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ABSTRACT: The isolation of healthcare data among worldwide hospitals and institutes forms barriers for fully
realizing the data-hungry artificial intelligence (AI) models promises in renewing medical services. To overcome
this, privacy-preserving distributed learning frameworks, represented by swarm learning and federated learning,
have been investigated recently with the sensitive healthcare data retaining in its local premises. However, existing
frameworks use a one-size-fits-all mode that tunes one model for all healthcare situations, which could hardly fit
the usually diverse disease prediction in practice. This work introduces the idea of ensemble learning into privacy-
preserving distributed learning and presents the En-split framework, where the predictions of multiple expert models
with specialized diagnostic capabilities are jointly explored. Considering the exacerbation of communication and
computation burdens with multiple models during learning, model split is used to partition targeted models into
two parts, with hospitals focusing on building the feature-enriched shallow layers. Meanwhile, dedicated noises are
implemented to the edge layers for differential privacy protection. Experiments on two public datasets demonstrate
En-split’s superior performance on accuracy and efficiency, compared with existing distributed learning frameworks.
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1 Introduction

Globally, the isolation of healthcare data among hospitals and institutes poses significant barriers to the
realization of data-driven advancements in medical services [1]. This data isolation is particularly challenging
for data-hungry Artificial Intelligence (AI) models, which depend on large datasets to achieve high accuracy
and generalizability [2]. Privacy-preserving distributed learning frameworks, such as swarm learning and
federated learning (FL), have emerged as promising solutions by allowing sensitive data to remain localized
while still contributing to model training [3-5]. Especially in the medical field, researchers use privacy-
preserving distributed learning to improve health care services [6-8]. Given this challenge, we focus on sepsis
detection as our primary case study. Sepsis, responsible for approximately 20% of global deaths and affecting
over one-third of patients who die in U.S. hospitals, remains a critical focus of medical and healthcare
research [9]. However, predictive models developed using data from a single institution may not perform well
in other settings due to variations in patient demographics, clinical practices, and data collection methods.

To the best of our knowledge, current research on cross-center sepsis prediction is primarily categorized
into two branches: the first focuses on federated learning approaches, which emphasize privacy and
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collaborative learning without sharing patient data, and the second involves transfer learning approaches,
which concentrate on leveraging pretrained models to enhance performance in environments with limited
local data.

FL (Fig. 1a) enables institutions to collaboratively train models by sharing only weight or gradient
updates, keeping raw data local [10,11]. Although FL often outperforms standalone training, data heterogene-
ity can still degrade its effectiveness, for example, the federated representation and classification learning
system algorithm improves sepsis prediction by leveraging superior external classifiers [12]. However, a
single global model may miss site-specific patterns and lack diversity. Split Learning (SL) addresses this by
partitioning the network between clients and server to reduce client workload without sharing sensitive
data [13] (Fig. 1b), but its sequential forward-backward passes incur high latency and even parallel variants
struggle with integrating heterogeneous architectures, which limits scalability [14].
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Figure 1: Illustration of the learning architectures of FL, vanilla SL, Transfer learning and Common ensemble learning
(In order from left to right)

Transfer learning (Fig. 1c) improves generalization across hospitals by adapting a model trained on a
well-labeled source domain to a target domain with scarce labels [15]. To predict Sequential Organ Failure
Assessment (SOFA) scores in the Intensive Care Unit (ICU) patients with sepsis, SofaNet leverages cross-
center knowledge sharing and fine-tuning techniques. Moreover, statistical transfer learning has been shown
to reduce the data requirements for mortality prediction [16]. However, in highly heterogeneous healthcare
settings, transfer methods often need careful feature-space alignment and hyperparameter tuning to fully
capture local variability.

Ensemble learning (EL, as shown in Fig. 1d) improves diagnostic accuracy and robustness by com-
bining diverse base models, thereby capturing a broader range of patterns and mitigating correlated errors
[17-19]. Aggregation methods—voting [20], averaging [21], or stacking [22]—further improve performance
across heterogeneous settings. However, most ensemble work assumes centralized data pools, conflicting
with Health Insurance Portability and Accountability Act (HIPAA) and General Data Protection Regulation
(GDPR) privacy rules and complicating the collection of large, varied clinical datasets, especially those with
rare subgroups. As a result, data silos and regulatory constraints often prevent traditional ensembles from
fully realizing their potential in real-world healthcare.

FL enforces model homogeneity across sites, which limits its ability to handle diverse, site-specific data
patterns and can lead to suboptimal performance in heterogeneous healthcare environments. For instance,
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the reliance on synchronous aggregation often introduces high latency, particularly in scenarios with
varying network conditions or computational resources among institutions. Similarly, EL, while effective in
combining diverse models, typically assumes centralized data access, which conflicts with privacy regulations
and exacerbates latency issues in distributed settings. These limitations highlight the need for frameworks
that support model heterogeneity without compromising efficiency.

Existing frameworks usually train a single global model for all sites, which struggles to capture the
diverse characteristics of different patient populations and institutions. To solve this, we propose En-split,
an integrated Ensemble-Split Learning architecture that combines the privacy of SL with the robustness
of EL. In En-split, each hospital trains only its local model fragment—keeping raw data in place—while
a central server ensembles their noisy activations into a unified predictor. This design preserves patient
privacy through localized data handling, enables heterogeneous models tailored to each institution’s data,
and leverages specialized learners to minimize biases and errors, thereby improving early sepsis detection
accuracy across varied clinical settings.

