB at pt = 0.20

Sepsis onset SOFA 0.094 0.041 0.018
Sepsis onset Direct GBDT 0.061 0.072 0.039
Sepsis onset TFT 0.047 0.089 0.052
Sepsis onset Standard KD 0.052 0.084 0.049
Sepsis onset CAD-GBDT 0.031 0.103 0.064

Mortality SOFA 0.083 0.053 0.026
Mortality Direct GBDT 0.054 0.081 0.048
Mortality TFT 0.039 0.097 0.061
Mortality Standard KD 0.044 0.091 0.056
Mortality CAD-GBDT 0.028 0.112 0.073

6.8. Causal Interpretation Analysis

Figure 9 shows the learned causal adjacency matrix for sepsis prediction. The matrix
displays estimated edge strengths between major ICU variables, including WBC, creatinine,
bilirubin, MAP, lactate, vasopressor exposure, temperature, PaO2/FiO2, heart rate, platelet
count, SOFA, and respiratory rate. Positive values indicate positive causal association
under the estimated graph, whereas negative values indicate inverse association.

Figure 9. Learned causal adjacency matrix for sepsis prediction. Yellow-framed cells highlight
the clinically meaningful causal edges: WBC → creatinine and WBC → bilirubin (inflammation-
to-organ-dysfunction pathways), and MAP → lactate and MAP → vasopressor (hemodynamic
instability pathways). WBC denotes white blood cell count, MAP denotes mean arterial pressure,
and PaO2/FiO2 denotes the ratio of arterial oxygen partial pressure to inspired oxygen fraction.

The learned causal structure identified clinically meaningful pathways. Inflammation-
related variables showed connections to organ dysfunction markers, including WBC to
creatinine and WBC to bilirubin. Hemodynamic instability was represented through path-
ways involving MAP, lactate, and vasopressor exposure. Infection-marker dynamics were
represented through temperature and WBC relationships with temporal delay. The distilla-
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tion process preserved these relationships in the GBDT student: 89% of the top 20 causal
edges showed significant alignment between DNN attribution scores and GBDT split im-
portance. For example, the teacher model’s lactate–MAP attribution pattern translated into
a corresponding high-importance GBDT split, consistent with literature describing lactate
elevation and sympathetic stimulation in sepsis [35].

CCS should be interpreted as a computational alignment measure between model
explanations and the learned graph-derived reference structure. A higher CCS indicates
stronger agreement with the estimated causal graph, but it does not establish intervention-
level causality, clinical usefulness, or correctness of the learned causal edges.

6.9. Causal Variable and Graph Stability Analysis

The learned causal graph was estimated using the prespecified causal-variable subset.
To assess sensitivity to variable selection, graph estimation was repeated using alternative
clinically plausible subsets of 10, 12, and 15 variables. Stability was summarized using
top-edge overlap and adjacency-matrix correlation, as shown in Table 7.

Table 7. Sensitivity of the learned causal graph to alternative causal-variable subsets. Top-edge
overlap denotes the proportion of the 20 highest-weighted directed edges shared with the primary
graph. Adjacency correlation denotes the Pearson correlation between vectorized adjacency matrices
after alignment over shared variables.

Causal Variable Set Number of Variables Top-Edge Overlap Adjacency Correlation

Core clinical set 10 0.76 0.81
Primary graph set 12 Reference Reference
Expanded clinical set 15 0.72 0.78

The graph-stability analysis showed moderate-to-strong agreement across alternative
causal-variable subsets. This finding suggests that the major causal pathways were not
fully dependent on a single variable-selection configuration, although external validation
remains necessary to assess graph transportability across institutions.

6.10. Hyperparameter Sensitivity Analysis

Table 8 reports sensitivity to the causal-alignment parameters β, λ, and γ. The anal-
ysis evaluates whether CAD-GBDT performance is robust to reasonable changes in
the causal split-priority weight, the attribution-alignment penalty, and the strong-
attribution threshold.

Table 8. Hyperparameter sensitivity analysis for causal-alignment parameters on the sepsis predic-
tion task. The analysis varies the causal split-priority weight β, attribution-alignment penalty λ,
and strong-attribution threshold γ. The selected setting of β = 0.3, λ = 0.10, and γ = 0.10 provided
the best balance between AUPRC and causal consistency.

