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Intensive Care Units (ICUs) are high priority care units for patients with life threatening
conditions, where many time-series data from monitoring devices, laboratory readings and
vital signs are collected. These physiologic measurements should be closely monitored to detect
early signs of decline, including CO2 retention, sepsis and cardiac events. Artificial Intelligence
(AI) models, particularly deep learning-based architectures have the potential for superior
handling of complex multi-layered and multi-dimensional datasets to aid real-time prediction
and early warning. In this paper, focus on the development and application of Al-driven Early
Warning Systems (EWS) for ICU patients based on time-series data. Investigate the use of RNNs,
LSTM models and transformer-based sequential architectures to predict key events such as
sepsis, respiratory failure and cardiac instability. The paper also discusses problems of data
heterogeneity, missing values and model interpretability. Experimental studies indicate that
our transformer-based models achieve superior prediction performance and earlier warning
time point than the traditional LSTM models. Finally, the paper also addresses the potential
inclusion of explainable AI (XAI), multimodal data fusion and real-time CDSS in ICU patient
care.
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The ICU is a high technology area where
seriously ill patients are monitored 24 hours. All
vital signs including heart rate, oxygen saturation,
blood pressure, temperature and end-tidal CO2) are
continuously monitored, recorded and analyzed.'
These are physiological signals that can be large
high dimensional time series data streams, whose if
studied properly can provide early signs of patient
deterioration.*®

Conventional monitoring uses threshold-
based alerts (eg, Modified Early Warning Score
(MEWS) or National Early Warning Score
(NEWS)). Although useful in recognizing obvious
deviations from normal, such systems are not

optimal to identify subtle time trends that lead up
to drastic deterioration (laboratory physiological
measurements do not portray continuous variable
readings), producing false alarms or missing
critical timely interventions. Machine Learning
(ML), as a result, has been an enlightening
approach towards Al using data-driven models to
learn and capture complex temporal relationships
that would otherwise not be visible to manual
scrutiny.” !0

Deep learning architectures, such as
RNNs, LSTMs and Transformer architecture have
outperformed traditional models in translating
temporal associations between measures into
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predictions for healthcare datasets. In this paper
present and test an Al-driven EWS for ICU time
series that detects sepsis, respiratory failure and
cardiac events early.'""

The figurel illustrates an advanced Al-
based early warning framework for ICU patient
monitoring using temporal clinical data. Patient
data, including structured inputs (vital signs,
laboratory results, medications) and unstructured
inputs (clinical notes) are first preprocessed and
transformed into features suitable for Al analysis.
The framework integrates multiple Al models,
including machine learning, deep learning (RNN,
GRU, LSTM), and transformer-based architectures,
to analyze patient trajectories and detect early signs
of clinical deterioration. The output consists of risk
scores and early warning alerts, which are delivered
to clinicians via a decision support interface,
enabling timely and informed interventions to
improve patient outcomes.

Literature Review

The integration of artificial intelligence
(Al) into intensive care unit (ICU) data analytics
has enabled significant advances in predictive
medicine. Traditional early warning scores
(EWSs), such as MEWS, NEWS, and SOFA, rely
on static thresholds and are limited in capturing
the dynamic physiological changes of critically ill
patients.'> To address these limitations, machine
learning (ML) and deep learning (DL) approaches
have been developed to model complex temporal
and multimodal patient data.'®

Machine learning models can uncover
non-linear relationships in patient data that
conventional scoring systems fail to detect'”
Combining structured time-series data, such as
vital signs and laboratory results, with unstructured
clinical notes improves early prediction of clinical
deterioration. Multimodal data integration enhances
predictive power and timeliness of alerts, enabling
earlier intervention compared to static rule-based
algorithms.'® However, performance may decline
across different hospital datasets, highlighting
the need for interpretable and generalizable
frameworks."

Deep learning techniques further enhance
ICU analytics by capturing temporal dependencies
in continuous patient monitoring signals.?
Recurrent neural networks (RNNs) gated recurrent
units (GRUs), and long short-term memory

networks (LSTMs) have been applied to predict
mortality, length of stay, and 30-day readmission.'
Explainability methods, including attention and
saliency-based visualizations, improve clinician
understanding and confidence, underlining the
importance of interpretable DL models for clinical
decision support.?

Transformer architecture has recently
emerged as a powerful tool for ICU predictive
modeling.”® These models efficiently handle
long-range temporal dependencies and integrate
multimodal data without requiring sequential
state propagation. Time-series transformer models
demonstrate improved predictive accuracy and
earlier clinical alerts, providing a holistic view
of patient status and supporting timely, informed
decisions.*

Despite these advances, the clinical
deployment of Al in ICUs remains challenging.
Practical barriers include data preprocessing
delays, integration with clinical workflows, and
effective interaction between clinicians and Al
alerts.”> Real-world studies demonstrate that
ML-based predictive systems can be successfully
implemented to provide timely and actionable
information, highlighting their potential to improve
outcomes in critical care settings.”