In our research, we present three key contributions to sepsis management through our integrated
framework.

o Weintroduce En-split, the first framework that unifies EL with SL to tackle distributed sepsis detection.
En-split enhances generalizability via coordinated multi-institutional model fusion and enforces patient
privacy by keeping all raw data localized.

o On both Medical Information Mart for Intensive Care III (MIMIC-III) and PhysioNet Computing
in Cardiology Challenge 2019 (Challenge) datasets, En-split not only rivals traditional centralized
ensembles—delivering an approximate 0.3% + 0.05% (computed over at least three independent runs)
boost in Area Under the Receiver Operating Characteristic Curve (AUROC), but also slashes client-side
computational demands by 15%-28%.

Through these contributions, the En-split framework provides a new solution in the predictive
modeling of sepsis, offering substantial improvements in patient care and operational efficiency within
healthcare settings.

2 Related Work
2.1 Early Sepsis Prediction

The key challenge in managing sepsis is early detection and timely intervention. Research in this field can
be categorized into two primary approaches: classical machine learning methods and deep learning models.

Classical Machine Learning Model. Classical machine-learning models have laid the groundwork for
sepsis prediction. Decision trees (DT) offer interpretability for exploratory analysis [23,24], while random
forests (RF) leverage many DTs—for example, achieving AUC 0.91 on ICU data with 55 features [25]. Logistic
regression (LR), when enriched with Electronic Medical Records (EMR), demographic, and history data,
also improves early detection up to four hours in advance [26]. Gradient boosting (GB) sequentially corrects
weak-learner errors and handles varied clinical inputs effectively. Bayesian networks can flag high-risk septic
shock 24 h before onset [27], and K-nearest neighbors (KNN) similarly classify patients using vital signs
and labs [28]. However, these methods depend heavily on feature selection, limiting their ability to capture
complex data correlations.

Deep Learning Model. The advent of deep learning has led to significant advancements in sepsis
prediction. Long Short-Term Memory (LSTM) networks excel at processing time-series data, which is
essential for tracking changes in patient conditions over time. Strickler et al. [29] introduced a novel global
interpretation mechanism to analyze a Long Short-Term Memory (LSTM) model trained on ICU data,
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identifying 17 key features for sepsis detection. Convolutional Neural Networks (CNNs) have been adapted
for biomedical relation extraction tasks [30], and have also been used to predict the onset of septic shock [31].
Gated Recurrent Units (GRU) are similar to LSTMs but are more efficient computationally, Sakri et al. [32]
proposed a hybrid deep learning model combining CNN and BDLSTM, using six observation windows (24 h
to 1 h before onset) on the MIMIC-III dataset for early sepsis prediction, achieving an AUROC of 0.9974 and
accuracy of 0.9915 at 1 h before onset, outperforming all baseline models.

2.2 Split Learning

Split learning (SL) partitions a neural network between clients and a central server, so that each node
computes only its local segment and shares intermediate activations instead of raw data. First introduced
by Vepakomma et al. in 2018 [13], SL both eliminates global-model privacy risks and cuts communication
overhead by transmitting only features, not patient records. In healthcare, Ayad et al. applied a modified
SL with semi-supervised learning to electrocardiogram (ECG) classification, achieving high accuracy and
efficiency for green-Al internet of things (IoT) devices [33]. Thapa et al. [14] further combined FL and SL in
“splitfed learning” boosting privacy and robustness while reducing computation time and network traffic.

2.3 Ensembling Learning

Ensemble learning (EL) boosts prediction accuracy and robustness by combining multiple models to
mitigate overfitting and capture complex sepsis patterns. Ding et al. proposed self-paced ensemble for Sepsis
early detection (SPSSOT), a semi-supervised transfer-ensemble framework, enhances early detection across
hospitals with limited labels [8], though it lacks privacy guarantees. Voting ensembles of logistic regression
and random forest have also been applied to sepsis screening [34], and deep models trained on multi-national
ICU data further improve generalization [35]. Recent privacy-preserving efforts include Secure Multi-Party
Computation (MPC) protocols for secure decision-tree ensembles [36] and FedELs decentralized ensemble
achieving 99% accuracy in transport-mode detection [37]. To date, split learning remains underexplored in
medical ensemble contexts despite its natural privacy advantages.

While Federated Learning (FL) and Ensemble Learning (EL) offer valuable approaches, their limitations
in handling model heterogeneity and latency warrant further scrutiny. FLs single global model often
fails to accommodate diverse architectures, leading to reduced adaptability in non-IID (independent and
identically distributed) healthcare data distributions, as seen in studies on sepsis prediction [10]. EL, on the
other hand, incurs high computational overhead due to centralized aggregation, making it impractical for
privacy-constrained environments.

In comparison, hybrid privacy-preserving methods such as Homomorphic Encryption (HE) enable
computations on encrypted data but introduce significant latency and resource demands, limiting scalability
in real-time medical applications. Secure Multi-Party Computation (MPC) provides robust privacy through
joint computations without data sharing [36], yet it struggles with efficiency in large-scale, heterogeneous
networks. Federated analytics focuses on aggregated statistics rather than full model training, potentially
missing nuanced patterns, while MPC-enhanced FL combines these for better security but often at the
cost of increased communication overhead. En-split addresses these gaps by integrating SL with EL in a
way that enables model diversity—allowing each institution to use heterogeneous architectures tailored
to local data—while reducing overhead through efficient activation sharing instead of full model weights.
Unlike HE or MPC, which require heavy cryptographic operations, En-split enhances personalized privacy
protection via tunable differential privacy on activations, balancing utility and security without excessive
latency. This makes En-split particularly suited for distributed sepsis detection, filling the void in scalable,
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privacy-aware frameworks for heterogeneous healthcare settings. To further clarify the distinctions between
these approaches, Table 1 provides a comparative analysis of their key characteristics.

Table 1: Comparative analysis of distributed and centralized learning architectures

Vanilla Split
Learning (SL)

Transfer Learning
(TL)

Common Ensemble
Learning (EL)

Parameter Federated Learning
(FL)
Core
principle via model update
aggregation.
Data Model gradients or
sharing weights are shared.
Raw data stays local.
Privacy Inherent privacy by
preserva-  not sharing raw data.
tion Vulnerable to
inference attacks on
gradients.
Model Typically requires

architecture homogeneous models
across all clients.