β λ γ AUROC AUPRC CCS

0.1 0.10 0.10 0.879 0.604 0.741
0.2 0.10 0.10 0.886 0.613 0.793
0.3 0.10 0.10 0.891 0.618 0.820
0.5 0.10 0.10 0.887 0.611 0.834
0.7 0.10 0.10 0.881 0.602 0.846
0.3 0.01 0.10 0.886 0.612 0.762
0.3 0.05 0.10 0.889 0.616 0.801
0.3 0.20 0.10 0.884 0.607 0.839
0.3 0.10 0.05 0.887 0.611 0.836
0.3 0.10 0.15 0.888 0.614 0.807
0.3 0.10 0.20 0.883 0.606 0.779
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The sensitivity analysis indicates that weak causal weighting reduced CCS, whereas
excessive causal weighting increased CCS at the expense of AUROC and AUPRC. The se-
lected configuration provided the strongest balance between predictive performance and
causal consistency.

6.11. Ablation Study

Table 9 reports ablation results for sepsis prediction. Removing the causal gating
mechanism reduced AUPRC from 0.618 to 0.574 and CCS from 0.82 to 0.54. Removing the
causal consistency loss reduced CCS to 0.48 while causing a smaller AUROC reduction.
Using a static causal graph reduced AUPRC and CCS relative to the full model, suggesting
that causal structure contributes to both predictive stability and explanation alignment.

Table 9. Ablation study results for sepsis prediction. All variants use the same causal graph estimated
from the training set and held fixed during held-out test evaluation.

Variant AUROC AUPRC CCS

Full CAD-GBDT model 0.891 0.618 0.82
No causal gating 0.863 0.574 0.54
No causal consistency loss Lc 0.879 0.601 0.48
Graph-derived priorities only 0.882 0.593 0.76

The ablation results indicate that causal gating and causal-attribution-guided split se-
lection serve distinct roles. Causal gating improves predictive and explanatory performance
by shaping teacher representations before distillation. Removing the causal consistency
component primarily reduces attribution alignment and rule plausibility, with a smaller
direct effect on AUROC. The “Graph-derived priorities only” variant uses the same fixed
training-set causal graph as the full model but relies only on graph-derived node priorities
during student split selection, without incorporating teacher-derived attribution priorities.
Its lower AUPRC and CCS suggest that teacher-derived attribution priorities contribute
to the final student model. This ablation does not represent dynamic graph updating,
which remains a deployment-oriented extension rather than an experimentally validated
component in the present study.

7. Discussion
The results suggest that causal pathway guidance can improve the interpretability of

DNN-to-GBDT distillation while preserving strong predictive performance. CAD-GBDT
outperformed conventional interpretable baselines on sepsis onset and in-hospital mortality
prediction and maintained higher causal consistency than black-box temporal models.
This finding is important because ICU decision support requires predictions that can be
inspected, questioned, and related to plausible physiological mechanisms.

The comparison between the TFT teacher, Direct GBDT, Standard KD, and CAD-
GBDT clarifies the role of distillation. CAD-GBDT outperformed the TFT teacher in the
reported test results, which can occur because the student was trained using both observed
labels and teacher probabilities, while the tree-based representation also benefits from
structured temporal summaries. The improvement over Direct GBDT indicates that the
teacher contributed useful predictive information. The improvement over Standard KD
indicates that causal split guidance added value beyond prediction-level distillation.

The revised implementation description also clarifies that causal consistency is not opti-
mized by invalid backpropagation through discrete tree structures. Instead, teacher-derived
causal priorities are used to modify candidate split selection in the GBDT. This implemen-
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tation preserves the standard tree-learning objective while encouraging the student to use
features that align with teacher causal attributions and the learned graph structure.

The sepsis prediction task requires careful interpretation because Sepsis-3 uses SOFA-
related organ dysfunction criteria. The revised sensitivity analysis excluding SOFA, qSOFA,
aggregate organ-failure scores, and direct SOFA-derived component scores showed a
modest performance decrease, but CAD-GBDT retained higher discrimination and causal
consistency than the strongest baselines. This result suggests that the proposed model’s
advantage is not explained solely by outcome–feature circularity. Nevertheless, sepsis
prediction studies using EHR data should continue to report timing, label definitions,
and predictor overlap carefully.

The calibration and decision curve analyses strengthen the clinical relevance of the
evaluation. Calibration is necessary because ICU risk models should provide probabilities
that correspond to observed event rates rather than only rank patients by risk. Decision
curve analysis provides a complementary view by estimating model-based net benefit
across threshold probabilities. In the revised manuscript, expected calibration error and
net benefit were computed directly from held-out predicted probabilities and observed
outcomes. These analyses suggest that CAD-GBDT provides more reliable probability
estimates and higher model-based clinical utility than the strongest baseline models across
representative threshold probabilities.

The framework also aligns with emerging expectations for trustworthy clinical artificial
intelligence. TRIPOD+AI and PROBAST+AI emphasize transparent reporting, appropriate
validation, calibration, risk-of-bias assessment, and careful evaluation of applicability [8,9].
The revised experimental presentation therefore includes cohort construction, explicit
outcome definitions, prevalence reporting, patient-level splitting, calibration analysis,
decision curve analysis, ablation testing, causal-variable selection, graph-stability analysis,
hyperparameter sensitivity, and paired bootstrap comparison.

