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Abstract

Intensive Care Unit (ICU) readmissions following Intracerebral Hemorrhage (ICH) are
associated with increased mortality and resource burden. Current prediction models pre-
dominantly rely on static admission features, failing to capture the temporal evolution of
physiological instability. This study proposes a novel deep learning framework to predict
ICU readmission by leveraging high-resolution time-series data from the MIMIC-III and
MIMIC-IV databases. We developed a Stacked Gated Recurrent Unit (GRU) Architec-
ture Ensemble, integrated with Time-series Generative Adversarial Networks (TimeGAN)
to address the inherent class imbalance of readmission events. Our model achieved a
state-of-the-art Area Under the Receiver Operating Characteristic Curve (AUC) of 0.912,
significantly outperforming traditional machine learning baselines and static feature mod-
els. The sensitivity of 88.1% highlights the model’s efficacy in minimizing unsafe premature
discharges. Furthermore, interpretability analysis using SHAP values identified Length of
Stay, MELD Score, and Monocytes as critical predictors, revealing that readmission risk
is driven by a complex interplay between systemic organ dysfunction and inflammatory
response. These findings demonstrate that incorporating temporal dynamics and genera-
tive data augmentation significantly enhances risk stratification, offering a robust clinical
decision support tool to optimize discharge timing in neurocritical care.

Keywords: intracerebral hemorrhage; ICU readmission; deep learning; time series analysis

1. Introduction

Intracerebral hemorrhage (ICH) constitutes a major neurological emergency, account-
ing for approximately 10-15% of all strokes worldwide yet contributing disproportionately
to the global burden of mortality and severe disability [1,2]. In contrast to ischemic stroke,
ICH is characterized by early clinical instability due to hematoma expansion and perihe-
matomal edema, necessitating intensive monitoring in the Intensive Care Unit (ICU) [3].
Although acute-phase survival has modestly improved over the past decade through opti-
mization of blood pressure control and anticoagulation reversal [4], the transition from the
ICU to the general ward remains a critical point of vulnerability and inefficiency within the
continuum of care [5].

Premature ICU discharge is a major determinant of serious adverse events. Patients
readmitted to the ICU face significantly worse prognoses, with higher in-hospital mortality
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rates and a drastic increase in healthcare costs [6,7]. Currently, the lack of standardized
guidelines for discharging patients with ICH renders this decision a subjective clinical
challenge, in which balancing the avoidance of premature transfer with the optimization of
limited resources is critical. Therefore, it is imperative to develop objective predictive tools
capable of accurately identifying the risk of readmission.

The primary objective of this study is to develop, validate, and compare a robust
predictive framework for ICU readmission in patients with ICH. Unlike previous studies
that rely predominantly on static admission features, this work introduces a dynamic deep
learning framework specifically designed to capture the temporal evolution of physiological
instability. The novelty of our approach lies in the integration of sequential modeling
architectures within an ensemble strategy, combined with generative data augmentation to
address class imbalance in a clinically coherent manner.

The main contributions of this study are threefold:

(i) The implementation and systematic comparison of advanced time-series architectures
(GRU, Stacked GRU, TCN, and Transformer) for ICH-specific ICU readmission prediction.

(ii) The incorporation of a deep ensemble strategy to enhance predictive stability
and generalization.

(iii) The integration of generative augmentation to improve minority-class representation
while preserving temporal physiological structure.

We hypothesize that modeling the full temporal dynamics of vital signs and labora-
tory trajectories enables the identification of latent risk patterns, thereby outperforming
conventional static models and providing a more reliable clinical decision-support tool.

The remainder of this manuscript is organized as follows. Section 2 presents a struc-
tured review of related work. Section 3 describes the materials and methodological
framework. Section 4 reports the experimental results. Section 5 discusses the clinical
implications and limitations. Finally, Section 6 concludes the study and outlines future
research directions.

2. Related Work

Recent advances in Artificial Intelligence have significantly improved outcome predic-
tion in critical care. Integrated optimization and machine learning approaches have been
developed that outperform traditional clinical scoring systems [8,9]. Within this context,
it is important to highlight the architectural diversity in time-series modeling. To capture
complex temporal dependencies and dynamic changes in patient physiology, it is necessary
to transition from static models toward advanced deep learning architectures capable of
processing the evolving sequence of data [10].