Overall, the literature shows a clear
evolution from manual scoring systems to
sophisticated Al-driven predictive models in ICU
monitoring. Deep learning and transformer-based
approaches enhance predictive performance, reduce
manual feature engineering, and enable multimodal
data integration. Persistent challenges include
model interpretability, irregular or incomplete
data, and cross-institutional generalization. Future
research should focus on multi-site validation,
development of explainable Al frameworks,
and real-world deployment studies to evaluate
integration into ICU workflows. Such efforts are
critical for developing early Al-driven warning
systems capable of delivering timely, interpretable,
and clinically actionable insights, ultimately
improving patient outcomes.?’

Table 1 highlights the evolution of
Al-driven early warning systems in ICU and
step-down units, spanning traditional EWS,
machine learning, deep learning, and Gaussian
process models. Studies demonstrate improved
patient outcomes using logistic regression-based
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deterioration indices, real-time predictive analytics,
and personalized, interpretable Gaussian process
metrics. These approaches enhance early detection,
personalization, and interpretability, while
challenges remain in cross-hospital generalization,
data irregularities, and workflow integration.
Overall, Al-driven monitoring enables timely,
actionable, and clinically relevant predictions in
critical care.

MATERIALS AND METHODS

The dataset used in this study came
from the publicly accessible MIMIC-IV database
that includes more than 60,000 ICU stays. It
includes hourly vital signs (HR, SpO2, systolic
blood pressure, temperature and respiratory rate),
laboratory results and demographic information.*'
There were event labels for these important clinical
outcomes:

* Sepsis Onset
* Respiratory Failure
* Cardiac Arrest

Patient records were down sampled
to 5-minute resolution for time-series outcome
prediction. The missing values were imputed using
a combined method of linear interpolation and last-
observation-carried-forward (LOCF) to maintain
the continuity and reliability of data.’!

Data Preprocessing: The dataset was
preprocessed as follows ready to be fed into the
model for training:

* Normalization: z-score normalization was
performed on all features to make the variables
comparable.™

* Segmentation: Data were segmented into six-
hour-long sliding windows to predict four hours
ahead.*

* Feature Selection: A total of 18 clinically
meaningful variables including HR, RR, SpO, ,
BP, EtCO, , pH, lactate and FiO, were chosen as
the features.*

* Dataset Splitting: The dataset was divided into
training (70%), validation (15%) and test (15%)
partitions without overlapping of patients in
these three sets to avoid the information leakage
problem. -3

Model Architectures: Three predictive models
were applied and compared:

(a) Recurrent Neural Network (RNN)

Serves as the baseline model.

Feedforward neural network consisting
of two hidden layers, each with 128 units, and
a dense output layer with sigmoid activation for
binary classification.***

(b) Long Short-Term Memory (LSTM)

Contains 2 stacked LSTM layers (128
units each).®

Has a dropout layer with rate 0.3 to
prevent overfitting.

Quantifies the predictions with a linear
layer for binary classification.

(c) Transformer

Utilizes an input embedding of 64
dimensions.*

Uses four self-attention heads and position
encodings to model temporal dependencies.

All models were learned with Adam
optimizer (learning rate =0.001) and trained
using binary cross-entropy loss for 50 epochs,
and an early stopping strategy was used to avoid
overfitting.*>*

Evaluation Metrics: The following metrics
were used to evaluate the model’s performance:

*» Accuracy
* Precision
* Recall (Sensitivity)
* F1-Score

Area Under the Receiver Operating
Characteristic Curve (AUC) for Rohto score was
reported.

This second version uses a more academic
and professional tone, which sounds clear, formal
and cool with tight style, fixed expressions.*

If you like I can polish it even further by
putting this into a clear journal-ready table or figure
showing the complete workflow, from dataset prep
to result evaluation. This is just a professional
looking for a methods section.>'>*

RESULTS

Comparative Analysis

A set of experiments were performed
on the preprocessed ICU dataset to assess how
well the proposed predictive models worked. The
study designs were intended for general model
performance, robustness in different horizons of
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prediction, interpretability of model diagnosis
suggestions and the comparison with traditional
clinical score systems. In addition to accuracy,
precision, recall, Fl-score and area under the
ROC curve (AUC) metric were calculated to
assess predictive performance; SHAP analysis
was performed to interpret how individual features
contribute to model prediction. The conclusions of
these analyses are detailed in Subsections
Model Performance