Centralization Requires a central
server for model

aggregation.
Communi High, due to frequent
cation transmission of large
overhead model updates.
Key A single global model
limitation  struggles with data
heterogeneity;

potential latency.

Collaborative training Model is split between

client and server;
client computes initial
layers.
Intermediate
activations (“smashed
data”) are shared. Raw
data stays local.
Stronger privacy as
gradients are not
shared. Activations
are less revealing.

Can support
heterogeneous

client-side models, but

complex to
coordinate.
Requires a central
server to host the
latter part of the
model.

Low, as only small
intermediate
activations are
transmitted.
High latency due to
sequential training
passes; limited
scalability.

Pre-trained model is
adapted to a new,
smaller dataset.

No data sharing
required for training;
only the pre-trained
model is transferred.
Not a primary focus.
Depends on the
privacy of the source
dataset.

A single, pre-defined
model architecture is
used.

No central server
needed for learning;

relies on a pre-existing

model.
Very low; only the
initial model transfer
is needed.

Performance heavily
depends on the
similarity between
source and target
domains.

Multiple models are
trained on a central
dataset and their
predictions combined.
Requires pooling all
raw data into a
centralized location.

No privacy
preservation; relies on
centralized data
access.

Naturally supports
heterogeneous base
models.

Requires a central
data pool, which is a
significant barrier.

High initial data
transfer to the central
pool.

Lack of privacy;
practical challenges
due to data silos and

regulations

(HIPAA/GDPR).

Furthermore, situating En-split within recent advances in secure machine learning for healthcare, we

note alignments with studies on IoT and blockchain-based privacy mechanisms. For instance, Qureshi
etal. [38] explored dynamic protocols for protecting non-IID data in virtual environments, addressing client
heterogeneity through adaptive security. Similarly, Ullah et al. [39] used blockchain for robust auditing and
efficient learning across distributed records, emphasizing privacy in heterogeneous settings. These works
provide useful comparative perspectives, as they focus on data-level security and heterogeneity, which
complement En-split's emphasis on model training privacy via split learning and differential privacy. By
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integrating ensemble methods with lower overhead, En-split extends these ideas to collaborative Al tasks,
positioning it as a practical bridge between secure data management and efficient distributed model building
in healthcare.

3 Preliminaries

In this section, we first define our research problem from the perspective of ensemble learning (EL).
Next, we reformulate the problem within the framework of split learning (SL). To enhance the parallelism of
SL training, we draw inspiration from the parallel training strategy used in SplitFed [14].

The primary objective of our study is to leverage the clinical data of patients to detect the onset of sepsis.
We refer to the “PhysioNet Computing in Cardiology Challenge 2019' ” on the onset of sepsis from clinical
data [40]. We first analyze the mainstream sepsis classification scenarios. Consider K hospital, denoted
{Xi, Xy, ..., Xk}, the data is distributed on each client (hospital), and the local dataset is represented as X; =
{xi15Xi 2> .. Xi,m }. Here, x; j denotes the set of clinical features of the j-th patient at the i-th hospital. The
global model parameters are denoted as W,. The local model parameters are denoted as Wy (k = 1,2, ..., n).
The objective is to predict the occurrence of a binary outcome (e.g., sepsis onset) for each patient. Thus, it
can be seen as a binary classification problem. In round r of SL training, each client downloads the global
model parameters W and loads into the local model. Each client then performs local training to get updated
local model parameters W, *!. The server then to update the global model parameters W'

r+1 < Mk 11
k=1

The n denotes the overall quantity of samples, n; represents the quantity of samples owned by the k-th
client. The problem of FL is to solve an empirical risk minimization problem:

min L(w) = i 25 L (wi) (2)
k=1 "

weRd

The L is the total empirical loss, L (wy ) is the k-th client empirical loss.

We aggregate all clients local models by applying weights to their parameters. Weights of voting K are
n

assigned to each classifier to influence their contribution to the final decision, leading to a weighted majority
vote mechanism. The ensemble method reduces the likelihood of overfitting, thus enhancing the robustness
of feature extraction and ensuring better generalization of the model.

When we try to segment the model for the integrated network, the basic idea is to put different model
classifiers in different hospital institutions, which are divided into server side and client side. In other words,
we refer to the classic federated learning architecture, but unlike federated learning, which has the same
model structure for each client. In our scenario, the server side is the ensemble model, and the client side is
different sub-classifier model. For convenience, some key notations are presented in Table 2.

lhttps:,’ﬁ physionet.org/content/challenge-2019/1.0.0/ (accessed on 5 May 2024).
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Table 2: Frequently used notations

Notation Description

The dataset available of ith clients
The dataset feature set
The total samples
The total clients
The standardized data preprocessing procedure
The specialized model for kth clients
The ensemble model for server
The total communication rounds
The set of clinical data recorded by the jth patient of the ith hospital.
The intermediate model parameters in the rth round from the ith client.

IR X

=
S

)

4 Methodology
4.1 Ensemble Split Learning Framework

Fig. 2 illustrates the architecture the architecture of the En-split framework. The framework integrates
multiple classification algorithms to leverage their joint efforts for sepsis classification. To address data
scarcity and imbalance with privacy safeguards, it employs split learning and ensemble neural networks
across multiple hospital sites. En-split is structured around a server-client architecture, where the server is
typically hosted by a highly trusted institution.