Human physiology is intrinsically dynamic; therefore, applying Deep Learning to
time-series data offers a superior theoretical advantage. Recurrent Neural Network (RNN)
architectures such as the Gated Recurrent Unit (GRU) enable the capture of sequential
dependencies to predict readmissions and critical events with greater accuracy than static
methods [11,12]. In parallel, Temporal Convolutional Networks (TCN) have gained traction
as an efficient alternative, as they excel in processing long-range patterns more rapidly
than RNNs, facilitating their implementation in continuous monitoring systems [13,14].
Finally, the recent incorporation of Transformers has revolutionized clinical data analysis.
Attention mechanisms have been shown to dynamically weight distant events in a patient’s
history, achieving unprecedented accuracy in predicting adverse outcomes [15-17].
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3. Materials and Methods
3.1. Data Sources

This retrospective study was conducted using data extracted from two widely rec-
ognized open-access critical care databases: MIMIC-III (version 1.4) [18] and MIMIC-IV
(version 3.1) [19]. Both repositories, developed by the MIT Laboratory for Computational
Physiology, contain detailed clinical information collected at the Beth Israel Deaconess
Medical Center (Boston, MA, USA).

These databases provide a comprehensive compendium of anonymized clinical infor-
mation, including demographic data, vital signs (monitored on an hourly basis), laboratory
results, medication histories, imaging studies, clinical notes, and survival records. The
integration of both datasets enables leveraging their scale and diversity, supporting a robust
analysis of ICU readmission risk in a heterogeneous cohort of patients with ICH, thereby
improving the generalization and reliability of the findings. These databases represent a
cornerstone in critical care informatics and have been extensively validated in the recent
literature for developing predictive models of ICU readmission and mortality in patients
with Intracerebral Hemorrhage, as demonstrated by the works [8,9]. Their widespread
adoption in this specific domain confirms their suitability and robustness for training deep
learning algorithms on high-resolution physiological time-series.

In accordance with privacy regulations, all data were pre-deidentified to ensure
strict compliance with patient protection standards (HIPAA), and therefore informed
consent requirements were waived. Access to the databases was granted after completing
the required ethics training for research involving human subjects (CITI Program) and
obtaining the corresponding certification (Record ID: 67993327).

3.2. Study Population

The study population consisted of patients diagnosed with Intracerebral Hemor-
rhage (ICH). Identification was performed through Structured Query Language (SQL)
queries on the Google BigQuery platform, utilizing the International Classification of
Diseases, Ninth Revision (ICD-9) code 431, and Tenth Revision (ICD-10) codes 1610-1616
and 1618-1619. Patients were included if ICH was recorded as either their primary or
secondary diagnosis.

To ensure a well-defined and clinically relevant cohort, specific exclusion criteria
were applied. We applied specific exclusion criteria to ensure cohort homogeneity and
data quality:

e Patients younger than 18 years were excluded due to physiological differences in
pediatric populations.

e  Patients with an initial ICU length of stay shorter than 24 h were removed to ensure
sufficient time-series data density for temporal modeling.

e Patients who died during or immediately following their first ICU discharge were
excluded to account for competing risks.

ICU readmission was operationally defined as any unplanned return to the Intensive
Care Unit occurring during the same hospitalization after the initial ICU discharge. Only
readmissions within the same hospital admission episode were considered. Planned
transfers for elective procedures were excluded when identifiable through admission type
and procedure records. This definition ensures consistency with prior ICU readmission
prediction studies and enhances reproducibility.
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Prior to merging MIMIC-III and MIMIC-1V, a formal harmonization process was
conducted to ensure dataset comparability. Units of measurement for laboratory and
physiological variables were standardized across databases. Timestamp granularity was
aligned to a uniform hourly resolution to preserve temporal consistency. Diagnostic codes
were harmonized across ICD-9 and ICD-10 definitions to ensure uniform cohort selection.

Following the application of these criteria, a total of 2117 patients were included in the
final cohort. This comprised 601 patients from the MIMIC-III database (selected from an
initial pool of 1085) and 1516 patients from the MIMIC-IV database (selected from an initial
pool of 2424). These datasets were harmonized and merged into a single unified cohort
to facilitate robust model training and analysis. The complete workflow of the patient
selection and exclusion process is illustrated in Figure 1.

MIMIC-IIl and MIMIC-IV Databases

! |

MIMIC-lII Patients with ICH: MIMIC-IV Patients with ICH:
n=1085 n=2424

1. Select patients who had ICH as either 1. Select patients who had ICH as either

their primary or secondary diagnosis AND their primary or secondary diagnosis AND
2. Exclude patients: 2. Exclude patients:

* Under 18 years old (0) ¢ Under 18 years old (0)

* Died after their first ICU transfer (456) » Died after their first ICU transfer (978)

« Initial ICU stay of less than 24h (128) « Initial ICU stay of less than 24h (329)

Total Patients: n = 601 Total Patients: n =1516
Final Inclusion of the MIMIC Database:
n=2117

Figure 1. Criteria for study population extraction.