Several limitations should be considered. First, causal discovery from observational
ICU data is vulnerable to unmeasured confounding. Unmeasured confounding occurs
when an unobserved variable influences both a candidate cause and an outcome. Illness
severity, clinician judgment, monitoring intensity, and institutional treatment protocols
may affect both interventions and outcomes. Therefore, the learned DAG should be
interpreted as a causal hypothesis scaffold rather than definitive causal proof. The graph
provides a structured inductive bias for prediction and explanation, but it does not establish
intervention-level causality.

Second, the current evaluation is based on MIMIC-IV. Although MIMIC-IV supports
reproducible method development, models trained and evaluated in a single health-system
dataset may not generalize to other institutions, patient populations, monitoring prac-
tices, or treatment protocols. External validation using independent multicenter datasets,
such as the eICU Collaborative Research Database, is necessary before broader claims
of generalizability can be made [36]. Future studies should also assess subgroup per-
formance across clinically relevant demographic and disease-severity groups to identify
potential disparities.

Third, dynamic graph updating, drift detection, and counterfactual rule exploration
are presented as deployment-oriented extensions and were not directly validated in the
primary retrospective experiments. These components require prospective or temporally
staged evaluation with strict model versioning, graph-change logging, and audit trails
before they can be used in a clinical setting. The present study therefore limits its empirical
claims to the fixed-graph causal distillation pipeline evaluated on held-out MIMIC-IV data.

A further limitation is that clinician-facing validation has not yet been conducted.
The present study evaluates interpretability through computational causal consistency,
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rule-to-subgraph mapping, calibration analysis, and decision curve analysis, but these
analyses do not replace direct assessment by ICU clinicians. Future work should include a
structured human-centered evaluation in which intensivists assess explanation plausibility,
actionability, trust calibration, cognitive burden, and workflow compatibility. Such vali-
dation should be conducted prospectively or through a carefully designed retrospective
reader study before the framework is considered for clinical deployment. This requirement
is consistent with recent multimodal explainable AI evaluation work, which argues that
clinical decision-support explanations should be judged through modality-aware evidence,
robustness, plausibility, and workflow relevance rather than attribution fidelity alone [37].

Ethical considerations are central to causal AI in critical care. Causal diagrams can
appear persuasive even when causal assumptions are uncertain. The system should
therefore communicate uncertainty for each edge and distinguish between data-derived
hypotheses, guideline-supported relationships, and clinician-confirmed pathways. Feed-
back loops also require attention. If clinicians act on model alerts, subsequent data may
reflect intervention-modified trajectories rather than natural disease progression. Future
versions of the framework should incorporate logged interventions, off-policy evaluation,
and explicit counterfactual assumptions to reduce the risk of misleading causal updates.

Privacy and governance are also important. Although the present study uses de-
identified data, clinical deployment would require secure data pipelines, access control,
audit logs, model versioning, and institutional oversight. Federated causal discovery may
provide a future pathway for learning across hospitals without centralizing patient-level
data. Such an extension would be valuable for improving generalizability across health
systems while preserving privacy.

Overall, the revised findings support the potential of causal-pathway-guided distilla-
tion as a bridge between high-capacity temporal prediction and interpretable rule-based
clinical reasoning, while also clarifying the methodological boundaries of the present
retrospective evaluation.

8. Conclusions
This study presented a causal-pathway-guided DNN–GBDT distillation framework

for interpretable artificial intelligence in intensive care units. The framework estimates can-
didate causal pathways from ICU variables, incorporates those pathways into a TFT teacher
through causal gating, and transfers predictive and causal-attribution information into a
GBDT student through soft-label learning and causal attribution-guided split selection.

Experiments on MIMIC-IV sepsis onset and in-hospital mortality prediction showed
that CAD-GBDT achieved strong predictive performance and higher causal consistency
than several baseline models. The revised manuscript clarifies the implementation of the
distillation mechanism, the provenance of calibration and decision-curve results, the def-
inition of causal consistency across model types, and the sensitivity of the sepsis task to
SOFA-related label overlap.

The broader implication is that interpretability in ICU artificial intelligence should not
be treated only as post hoc visualization. Explanations become more useful when causal
assumptions, temporal dynamics, teacher representations, and student decision rules are
connected within a transparent modeling pipeline. Future work should prioritize external val-
idation, prospective clinician-centered evaluation, uncertainty-aware causal graph estimation,
subgroup fairness analysis, and governance mechanisms for dynamic graph updating.
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