B s

Server

Local Data 2

Global

shallow layer ~ Ensemble n classifier parameters Fully connected

layer

WE = g‘?\;

Local Data n

Shallow layer ISub-classiﬁer 2
Figure 2: Ensemble split learning (En-split) framework overview

The server mainly acts as a central node in the En-split framework, coordinating the learning process
and sending or receiving different models intermediate parameters by different clients. The fundamental
procedures of the framework can be outlined as follows:
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1. Feature Evaluation and Filtering: The server is responsible for assessing and selecting relevant features
from the data. Specifically, let X represent the complete data set features available to all clients. The server
defines a feature set F C X, where features in F are selected based on their relevance and predictive power
for the model [29]. Furthermore, the server establishes a standardized data preprocessing procedure,
denoted by the function P, and disseminates this procedure to each client. After each client receives P,
client transforms raw data x € X into a preprocessed format P(x), which is consistent across all client
models, ensuring uniform input across models.

2. Model Initialization and Synchronization: The server initializes the basic parameters of the models for
each client, which involves setting up the initial configurations denoted by Wj. It mainly includes the
model depth, number of nodes and corresponding hyperparameters. In addition, the server manages the
timing and sequence of training episodes, which is crucial to maintaining the integrity and efficacy of
the learning process across the heterogeneous network environments.

3. Intermediate Parameter Integration: After the clients train their models locally, they upload their
intermediate model parameters to the server, represented as 8() for the i-th client. This function takes
the set of all intermediate parameters from the clients and performs an aggregation to refine and improve
the global model.

To highlight En-split’s advantages over conventional federated learning, we emphasize its support for
heterogeneous model architectures across clients. Unlike FLs strict homogeneity, En-split allows customized
neural structures optimized for local data, enabling enhanced personalization, compatibility with diverse
distributions, and effective global knowledge aggregation. This produces superior generalization in medical
scenarios, from diagnostic tasks to prognostic modeling.

Notably, this architectural divergence facilitates three critical improvements: (1) Enhanced model
personalization through domain-specific feature extraction, (2) Improved compatibility with heterogeneous
medical data distributions, and (3) More effective knowledge aggregation at the global model level. By
allowing localized adaptation of network depth, layer configurations, and attention mechanisms, each
client model becomes a specialized feature extractor for its particular clinical context, thereby capturing
nuanced pathophysiological patterns that would otherwise be obscured in homogeneous architectures. This
heterogeneous ensemble approach ultimately produces a global model with superior generalization capa-
bilities across diverse medical scenarios, ranging from multi-modal diagnostic tasks to population-specific
prognostic modeling.

4.2 En-Split Framework Workflow

We first outline the training mechanism for binary classification in sepsis detection using split learning.
Each client k trains a local model W on its dataset X, minimizing the local loss function:

L) = — 3 (Wi 00), ), 3)
Xkl (x 3yex,

where [ is a loss function such as cross-entropy, x is the input data, and y is the label. The server aggregates
parameters from all clients to update the global model using weighted averaging:

W, = Lt Wi T (4)

where w; is the weight for client 7, and K is the total number of clients.
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The En-split workflow proceeds as follows, as illustrated in the simplified flow diagram in Fig. 3. The
server notifies selected clients to choose consistent models (e.g., random forest, decision tree, and MLP)
for sepsis identification. Clients conduct initial local training with global weights, update local parameters,
and fit non-neural models before sending them to the server. Predictions from the models are combined
via majority voting to produce the final output, where the class with the most votes is selected (e.g., for
predictions [1, 1, 0], [1, 0, 0], and [1, 0, 1], the output is determined by index-wise majority).

- Domain expert .
Initial ——————— ChoSen  ——p Data preprocessing

features features procedure

_#

Clippin .
\ 4& Hospital 1
’ J Noise addition subset
Training
model 1
Ensemble F
model Clipping Hospital 2 L — 'ea'fure.s
— optimization
. . subset
Noise addition
Training
model 2
Sepsis Clipping Hospital )
classification - . ospital n
Noise addition subset
Training

model n Sub-classifier n

Figure 3: Simplified flow diagram of En-split workflow

To handle asynchronous or straggler clients, which are common in federated or split learning settings,
En-split incorporates a quorum-based aggregation mechanism. The server proceeds with updates after
receiving responses from a predefined subset of clients (e.g., a majority quorum) within a time window,
mitigating delays from slow or non-responsive participants. This approach ensures training continuity
without requiring full synchronization, leveraging the framework’s parallel design (as in the aggregation step
of Algorithm 1) to maintain efficiency in variable network conditions.

This process is formalized in Algorithm 1 below, which describes the hybrid ensembling combining
neural and non-neural networks.

Algorithm 1: En-split Framework for sepsis prediction. We consider K homogeneous clients, indexed by i,
participating over R rounds, indexed by r. Let X; denote the local data for the ith client, and F represent the
dataset feature set. We use W, for local model voting weights
Input: K, X; (i =1,...,K), R, F, W,
Output: Ensemble model W,

1: Server selects global model 0;

(Continued)
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Algorithm 1 (continued)

2: Initialize global model 0;

3:fori=1to K do

4:  /* W, represents different algorithms, such as Decision Tree, Random Forest, Logistic Regression,
etc. */

5:  The server initializes W;

6:  The server initializes local model weights W as an empty list

7: end for

8: The server broadcasts the processing script and F to each clienti (i = 1,..., K).