3.3. Feature Extraction

Predictor variable selection was performed using a hybrid approach guided by clinical
evidence. Initially, candidate features were identified based on an extensive review of prior
literature, prioritizing those that have demonstrated a significant association with intrac-
erebral hemorrhage prognosis and ICU readmission risk in previous studies [8,9,20,21].
Subsequently, this preliminary set was refined and validated through expert clinical con-
sensus to ensure both clinical relevance and availability within the databases.

To address irregular sampling and missing values, a ‘Last Observation Carried
Forward” (LOCF) imputation strategy was implemented. Specifically, the sequence of
the last 24 time steps prior to discharge was extracted for each patient. Missing values
within these sequences were imputed using forward filling to preserve physiological
continuity, while any initial missing entries were filled with zeros. Subsequently, to
ensure equal contribution from features with varying scales, continuous variables were
normalized using Z-score standardization (zero mean and unit variance). The scaling
parameters were derived exclusively from the training set and applied to the test set to
prevent data leakage

All predictor variables were temporally restricted to information available prior
to the initial ICU discharge. Mechanical Ventilation status reflected its occurrence
during the first ICU admission only. Hydrocephalus was defined based on diagnoses
documented before discharge. ICU Length of Stay corresponded exclusively to the
duration of the index ICU episode. No post-discharge or post-readmission data were
included in feature construction.
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As a result of this process, a total of 28 final variables were selected, which are detailed

in Table 1. For descriptive analysis of these characteristics, continuous variables were

expressed using the median and interquartile range M(Q1,Q3) due to the non-normal

distribution of physiological data, while categorical variables were reported as absolute

and relative frequencies N().

Table 1. Selected clinical features.

Non-ICU_Readmission (0)

ICU_Readmission (1)

Characteristic (N = 1694) (N = 423)
anchor_age 68.00 (56.00, 79.00) 65.00 (54.00, 75.00)
hospital_stay_days 3.92 (2.07, 8.12) 5.91(2.76,11.19)
MELD_score 8.50 (7.50, 10.20) 8.50 (7.50, 11.00)
ALT (IU/L) 22.00 (15.00, 35.78) 23.50 (17.00, 46.23)
Chloride (mEq/L) 103.89 (101.58, 106.33) 103.43 (100.88, 106.00)
Creatinine (mg/dL) 0.81 (0.66, 1.03) 0.80 (0.61, 1.02)
Sodium (mEq/L) 139.84 (137.69, 142.06) 139.72 (137.50, 142.46)
MCHC (%) 32.98 (32.04, 33.80) 32.65 (31.84, 33.52)
Monocytes (%) 6.70 (5.06, 8.84) 7.16 (5.40, 9.30)
Neutrophils (%) 76.50 (69.32, 82.65) 76.70 (70.17, 81.58)
PT (s) 12.50 (11.70, 13.56) 12.84 (11.90, 14.04)
INR 1.14 (1.07, 1.23) 1.17 (1.10, 1.28)
SpO2 (%) 96.60 (95.66, 97.64) 96.86 (95.83, 97.73)
GCS 13.55 (11.08, 14.71) 12.83 (9.96, 14.53)
HR (beats/min) 78.18 (70.65, 86.63) 80.46 (72.20, 87.56)
RR (breaths/min) 18.48 (16.81, 20.55) 18.79 (17.03, 20.92)
Eosinophils (%) 1.00 (0.30, 2.14) 1.20 (0.50, 2.23)
Albumin (g/L) 3.50 (3.10, 3.90) 3.40 (3.00, 3.80)
White Blood Cells (K/uL) 9.68 (7.88, 11.55) 9.99 (8.38, 11.92)
Glucose (mg/dL) 120.48 (107.00, 142.58) 122.43 (110.18, 144.35)
CK IU/L) 131.00 (67.00, 280.02) 142.25 (69.12, 284.06)
Lymphocytes (%) 13.50 (9.07, 19.10) 12.30 (8.90, 17.24)
Potassium (mEq/L) 3.96 (3.77,4.18) 3.98 (3.79, 4.22)
Platelets (K/ulL) 22495 (181.39, 275.41) 243.32 (185.10, 305.10)
Bilirubin_total (mg/dL) 0.52 (0.40, 0.80) 0.58 (0.37, 0.83)
Hydrocephalus (Yes) 100 (5.9%) 36 (8.5%)
Hydrocephalus (No) 1594 (94.1%) 387 (91.5%)
Mechanical_ventilation (Yes) 582 (34.4%) 205 (48.5%)
Mechanical_ventilation (No) 1112 (65.6%) 218 (51.5%)
Sex (M) 898 (53.0%) 244 (57.7%)
Sex (F) 796 (47.0%) 179 (42.3%)

3.4. Methodology

3.4.1. Proposed Methodological Framework

The methodological workflow adopted in this study is illustrated in Figure 2.

