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Abstract 
Sepsis is a major cause of mortality worldwide, particularly in Intensive Care Units (ICUs), where timely diagnosis and 
early prediction are essential for improving patient outcomes. Sepsis is a major cause of death in the world and more 
so in intensive care units (ICUs) where a timely given diagnosis and prompt prognostication are imminent factors in 
death. Traditional clinical scoring procedures and many machine learning procedures often do not include physiological 
biomarkers with dynamic temporal changes that determine the development of diseases, which results in limiting their 
predictive value. To counter this, the current study presents a multitask deep learning network aimed at predicting the 
development of sepsis based on longitudinal physiological and clinical data that are collected among ICU patients. The 
suggested architecture 1 combines heterogeneous electronic health record components: vital sign traces, laboratory 
analysis results and demographic factors into consistently divided time series to forward them to high-level sequence-
sensitive deep learning models namely Temporal Convolutional Network (TCN) and a coupled Convolutional Neural 
Network Long Short-Term Memory (CNN-LSTM) architecture. Temporal masking and median-imputed methods are 
used in order to attenuate the impacts of the skipped entries and varying sequence lengths. Evaluation of the predictive 
accuracy visually empirically demonstrates that the TCN has reached the highest predictive accuracy of 0.9785, 
followed by CNN-LSTM with 0.9730 and a gradient boosting ensemble that has reached 0.9690. These results 
emphasize the substantive benefit that exists as a result of temporal modeling in the improvement of the predictive 
systems about early sepsis detection. 

Keywords: Clinical Time-series Analysis, CNN–LSTM Models, Deep Learning, ICU Analytics, Sepsis Prediction, 
Temporal Convolutional Networks. 
 

Introduction 
Sepsis is a serious condition characterized by the 

body's excessive reaction to infections, resulting in 

organ dysfunction (1). It is currently one of the 

biggest causes of death and morbidity, especially in 

critically ill people admitted to Intensive Care Units 

(ICUs) (2). Even though many advancements have 

been made in antimicrobial treatment, critical care 

medicine and hemodynamic monitoring, sepsis 

continues to pose a huge global challenge due to its 

rapid onset, heterogeneity and multi-organ failure 

(3, 4). Late detection has been shown to result in 

higher mortality, long hospital stays and higher 

healthcare costs (5). Therefore, early and accurate 

prediction of sepsis onset before any irreparable 

physiological damage has become one of the 

biggest challenges in the field of critical care 

medicine (6). Current diagnostic approaches to 

sepsis depend primarily on the use of clinical score 

systems, including the SOFA, quick SOFA (qSOFA) 

and Modified Early Warning Score (MEWS) (1). 

Though the aforementioned methods provide 

objective criteria for the diagnosis of the condition, 

they are mainly based on fixed thresholds and 

static physiological measures (1). As a result, they 

do not take into account any changes in patient 

physiological status prior to the development of 

clinical signs of deterioration, which limits their 

capacity to provide early alerts. Moreover, due to 

variability of disease presentations in sepsis, rule-

based score systems lack both sensitivity and 

specificity, thus requiring the development of a 

more adaptive data-driven solution (7). The recent 

development of healthcare in terms of its digital 

transformation provided researchers with a huge 

amount of information collected in the form of 

electronic health records (8). Such data include 

vital signs, lab results, medication history, 

demographics and clinical observations (9). All 

those heterogeneous sources of data allow the 

creation of AI-based models for continuous  
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monitoring of patients' state (10). ML algorithms 

like logistic regression, SVM, Random Forest and 

Gradient Boosting have been used successfully in 

order to learn complex nonlinear relations 

between clinical features (11, 12). Nevertheless, 

the majority of traditional methods consider 

patient observations independently without taking 

into account temporal dynamics of physiological 

variables, which is a crucial factor for sepsis 

prognosis (12). 