9: for each communication round » = 1to R do

10: for each client i = 1to K do

11:  Receive processing script and F

12:  Prepare X;

13: W} < TrainClientModels(Xj, 1)

14:  Client i sends differentially private activations 6; to server

15:  Use secure aggregation to aggregate 0;

16:  Update W,

17: end for

18: end for

19: /* Function TrainClientModels() */

20: for each client i =1to K do

21:  W; « InitializeModel

22: Fit X; for each W;

23:  Set weights W for W;

24: end for

25: /* Function AggregateModels() */

26: Server receives from clients

27: W, < Use the PSU technique to attain (W)

28: M < WeightedSum(W;)

29: /* Function MakePrediction */

30: test data < LoadClientTestData(7)

31: predictions < [model.Predict(test data) for model in models]

32: Output < MajorityVoting(predictions)

To protect patient information against inversion and membership inference attacks, En-split applies
(e, 8)-differential privacy (DP) to the activations sent by each client. Concretely, let M ; (x;) denote the vector
of output-layer activations from client i for input x;. We first clip each component of M, (x;) to the range [-B,
B] (e.g., B = 5), ensuring the L;-sensitivity A f = 2B. Next, we add Laplace noise Lap(Af /¢ ) element-wise:

Mi(x:) = Clip(M(x:), [-B, B]) + Lap ( 2£). 5)

Here, ¢ is the per-round privacy budget. Using the Advanced Composition theorem [41], the total
privacy guarantee after R communication rounds is

ot = \/2RIn(1/0) £ + Reg(e™ ~1), §=107", )
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In our experiments, we set gy = 0.5, R = 20, yielding e ~ 1.0 at § =107°. Finally, each client sends
M, (x;) instead of M;(x;) to the server for weighted voting.

5 Experiment Settings
5.1 Datasets

This study utilizes two widely recognized, publicly available, de-identified datasets: the Medical Infor-
mation Mart for Intensive Care III (MIMIC-III) and the PhysioNet Computing in Cardiology Challenge
2019. Both datasets contain anonymized patient information, exempting our research from requiring specific
institutional review board (IRB) approval or ethics committee oversight, in accordance with standard
guidelines for secondary analysis of de-identified data.

MIMIC-III is a comprehensive critical care database containing de-identified health data from over
40,000 ICU patients at Beth Israel Deaconess Medical Center between 2001 and 2012, including vital
signs, medications, and laboratory results. Access to MIMIC-III was obtained after completing the required
Collaborative Institutional Training Initiative (CITI) Program course on data research ethics. The PhysioNet
Computing in Cardiology Challenge 2019 dataset focuses specifically on sepsis prediction and includes
relevant clinical features essential for our study. These datasets are particularly suitable for validating our
proposed framework and evaluating the performance of our differential privacy approaches. Summary
statistics of the datasets are provided in Table 3.

Table 3: Label statistics and characteristics of the two datasets

MIMIC-III  Challenge

Samples 2,303,421 1,552,264
Patients 11,791 8864
Septic onset 2729 1812
Sepsis prevalence (%) 23.14 20.44

5.2 Feature Engineering

In our research, we carefully extracted clinical variables and sepsis indicators from Electronic Medical
Records (EMR) to establish the foundation for our feature engineering efforts. The process is visualized
in Fig. 4, illustrating our structured stage approach to optimize feature selection for predictive modeling
of sepsis.

i — Data Cleaning —  Data Filtering —_— Data Scaling — Data Exploring

' |
Missing data Redundancy Invalid data Data Feature
Imputing Removing Dropping Normalization Categorizing

Figure 4: Flowchart of the processing for dataset MIMIC-III and challenge

Similarly, we start by thoroughly examining relevant datasets and existing research to pinpoint an initial
batch of potential features. Through this process, we uncover several key indicators and metrics that are vital
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for our predictive model. This review brings to light 37 clinical variables (Table 4), which are divided into 6
vital signs, 21 laboratory measures, 4 demographic factors, 4 statistics variables, and 2 other variables (SOFA
base and qSOFA (quick Sequential Organ Failure Assessment base [42]).

Table 4: Clinical features extracted from dataset

Feature type Feature detail

Vital variables Heart Rate (HR), Mean Arterial Pressure (MAP), Oxygen
Saturation (O2Sat), Temperature (Temp), Systolic Blood
Pressure (SBP), Respiration Rate (Resp)
Laboratory variables Diastolic Blood Pressure (DBP), End-tidal Carbon Dioxide
(EtCO2), Bicarbonate (HCO3), Fraction of Inspired Oxygen
(FiO2), pH Value (pH), Partial Pressure of Carbon Dioxide
from Arterial Blood (PaCO2), Aspartate Transaminase
(AST), Blood Urea Nitrogen (BUN), White Blood Cell Count
(WBC), Magnesium, Creatinine, Platelet Count (Platelets),
Calcium, Base Excess (BaseExcess), Chloride, Phosphate,
Partial Thromboplastin Time (PTT), Lactic Acid (Lactate),
Aspartate Transaminase (AST), Alkaline Phosphatase
(Alkalinephos), Direct Bilirubin (Bilirubin direct)
Demographic variables  Age, Sex, Hours from Hospital Admission to ICU Admission

(HospAdmTime), Intensive Care Unit Length of Stay

(ICULOS)
Statistics variables Mean, Minimum, Maximum, Standard Deviation
Other variables Sequential Organ Failure Assessment baseline (SOFA base),
quick Sequential Organ Failure Assessment baseline (QSOFA
base)

5.3 Baselines

In this study, we evaluate the effectiveness of our proposed algorithm, En-split, compared to three
baseline methods: federated learning (FL), vanilla split learning (SL), and conventional ensemble learning
(EL). Each of these approaches represents a distinct strategy in handling the complexities of medical data
analysis, particularly in the context of leveraging large, diverse datasets like MIMIC-III and the PhysioNet
Challenge 2019 dataset.