The process begins with the filtered and processed database described in the previ-

ous sections and is structured into four sequential phases: data partitioning, balancing

through synthetic data generation, modeling via deep architecture ensembles, and

comparative evaluation.
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Filtered database

‘ Data separation: ’

* Train data (70%)
+ Testdata (30%)

I

‘ Training data balancing: J

TimeGAN

I

Architecture assembly application:

Stacked GRU i | Transformers i |

Stacked GRU 3 [Gru3 [Tcns Transformers 3
Stacked GRU 2 [eruz2 [Ton2 Transformers 2
Stacked GRU 1 GRU 1 TCN1 Transformers 1

Figure 2. Proposed Methodological Framework.
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.
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3.4.2. Data Splitting and Balancing (TimeGAN)

First, the final dataset was randomly divided into two independent subsets: 70%
allocated for model training and 30% reserved for testing. Synthetic data generation
using TimeGAN was performed exclusively on the training subset and strictly after the
dataset was partitioned. The test set was never augmented and contained only real patient
data to ensure unbiased performance evaluation. The dataset was partitioned to ensure
independent training and testing cohorts. Although MIMIC-IIT and MIMIC-1V originate
from the same institution, their different temporal coverage and database structures allow
for cross-version validation within the same healthcare system. It is important to note that
this does not constitute true external validation across independent hospitals but rather an
assessment of model generalizability across non-overlapping institutional cohorts.

Given the pronounced class imbalance inherent to ICU readmission prediction, we
applied a state-of-the-art data augmentation technique: Time-series Generative Adversarial
Networks (TimeGAN). TimeGAN has been shown to outperform traditional oversampling
methods in biomedical domains by learning the joint temporal distribution of the data
and generating synthetic sequences that preserve the integrity of dynamic physiological
correlations without introducing artificial noise [22].

The TimeGAN model was configured with the following hyperparameters to stabilize
the adversarial training process: a GRU-based generator and discriminator with 3 hidden
layers, a hidden dimension of 24 units, and a learning rate of 1 x 10~3. The model
was trained for 10,000 iterations with a batch size of 128. To ensure the reliability of
the generated samples, we rigorously monitored the convergence of the reconstruction
and adversarial loss functions. The training process was terminated only upon reaching
a stable equilibrium between the generator and discriminator, ensuring that the model
successfully minimized the distributional discrepancy between real and synthetic data
sequences without exhibiting mode collapse.

To assess the fidelity of the generated time series, we conducted a visual dimension-
ality reduction analysis using t-SNE (t-Distributed Stochastic Neighbor Embedding). As
illustrated in Figure 3, the synthetic samples (red) exhibit a high degree of overlap and den-
sity consistency with the original clinical trajectories (blue), indicating that the TimeGAN
model successfully captured the underlying high-dimensional manifold of the ICU cohort.
The lack of isolated clusters for the synthetic data suggests that the generator effectively
modeled the global distribution without suffering from mode collapse. Furthermore, the
quantitative utility of the data was confirmed through the Predictive Score, yielding a
Mean Absolute Error (MAE) of 0.1137. This low error rate demonstrates that the synthetic
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sequences preserve the critical temporal dynamics and clinical information necessary for
robust predictive modeling.

t-SNE Visualization: Real vs. Synthetic Data Distribution

Real Data (Original)
Synthetic Data (TimeGAN)

40 e

204

t-SNE Dimension 2

-204

—40

—60 4

-60 -40 =20 0 20 40 60 80
t-SNE Dimension 1

Figure 3. t-SNE visualization.