The Transformer model consistently
outperformed RNN and LSTM architectures
across all evaluation metrics. Notably, it achieved
an accuracy of 92%, precision of 0.90, recall
of 0.88, Fl-score of 0.89, and an AUC of 0.94,
demonstrating superior discriminative capability
for early event prediction. In comparison, LSTM
attained an accuracy of 88% and AUC of 0.89,
while RNN reached 83% accuracy with an AUC

of 0.85. These results highlight the Transformer’s
effectiveness in capturing complex temporal
dependencies in clinical time-series data.
Prediction Horizon Analysis

Model performance was further evaluated
across prediction horizons of 1, 4, 8, and 12 hours
prior to event onset. The Transformer consistently
maintained superior predictive accuracy at all
horizons, achieving an AUC of 0.95 at 1 hour and
0.86 at 12 hours, compared to 0.93 and 0.78 for
LSTM, respectively. These findings indicate that
the Transformer is robust in forecasting events
over extended periods, supporting its suitability
for proactive clinical interventions.
Model Interpretability

SHAP (SHapley Additive exPlanations)
analysis was applied to elucidate model decisions.
Respiratory rate, end-tidal CO, (EtCO, ), lactate
levels, and oxygen saturation emerged as the
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Fig. 1. Advanced Al-Based Early Warning Framework for ICU Patient Monitoring Using Temporal Clinical Data
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Fig. 2. Flow chart for Al based ICU Patients
Monitoring System

most influential predictors of respiratory failure
and sepsis. SHAP visualizations revealed that
elevated respiratory rate and CO, retention
substantially increased predicted risk, aligning with
clinical expectations (Figure 1). This transparency
enhances model trustworthiness and facilitates
actionable insights for clinicians.
Comparison with Clinical Scores

Compared to the National Early Warning
Score (NEWS), the Transformer model achieved
a 25% higher recall and reduced false-positive
alerts by 35%. These improvements underscore
the potential of Al-driven models to reduce
alarm fatigue while delivering timely, accurate
predictions, thereby complementing conventional
clinical decision-support systems.

DISCUSSION

The results show that deep learning-based
early warning systems may have a much larger
benefit in ICU predictive accuracy than traditional
rule-based methods. The better performance of

the transformer model is due to its advantage over
LSTMs in modeling long-range dependencies and
dealing with multivariate data.
Clinical Relevance

Early warning of pending sepsis,
respiratory failure, and CO, retention by several
hours before its clinical detection allows attending
clinicians with precious time to implement
therapies. This may prevent organ failure, shorten
the duration of ICU stay and increase survival.
Data and Model Limitations

There are, however, several limitations,
including that the model was developed using
MIMIC-IV data which largely represents one
hospital system in the U.S. The generalizability
of the model to other hospital systems and
sensor infrastructure also needs to be verified.
Furthermore, missing data and irregular sensor
readings are still big hurdles. Imputation suppresses
some of the problems, but streaming data in real
time might be more volatile.
Explainability and Trust

Interpretability of the models is essential
for clinician utilization. The SHAP analysis showed
that the predictions of our model were clinically
explainable and reflected pathophysiological
knowledge. Yet, until today attention-based
visualizations and causal explanations are not part
of ICU dashboard.
Integration with CDSS

Integration into real-time Clinical
Decision Support Systems (CDSS) might enable
repeated patient monitoring and dynamic risk
stratification in the future. For real ICUs deployment
it would still be feasible to implement lightweight
transformer with streaming possible resolutions of
streaming data (e.g., multimodal integration) such
as medical imaging, electronic notes.

CONCLUSION

This work demonstrates that Al-driven
early warning systems using deep learning models
can effectively analyze ICU time-series data to
predict life-threatening conditions, including
sepsis, respiratory failure, and cardiac instability.
Among the models evaluated, transformer-based
architecture exhibited superior performance,
successfully capturing complex temporal
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dependencies and providing accurate predictions up
to 12 hours in advance. By leveraging continuous
patient monitoring data, these systems can identify
subtle physiological changes that may precede
clinical deterioration, offering a critical window
for intervention.

The integration of Al-driven predictive
tools into clinical workflows has the potential to
deliver timely and actionable insights, thereby
reducing patient mortality, preventing adverse
events, and optimizing the utilization of ICU
resources. Moreover, the interpretability of
modern deep learning models, through attention
mechanisms and saliency mapping, enhances
clinician trust and facilitates informed decision-
making.

Looking forward, the next generation
of ICU monitoring is expected to be real-time,
adaptive, and multimodal, capable of learning from
a combination of structured data, such as vital and
laboratory results, and unstructured data, such as
clinical notes and imaging. These Al systems will
not only predict deterioration but also provide
personalized, patient-specific recommendations,
enabling a shift from reactive to proactive critical
care. Continuous evaluation in multi-site clinical
settings will be essential to ensure generalizability,
robustness, and clinical adoption, ultimately paving
the way for intelligent, predictive, and patient-
centered ICU care.
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