« Federated Learning: This approach involves training algorithms collaboratively without exchanging
the data itself. It is particularly useful in scenarios where data privacy is paramount, allowing multiple
institutions to contribute to a model’s learning process without sharing sensitive information.

o Vanilla SL: This variant of supervised learning involves splitting the model training process across
multiple parties, where each party computes a portion of the forward pass of the neural network.
The intermediate outputs are then transferred to a central server or the next participant for further
processing. This method helps in preserving privacy by not requiring the raw data to be shared, and is
particularly useful when dealing with sensitive or proprietary datasets. In our experiments, Vanilla SL
serves as a baseline to assess the effectiveness of distributed learning techniques in healthcare applica-
tions.
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o Ensemble Learning with Voting: This approach brings together predictions from several different
learning algorithms and then uses a voting system to come up with a final prediction. In our case, we
put together a bunch of different classifiers. Each one makes its own prediction on its own, and then we
look at all those predictions together. The final answer is whatever the majority of the classifiers decided
on. This method makes our predictions more reliable because it cuts down on the chances of making a
mistake (that’s the “
helps us get more accurate results overall. In our research, using ensemble learning with voting is kind
of like our starting point. It helps us see how well different models can work together to make decisions
in complicated healthcare situations.

variance” part) and it also takes advantage of the good points of each model, which

Similarly, by looking at these different methods side by side, we want to show why En-split is better
when it comes to dealing with real-world healthcare data. We're focusing on how it can keep performing
really well while also making sure that data stays private and making the most of the limited labeled data
we have.

5.4 Experiment Setup

In this study, we evaluate the effectiveness of the En-split algorithm and compare its performance
under proper privacy protection. The models employed include Random Forest, Decision Tree, and Logistic
Regression. All experiments were conducted in Python using the PyTorch 1.12 framework. Hyperparameters
were tuned via grid search: the Random Forest model used 100 trees, the Gini impurity criterion, and a
maximum depth of 20, while Logistic Regression employed default parameters with scale_pos_weight
adjusted to address class imbalance. For deep learning components in the federated learning (FL) and split
learning (SL) baselines, the Adam optimizer with a learning rate of 0.001 was used, and each client performed
5 local training epochs per communication round.

Data preprocessing included Min-Max scaling for numerical features, mean imputation for missing
values in time-series data, and consistent feature scaling across all clients. Experiments were conducted on
a system with an Intel i9-10940X CPU and an NVIDIA RTX 3090 GPU, and batch sizes for neural network
models were set to 32.

For the FL baseline, we adopted the FedAvg algorithm, where the server aggregated client models using
a weighted average based on sample sizes. For the SL baseline, a simple multilayer perceptron (MLP) was
split after the second fully connected layer. Clients executed forward propagation up to the splitting layer and
calculated backward gradients, while the server handled the remaining forward and backward propagation.

To ensure data privacy, a privacy budget of € = 1 was applied, minimizing the impact of noise on model
performance. Evaluation focused on round-to-loss and round-to-accuracy metrics on the test set.

6 Experimental Results
6.1 Model Convergence Performance

We analyze the performance of our proposed En-split framework compared to federated learning (FL),
split learning (SL), and ensemble learning (EL) across different data volume settings. The primary evaluation
metric is the Receiver Operating Characteristic (AUROC) curve, which assesses the diagnostic ability of
the models.

Suppose there are s training samples distributed across N hospitals. First, we sort the data by labels
NSX e Then, we assign « sets to each hospital. The
parameter o controls the degree of label skew. Note that there is no overlap between the samples of different

hospitals. As shown in Figs. 5 and 6, the results indicate that En-split achieves an AUROC performance on

and divide it into N x « sets, with each set containing
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par with EL, while outperforming both FL and SL. This result is particularly significant when considering
the experimental design. The parameter « was used to simulate varying degrees of data heterogeneity (label
skew), a common and critical challenge in real-world multi-institutional healthcare settings. As shown in the
figures, while the performance of standard FL degrades noticeably with increased heterogeneity (i.e., smaller
«), En-split consistently maintains high performance, nearly matching the centralized EL baseline. This
strongly validates our framework’s ability to handle non-IID data distributions effectively. The underlying
reason is that by allowing each client’s sub-model to specialize on its local data patterns, and then intelligently
combining their insights, En-split overcomes the limitations of a single, monolithic global model, thus
demonstrating superior robustness and generalization.
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Figure 5: AUROC curve of SL, FL, EL and En-split under various client data fraction on Challenge datasets
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Figure 6: AUROC curve of SL, FL, EL and En-split under various client data fraction on MIMIC datasets

The En-split framework demonstrates an AUROC comparable that of EL. This similar performance is
mainly attributed to the robust model aggregation capabilities present in both methods. En-split integrates
EL and SL, thereby leveraging the strengths of both. The EL part ensures robust model aggregation,
capturing diverse data patterns and enhancing diagnostic accuracy. In contrast, the SL part safeguards data
privacy and localization, preventing data breaches and protecting patient information integrity. Together,
they effectively address traditional ensemble learning limitations, such as data access problems and model
diversity challenges.

EL shows superior performance over FL due to its ability to combine multiple models, enhancing the
overall robustness and generalizability of the prediction. ELs model diversity allows it to capture a broader
spectrum of data characteristics, which is particularly beneficial in heterogeneous hospital datasets. However,
EL still faces challenges in data sharing and privacy protection, which are less pronounced in federated
learning. FL outperforms SL by a noticeable margin. Federated Learning enables multiple institutions to
collaboratively train models without sharing raw data, enhancing model generalizability and leveraging
diverse patient demographics. However, FLs reliance on a single global model can limit its ability to capture
unique local data characteristics, leading to potential performance degradation. In contrast, SLs sequential
training process and high latency issues hinder its efficiency, making it the least effective among the
compared methods.
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The En-split framework successfully combines the benefits of ensemble and split learning, enabling it to
adapt well to various hospital settings. Regarding the trade-offs between privacy guarantees and model utility,
our use of differential privacy (DP) with ¢ = 1 provides a strong balance, but we acknowledge the potential
for degradation with stricter budgets. Theoretically, En-split’s ensemble approach enhances robustness to
noise introduced by DP: by aggregating activations from multiple heterogeneous models (as in Eq. (4)),
correlated errors and noise are averaged out, mitigating AUROC degradation compared to single-model
frameworks. For instance, lower ¢ values increase noise but are countered by the diversity of base learners,
preserving utility in heterogeneous settings. While empirical variation of & could further quantify this, our
current analysis demonstrates that the framework preserves comparable performance even under privacy
constraints. This result serves as a practical validation that En-split achieves a desirable equilibrium between
robust privacy protection and high model utility, a crucial requirement for clinical applications.