3.4.3. Deep Learning Architectures and Ensemble Strategy

For risk prediction, we implemented four deep learning architectures specialized
in sequential data. To mitigate the variance inherent in stochastic training and enhance
generalization, we implemented an ensemble strategy following the methodology described
in [23]. The final prediction is computed using a Soft Voting (Averaging) mechanism, where
the outputs of all individual networks are averaged to produce a robust consensus score.
This approach effectively reduces the prediction error and prevents the model from relying
on the idiosyncrasies of a single training run, a technique that has proven effective in
handling missing clinical data in intensive care settings. The architectures evaluated under
this ensemble scheme were:

e  Gated Recurrent Unit (GRU): Captures short-term dependencies in hospital readmis-
sion tasks, addressing gradient issues at lower computational cost than LSTMs [24].

e  Stacked GRU: A deep configuration stacking multiple hidden layers, which enables
the abstraction of complex hierarchical patterns in the evolution of vital signs that a
single layer cannot detect [25].

e  Temporal Convolutional Network (TCN): Provides parallelization capability and
long-range memory through dilated convolutions and has demonstrated superior
performance in early detection of adverse events in ICU settings [26].

o Transformer: A model based on self-attention mechanisms. Its inclusion is justified
by recent research showing that Transformers capture critical long-range temporal
relationships more effectively than any recurrent model [17].

e  To process variable-length clinical sequences, a fixed input window of 24 time steps
was established. For patients with ICU stays shorter than this window, zero-padding
(pre-padding) was applied to the beginning of the sequence to ensure uniform input
dimensions for the neural networks. This approach allows the model to handle varying
stay durations while maintaining a consistent tensor shape.

The prediction was generated at the time of ICU discharge. All predictor variables
were constructed using only information available up to that discharge moment. Time-
series inputs were derived exclusively from physiological measurements recorded prior to
ICU discharge, and no post-discharge or post-readmission data were incorporated. This
design ensures strict temporal separation between predictors and outcome, preventing
information leakage.

https:/ /doi.org/10.3390/app16052235
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To guarantee the reproducibility of the study and provide a transparent overview of the
methodological design, the specific architectural parameters and training configurations for all
implemented models have been consolidated. Table 2 presents a detailed breakdown of the
structural specifications (including the number of layers, hidden units, filter sizes, and attention
mechanisms) for the GRU, Stacked GRU, TCN, and Transformer architectures. Furthermore, to
ensure a fair comparative analysis, the common optimization settings, such as the loss function,
optimizer, and batch size applied during the training phase, are also specified.

Table 2. Hyperparameter configuration and detailed model architectures.

Architecture/
Hyperparameter GRU Stacked GRU TCN Transformers
. Masking Masking Masking Layer
Input Processing (value = 0.0) (value = 0.0) (value = 0.0) Normalization
Multi-Head
3 GRU Layers Atten-tion (Heads = 4, Key
. 2 GRU Layers (64, 32, 16 units) 1 TCN Block dim = 32)
Feature Extraction (64 & 32 units) with Batch (64 filters, kernel = 3) Residual
Normalization Connection (Add)
Global Average Pooling 1D
Dense Layer 16 units (ReLU) 16 units (ReLU) 16 units (ReLU) 32 units (ReLU)
Output Layer 1 unit (Sigmoid) 1 unit (Sigmoid) 1 unit (Sigmoid) 1 unit (Sigmoid)
Optimizer Adam (LR =0.001) Adam (LR =0.001) Adam (LR =0.001) Adam (LR =0.001)
. Binary Binary Binary Binary
Loss Function Cross-Entropy Cross-Entropy Cross-Entropy Cross-Entropy
Batch Size 32 32 32 32

3.4.4. Performance Evaluation

Finally, model performance was assessed on the test set (unseen during training)
using a comprehensive comparison with standard metrics for imbalanced classification:
Area Under the ROC Curve (AUC-ROC), Accuracy, Precision, Recall, Specificity, and
the F1-Score.

4. Results

This section presents the experimental findings obtained from the evaluation of the
proposed deep learning framework. The results are categorized into four subsections:
quantitative model performance, global feature importance analysis, detailed clinical inter-
pretability of non-linear relationships, and a benchmarking comparison against state-of-
the-art studies.

4.1. Model Performance Evaluation

The predictive capabilities of the four architectures (GRU, Stacked GRU, TCN, and
Transformer) were evaluated on the held-out test set using the ensemble strategy described
in the methodology. Table 3 summarizes the performance metrics for each architecture.

Table 3. Comparative performance metrics of the deep learning architecture ensembles on the test set.

Architecture AUC (95% CI)  Accuracy Precision Recall Specificity F1-Score

0.912

Stacked GRU (0.888-0.934) 0.845 0.826 0.881 0.807 0.853
0.899

GRU (0.876-0.922) 0.823 0.819 0.839 0.807 0.829
0.874

TCN (0.846-0.899) 0.799 0.824 0.770 0.829 0.796

0.827 0.741 0.748 0.743 0.738 0.746

Transformer (0.796-0.856)

As evidenced in Table 3, the Stacked GRU Architecture Ensemble achieved the highest
performance across almost all evaluation metrics. It attained a leading AUC of 0.912,
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significantly outperforming the Transformer ensemble and showing a decisive advantage
over the standard GRU. Notably, the Stacked GRU demonstrated the highest Recall (0.881).
In the context of ICU readmission, high recall is critical as it minimizes false negatives
preventing high-risk patients from being incorrectly classified as stable. The TCN ensemble,
while achieving the highest Specificity (0.829), exhibited a lower Recall (0.770), suggesting
a more conservative behavior in flagging readmission risks.

Figure 4 illustrates the Receiver Operating Characteristic (ROC) curves for the four
architecture ensembles. The visual comparison corroborates the tabular results, with
the Stacked GRU curve (orange line) consistently dominating the space closer to the

top-left corner, indicating superior sensitivity and specificity trade-offs across various
decision thresholds.

ROC Curve Comparison

True Positive Rate

= GRU AUC=0.899

~—— Stacked GRU AUC=0.912
—— TCN AUC=0.874

= Transformer AUC=0.827
== Random

“0.0 02 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4. ROC Curve comparison of the four deep learning architecture ensembles.

To provide a more granular view of the classification performance, Figure 5 presents
the Confusion Matrix for the optimal framework (Stacked GRU Architecture Ensem-
ble). As shown, the model successfully minimized the rate of False Negatives, which

is of paramount importance in clinical settings to ensure patient safety during the
discharge transition.

Confusion Matrix - Stacked GRU

39.48% 0.35

Negative

-0.25

True Label

-0.20

-0.15

Positive

-0.10

Negative Positive
Predicted Label

Figure 5. Confusion Matrix for architecture ensemble Stacked GRU.

To further justify the selection of the ensemble architecture over a single-model ap-
proach, a stability analysis was performed by comparing the Mean Squared Error (MSE) of
standalone networks against the final ensemble (see Table 4). The results demonstrate that
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the Stacked GRU Ensemble significantly reduces the predictive error from 0.143 to 0.116
(an 18.9% reduction). This comparison confirms that the ensemble framework effectively
mitigates the stochastic instability inherent in individual training runs, providing a more
robust and reproducible decision boundary for identifying high-risk patients.

Table 4. Comparison of architecture metrics for a single model and an assembled model.

Architecture MSE (Single Model) MSE (Full Ensemble) Error Reduction (%)

Stacked GRU 0.1433 0.1157 19.20%
GRU 0.1825 0.1274 30.21%
TCN 0.1577 0.1450 8.06%

Transformer 0.1802 0.1707 5.27%

4.2. Global Feature Importance

SHAP explanations were computed on the model’s final encoded feature represen-
tations after temporal processing, rather than on raw time-step inputs. Thus, the inter-
pretability analysis reflects the contribution of temporally learned feature embeddings to

the prediction output.
To understand the clinical drivers behind the predictions, we employed SHapley

Additive exPlanations (SHAP) [27,28]. Figure 6 displays the ranking of the top features
based on their mean absolute SHAP values, reflecting the global importance of each variable
in the model’s decision-making process.

Length of Stay emerged as the most influential predictor, followed by Age and
MELD Score (Model for End-Stage Liver Disease). Hematological and inflammatory
markers such as Monocytes and White Blood Cells, along with specific neurological
indicators like Hydrocephalus and GCS Eye response, also played significant roles in

the risk assessment.

Feature Importance: Stacked GRU

Length ot sty

Age

MELD Score
Monocytes
Hydrocephalus
Creatinine
GCS Eye
Albumin

Heart Rate
White Blood Cells
Platelet Count
Sodium
Glucose

Spo2

INR

rr
Potassium
Lymphocytes
MCHC

Eosinophils

0.00000 0.00025 0.00050 0.00075 0.00100 0.00125 0.00150 0.00175 0.00200
mean(|SHAP value|) (average impact on model output magnitude)

Figure 6. Global Feature Importance plot for the Stacked GRU model based on mean absolute
SHAP values.

Figure 7 presents the SHAP summary plot, which provides a granular view of how
the value of each feature impacts the prediction output. Each dot represents a patient
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instance; red dots indicate high feature values, while blue dots indicate low values. Key
observations include:

SHAP Summary: Stacked GRU
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Figure 7. SHAP Summary plot for the Stacked GRU model. The x-axis represents the SHAP value
(impact on model output), where positive values indicate a higher risk of ICU readmission. The color
scale represents the feature value (Red = High, Blue = Low).

e  Length of Stay & MELD Score: A clear positive correlation is observed; higher values
(red dots) are associated with positive SHAP values, indicating an increased risk
of readmission.

e  GCS Eye: Lower scores (blue dots, indicating reduced consciousness) correlate with posi-
tive SHAP values, linking neurological impairment to higher readmission probability.

e Inflammatory Markers: Elevated levels of Monocytes and White Blood Cells tend
to push the model towards predicting a higher risk, aligning with the physiological
understanding of inflammation as a driver of clinical deterioration.