6.2 Comparison of Model Communication Overhead

We evaluated the communication overhead of the En-split framework against SL, FL, and EL by
measuring the data transmission between server and clients. As shown in Fig. 7, our results indicate that
EL has the highest communication overhead, followed by FL, with En-split significantly reducing the
communication overhead compared to FL, and SL having the lowest overhead. EL incurs the highest
communication overhead. This is because EL requires transferring multiple model parameters from each
participating client to the central server for aggregation. The need to handle multiple models simultaneously
results in substantial data transmission, leading to high communication costs. Moreover, the centralized
nature of EL necessitates frequent data exchanges to update and maintain the ensemble models, further
exacerbating the communication load. FL reduces the communication overhead compared to EL by training
a single global model. In FL, clients share model updates (e.g., gradients or model weights) rather than
raw data. Although this approach reduces the volume of data transmitted compared to EL, it still involves
significant communication, especially with frequent synchronization rounds needed to update the global
model across all clients. The transmission of model updates at each round can be substantial, particularly for
large and complex models.

While En-split significantly reduces the computational burden on clients by splitting the model and
performing partial local computations, the server does undertake the critical responsibilities of aggregation,
ensemble model maintenance, and final voting.

Compared to Federated Learning, where the server must aggregate and update full global model
weights, or traditional ensemble learning, which might involve complex model training or distillation
processes, these operations in En-split are generally less computationally intensive. Notably, the server
processes compressed and typically lower-dimensional intermediate activations, rather than raw data or
high-dimensional full model parameters. Consequently, even as the number of clients increases, the growth
in server-side computation is relatively manageable. For instance, the computational cost of aggregation
scales approximately linearly with the number of clients, but because the volume of transmitted data is
significantly reduced, the overall overhead remains far below that of other distributed paradigms. The
computational resources required for the final voting mechanism are negligible.



Comput Mater Contin. 2025;85(2) 2929

N SL FL I EL [EEN  En-split (Proposed) B SL FL EL [BEN  En-split (Proposed)
270 fl—

500 . b

—450 g 240 :F’

@ |
% 350 -g 180 i”
230 2 150 B L
e g | 5

8250 S, & E

=7 = B 3
B £ B -
g g _ &
\)VO(Y = g 0 i V:‘ ‘%Va
50 ’. B Oy - - \r, =

m - m BB N N e
o=0.05 a=0.25 a=0.5 a=1 a=10.05 a=0.25 a=0.5 a=1
o = label skew fraction o = label skew fraction
(a) Comp. overhead on MIMIC (b) Comm. overhead on MIMIC

3 S FL I EL [BEN  En-split (Proposed) I SL FL I EL [BEN  En-split (Proposed)

600 [

g B
@0 % |
Gaso 2 : o
o Q b oo
== 400 =270 B

30 ggm i ‘ 1’
E=0 =180 [ b
3 250 < o ‘ r:
s .S 150 B
2200 = ‘ B
£ ~ g g 120 o ‘ Lﬂﬁ
'3 150 E“— Ew 2 L ‘fu’

100 g - Qo :: 5 ‘ e

: . b o B I | b
(e Jm o M s AR
Ll - m P N . i P = L
o=0.05 a=0.25 a=0.5 a=1 o=0.05 a=0.25 a=0.5 a=1
o = label skew fraction o = label skew fraction
(c) Comp. overhead on Challenge (d) Comm. overhead on Challenge

Figure 7: Comparison of computation and communication overheads for four methods on the MIMIC dataset and the
Challenge dataset

The En-split framework further reduces communication overhead compared to FL. En-split leverages
the strengths of SL to split the model training process between the client and the server. By processing
part of the model locally on the client side and only sending intermediate activations to the server, En-
split significantly cuts down the amount of data transmitted. This method allows En-split to maintain high
model performance while minimizing communication costs, making it more efficient and scalable. En-split
ensures that essential data characteristics are preserved and transmitted efficiently, optimizing the balance
between communication overhead and model accuracy. SL exhibits the lowest communication overhead
among the four methods. SL divides the model into two parts, one processed by the client and the other by
the server. Only intermediate activations and gradients are exchanged, rather than entire model parameters
or raw data. This split reduces the volume of data transmitted significantly. However, the inability of SL to
aggregate multiple models, as EL does, limits its performance by reducing its capacity to capture diverse and
comprehensive data patterns. Although it has the advantage of low communication costs, this limitation may
lead to less robust performance.

Regarding scalability, our results demonstrate that En-splits communication overhead scales linearly
with the number of clients, as evidenced by the trends in Fig. 7. This linear growth is attributable to the
framework’s design, which limits transmissions to intermediate activations rather than full model parameters
or raw data, making it more efficient than FL or EL for larger networks. The architecture inherently supports
parallelism, drawing from SplitFed-inspired methods (as referenced in Section 3), allowing multiple clients
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to contribute concurrently without exponential increases in latency. This positions En-split as suitable for
large-scale hospital networks, where dozens of institutions might participate, though further validation in
such scenarios is planned.

6.3 Comparison of Model Computation Overhead

We evaluated the computational overhead of the En-split framework by comparing it with SL, FL,
and EL, measuring the computation time on the client side. Among the four approaches, EL exhibits the
highest computational overhead. This is primarily because EL requires each client to train multiple models
independently. While the server performs model aggregation, the major computational burden remains on
the clients, who must conduct extensive training to produce a diverse set of models. Such a high level of
client-side computation renders EL less suitable for environments with limited computational resources.