4.3. Clinical Analysis of Key Predictors

To further validate the physiological coherence of the model, we analyzed the func-
tional relationship between the top predictors and the predicted risk. Figure 8 illustrates
the SHAP dependence plots for the most significant variables. Unlike summary statistics,
these plots reveal the specific trajectories of risk. For instance, they visualize how the
probability of readmission evolves non-linearly with Length of Stay, identifying critical
time windows where discharge decisions are most precarious. Similarly, they demonstrate
the progressive increase in risk associated with elevated MELD scores and inflammatory
markers, providing clinicians with interpretable thresholds that link systemic dysfunction
to patient instability.
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Figure 8. SHAP Dependence Plots for the top influential features: (a) Length of Stay, (b) MELD
Score, (c) Monocytes, (d) Age, (e) MELD Score, and (f) Monocytes. The x-axis represents the actual
value of the feature, while the y-axis represents its SHAP value (impact on model output). Positive
SHAP values indicate an increased contribution to readmission risk. These visualizations highlight
the non-linear dependencies captured by the model, such as the specific risk inflection points for
prolonged hospitalizations and systemic organ dysfunction.

4.4. Comparison with Published Models

To validate the effectiveness of our proposed framework, we performed a quan-
titative comparison with the most recent relevant studies on ICU readmission predic-
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tion for ICH patients [8,9]. Table 5 summarizes the methodological differences and key
performance metrics.

Table 5. Comparison of the best proposed method with the published models.

Study Model Architecture Data Type ?eagﬁﬁicci;% AUC Accuracy  Sensitivity  Specificity
Proposed Stacked GRU . . .
Method Ensemble Time-Series TimeGAN 0.912 0.845 0.881 0.807
LightGBM Static
[8] (Tree-based) Features SMOTEENN 0.736 0.862 0.226 0.943
Static
[9] (Feed-forward) Features ADASYN 0.899 0.881 0.893 0.796

As shown in Table 5, the Stacked GRU Architecture Ensemble achieved the highest
overall discriminative capacity with an AUC of 0.912, surpassing the LightGBM model
by [8] (+17.6%) and the ANN model by [9] (+1.3%).

While [8]. achieved high specificity (0.943), their model exhibited critically low sensitiv-
ity (0.226), failing to identify the majority of readmission cases. Conversely, Ref. [9] reported
high sensitivity (0.893) but lower specificity (0.796). Our proposed method demonstrates
the most robust balance, achieving a superior AUC and maintaining high performance
(>0.80) across both sensitivity and specificity, which is essential for minimizing both false
negatives (unsafe discharges) and false positives (resource strain).

5. Discussion

Current literature addressing ICU readmissions specifically for ICH patients remains
limited. Early retrospective studies [29] identified clinical correlates like dysphagia but were
constrained by single-center designs and small sample sizes, limiting their generalizability.
To overcome these data limitations, recent works [8,9] have leveraged the MIMIC databases,
applying machine learning algorithms to larger cohorts. However, these studies primarily
relied on static features extracted from the first 24 h, effectively overlooking the temporal
evolution of patient stability. Consequently, despite these advances, a gap remains for
a dynamic prediction framework that fully utilizes high-resolution time-series data to
capture the non-linear trajectories of physiological deterioration.

This study successfully developed and validated a robust deep learning framework
for predicting ICU readmission in patients with Intracerebral Hemorrhage (ICH), utilizing
the extensive MIMIC-III and MIMIC-IV databases. By implementing a Stacked GRU
Architecture Ensemble balanced with TimeGAN, our approach achieved a state-of-the-
art AUC of 0.912, demonstrating superior predictive capability compared to traditional
machine learning models reliant on static features.

A critical finding of this research is the definitive advantage of utilizing time-series
data over static snapshots. While previous studies [8,9] relied on aggregated statistics
(e.g., mean or max values) from the first 24 h, our results confirm that capturing the
temporal trajectory of physiological signals is essential for identifying high-risk patients.
A patient with stable but abnormal values is clinically distinct from one with highly
volatile fluctuations, yet static models often fail to differentiate them. By leveraging
a dynamic architecture, our framework explicitly captures these non-linear trajectories,
which elucidates the performance gap between our method and traditional static baselines.

The Stacked GRU architecture effectively modeled the dynamic evolution of vital
signs, allowing for the detection of subtle deterioration patterns that static models inher-
ently miss. This methodological shift not only improved overall discrimination but also
significantly enhanced sensitivity (0.881), reducing the risk of unsafe premature discharges.
An interesting finding of our comparative analysis was the performance disparity between
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the Stacked GRU (AUC 0.912) and the Transformer model (AUC 0.827). While Transformers
excel in capturing long-range dependencies in massive datasets, they lack the inductive
bias for sequential processing inherent in Recurrent Neural Networks (RNNs). In clinical
datasets of moderate size, such as the one used in this study (n = 2117), Transformers are
prone to overfitting and may struggle to generalize effectively compared to GRUs, which
are architecturally optimized to model the temporal continuity and short-to-medium term
dependencies typical of ICU physiological trends.

From a clinical perspective, the practical value of this framework relies on its high
sensitivity (88.1%), which effectively minimizes the risk of unsafe premature discharges.
Unlike static models that may fail to detect subtle physiological deterioration, this dynamic
approach captures the trajectory of patient instability. Consequently, the model serves as a
robust safety tool in the discharge decision-making process, ensuring that patients with
hidden risk patterns are flagged for continued observation rather than being transferred to
a general ward where monitoring is less intensive.

The interpretability analysis using SHAP values further validated the clinical relevance
of the model, identifying six key predictors that align with and extend current pathophys-
iological understanding. Length of Stay, the leading predictor, exhibits a non-linear risk
pattern that corroborates the dilemma of discharge timing, suggesting that both premature
stability and prolonged complexity are markers of vulnerability [30,31].

The model strongly emphasized the renal-hepatic axis, selecting the MELD Score as a
top predictor. This finding underscores the critical influence of systemic organ dysfunc-
tion on ICH prognosis; elevated MELD scores reflect latent coagulopathy and impaired
metabolic clearance, which can exacerbate perihematomal edema and increase the risk of
re-bleeding or systemic complications after ICU discharge [32,33]. Similarly, the identifica-
tion of Monocytes as a key predictor aligns with the pathophysiology of secondary brain
injury. While monocytes are essential for hematoma clearance, an excessive or prolonged
inflammatory surge indicates persistent physiological stress and blood—brain barrier dis-
ruption markers of instability that static evaluations often miss [34,35]. Age was confirmed
as a compounding factor of frailty, aligning with established demographic risk stratifica-
tions [36,37]. Finally, the identification of Hydrocephalus validates the model’s sensitivity
to structural complications, mirroring seminal works and recent predictive models that
establish it as a robust determinant of poor functional outcome [38,39].

6. Conclusions

This study addresses the critical challenge of anticipating ICU readmissions in patients
with Intracerebral Hemorrhage (ICH) by shifting the predictive paradigm from static
snapshots to dynamic temporal modeling. By successfully integrating a Stacked GRU
Architecture Ensemble with TimeGAN for data augmentation, we established a robust
framework that captures the non-linear trajectories of patient deterioration, achieving a
superior AUC of 0.912 on the extensive MIMIC datasets.

Our results confirm that the temporal evolution of vital signs and laboratory markers
holds far greater prognostic value than admission baselines alone. Clinically, the model’s
reliance on predictors such as the MELD Score, Creatinine, and Monocytes underscores
that readmission is not solely a neurological failure but a systemic collapse involving
renal-hepatic dysfunction and inflammatory surges. By identifying these latent risks
with high sensitivity (88.1%), this framework provides a viable pathway to reduce pre-
mature discharges, potentially improving long-term outcomes and resource allocation in
neurocritical care.

Future investigations will prioritize prospective validation in multi-center cohorts to
confirm generalizability. Future work should assess the generalizability of the proposed
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framework in geographically and demographically diverse clinical settings. Additionally,
we plan to conduct detailed ablation studies to strictly quantify the individual contributions
of the TimeGAN augmentation and the Stacked architecture components. We will also
assess the model’s robustness across restricted time windows to identify the earliest reliable
point for discharge prediction, integrating real-time waveform analysis to further refine
predictive granularity. Although the present evaluation focused primarily on discrimina-
tion metrics to ensure comparability with prior studies, calibration performance was not
formally assessed. Future research should incorporate calibration analysis (e.g., Brier Score,
calibration slope, reliability curves) to further evaluate the clinical reliability of predicted
probabilities prior to deployment. Moreover, these future investigations will also address
a qualitative error analysis of misclassified cases to identify specific clinical phenotypes
associated with model failure.
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