Federated Learning (FL) reduces computational overhead compared to Ensemble Learning (EL) by
training a single global model. In FL, clients perform local training on their respective datasets and transmit
model updates to a central server. Although this approach alleviates the burden of maintaining multiple
models, it still incurs considerable computational costs, particularly during the local training phase. This is
especially pronounced when dealing with large datasets or complex model architectures.

The En-split framework further reduces computational overhead relative to FL by partitioning the
model training process between the client and the server. Under this framework, clients handle only the
initial stages of training, while the server processes the more complex components. This division of labor
significantly decreases the computational demands on clients, effectively balancing the overall workload. As
a result, En-split is more suitable for deployment in resource-constrained environments.

Among the three methods, Split Learning (SL) exhibits the lowest computational overhead. Clients
are responsible only for computing the initial layers of the model and then transmitting the intermediate
representations to the server. The server subsequently performs the remaining, more computation-intensive
operations. This setup substantially reduces client-side computational requirements.

From a scalability perspective, the computational overhead of the En-split framework is designed
for efficiency, exhibiting linear scaling with the number of clients as shown in Fig. 7. This is achieved by
partitioning the model and offloading computationally intensive operations to the server. While this signifi-
cantly minimizes the client-side burden, the server’s responsibilities are managed efficiently. Specifically, the
primary task of ensemble model maintenance—aggregating intermediate activations from all participants as
described in Eq. (4)—has a time complexity of O(K), scaling linearly with the number of clients, K. The final
voting step is even more efficient, operating in constant O(1) time. This linear growth is highly manageable
because the server processes lightweight intermediate activations rather than high-dimensional model
parameters, thereby avoiding the poor scaling of traditional EL and the quadratic overhead found in some
advanced secure aggregation methods. Therefore, while our current experiments focus on smaller setups,
this architectural design establishes a strong foundation for scalability, making it suitable for deployment in
expansive hospital networks and for handling real-time streaming conditions.

7 Conclusion and Future Work

In this study, we have developed and validated the En-split framework, a novel integration of Ensemble
Neural Networks (ENN) and Split Learning (SL) designed for sepsis prediction across diverse clinical set-
tings. By combining the robustness of ensemble models with the privacy-preserving features of split learning,
our framework addresses major challenges, including data privacy and model generalization across patient
populations. The En-split framework ensures that sensitive healthcare data remains localized, enhancing
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patient privacy while allowing institutions to collaborate effectively without sharing raw data. Our empirical
evaluations on the MIMIC-III and Sepsis Challenge datasets have shown that the En-split framework not
only adheres to privacy regulations but also outperforms existing methods, achieving an approximately 3%
improvement in AUROC. These results underscore the potential of our approach to significantly enhance
sepsis detection and management, thereby contributing to better healthcare outcomes and bridging the gap
in medical services across regions. This work sets a new benchmark in the predictive modeling of sepsis and
opens avenues for further research in privacy-conscious, cross-center medical collaborations.

Although En-split reduces computation and communication overhead, it might face scalability chal-
lenges when dealing with an extensive number of clients or significantly large datasets. The coordination
and synchronization between multiple clients and the server could become complex and resource-intensive,
potentially hindering real-time application in large-scale healthcare networks. Future work should explore
advanced distributed computing techniques and optimization algorithms to enhance scalability. Efficient
load balancing, dynamic resource allocation, and adaptive synchronization mechanisms could help address
these challenges. Despite En-split’s enhanced privacy through data localization, there are still potential
vulnerabilities related to intermediate data sharing between clients and the server. Advanced privacy-
preserving techniques such as differential privacy and homomorphic encryption, commonly used in FL,
might need to be integrated to further mitigate these risks.

In summary, while our evaluation highlights En-split's advantages in accuracy, efficiency, and privacy,
future work will explore its scalability in greater depth, including simulations with more than 10 clients
and real-time streaming scenarios to fully validate its applicability to large-scale hospital networks. These
enhancements will build on the observed linear overhead scaling and parallel architecture to address
potential limitations in ultra-distributed settings.

Beyond sepsis detection, En-split’s flexible architecture holds promise for extension to other healthcare
prediction tasks. For instance, it could be applied to cancer detection using multi-modal imaging data,
where heterogeneous models at different institutions capture site-specific patterns while preserving patient
privacy. Similarly, in prognosis prediction for chronic diseases like diabetes or cardiovascular conditions,
the framework’s ensemble approach would enhance generalization across diverse patient demographics. A
key direction for future research is to empirically validate the benefits of this model heterogeneity. While
our current study establishes the framework’s efficacy with homogeneous base models, we plan to conduct
experiments in fully heterogeneous settings, where clients can deploy distinct architectures (e.g., CNNs for
imaging, GRUs for time-series data) tailored to their local data. This will allow us to quantify the performance
gains derived from one of En-split’s core design advantages. Future adaptations might also include infectious
disease forecasting, such as COVID-19 outbreak modeling, leveraging distributed data from global health
networks. These extensions would build on En-split’s core strengths in privacy-preserving collaboration and
model diversity, broadening its impact in data-driven medicine.

Additionally, we plan to extend En-split to better handle asynchronous or straggler clients, which are
prevalent in real-world federated and split learning environments. Potential strategies include quorum-based
aggregation, where the server advances with updates from a majority of clients within adaptive time windows,
and timeout mechanisms to isolate delays while preserving overall model integrity. These enhancements will
be evaluated through targeted simulations in large-scale settings, quantifying impacts on key metrics such
as AUROC, latency, and convergence speed. This will build on En-split’s current strengths in privacy and
efficiency, further validating its robustness for diverse, multi-institutional healthcare applications.
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