Deep learning technology is recognized as a 

revolutionary technique in healthcare analytics 

due to the ability to learn hierarchical feature 

representation directly from high-dimensional 

clinical data (13). Various architectures like RNNs, 

LSTM networks, GRUs and CNNs were studied for 

modeling sequential physiological processes 

related to the onset of sepsis (14, 15). Superior 

results obtained through these models compared 

to classical machine learning methods are due to 

the ability to capture complex interactions and 

dependencies among many clinical variables (16). 

Nonetheless, recurrent architectures face 

challenges like exploding and vanishing gradients, 

high computational requirements and inefficiency 

of learning from long clinical time series (17). 

Besides, ICU datasets are characterized by highly 

uneven distribution of observations, irregularity of 

the sampling period, varying lengths of sequences 

and class imbalance (18). 

Temporal deep learning models recently became 

an area of great interest for addressing temporal 

dependencies among clinical variables. Using 

causality and dilation mechanisms allows TCNs to 

learn long-range temporal dependencies while 

being computationally efficient because of their 

ability to perform parallel computations and stable 

gradient propagation (19). The difference from the 

traditional recurrent models is that TCNs can work 

with the whole sequence at once, which provides 

better computational efficiency and scalability 

(20). At the same time, multimodal learning 

techniques using information from physiological 

signals, laboratory analysis and demographic 

features show better results than unimodal 

approaches (21, 22). Further developments in 

explainable artificial intelligence, federated 

learning, transfer learning and hybrid deep 

learning architectures demonstrate the potential of 

AI-based clinical decision support systems in 

predicting sepsis (23). However, there are still 

challenges related to the interpretation of models, 

external validation, clinical implementation and 

processing of irregular time series. 

Therefore, one of the most important research gaps 

in this field is the creation of a predictive 

framework that can address the issue of modeling 

long-range temporal dependencies, multimodal 

learning and processing of missing observations 

and variable-length sequences, as well as provide 

computational efficiency required for real-time 

clinical applications (22). Current studies focus on 

prediction performance while not considering 

much the issues related to the sequence-aware 

learning approach and preservation of the 

continuity of sequences during training (19). 

Besides, using padding during construction of 

sequences of fixed length might cause bias if invalid 

data are used in the optimization process (18). It is 

necessary to develop architectures that could learn 

robust temporal representations and distinguish 

valid data from the padded data. In order to solve 

the above problems, in this study, a sequence-

aware multimodal deep learning approach is 

proposed for early sepsis prediction from ICU 

clinical time-series data. Specifically, the TCNs will 

be combined with a hybrid architecture that 

incorporates both convolutional neural networks 

and LSTM in order to discover complex temporal 

relationships between multiple heterogeneous 

physiological, laboratory and demographic 

attributes. 

This study will have four main goals:  

(i) to design a sequence-aware, multimodal deep 

learning architecture for early sepsis prediction 

using ICU clinical time-series data;  

(ii) to comprehensively compare the predictive 

performance of proposed (TCN), traditional 

(CNN-LSTM) and gradient boosting models;  

(iii) to study the effects of temporal sequence 

modeling and temporal masking on 

prediction performance and robustness; and  

(iv) to evaluate the practical feasibility of applying 

sequence-aware deep learning models for 

clinical decision support systems in ICU 

settings. 
 

Methodology 
The proposed methodology includes a sequence 

modeling framework to learn from ICU time-series 

clinical data using sequence modeling deep 

learning algorithms while addressing the 
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challenges of variable-length sequences, missing 

data and padding bias (19). The proposed 

methodology consists of constructing temporal 

sequences, designing a model architecture, 

creating a masked loss function and determining 

the model training strategy. Two different types of 

sequence-based neural network models will be 

trained, evaluated and compared with a third, 

gradient boosting classifier. Temporal masking is a 

key element of the methodology to avoid influence 

from padding added to time steps during their 

construction during the process of establishing an 

unbiased and fair learning process for clinical data 

time series that can vary in length (18).
 

 
Figure 1: The Proposed Multimodal Deep-learning Framework was Developed to Predict Sepsis at the 

Early Stage; System Architecture is Outlined 
 

Figure 1 presents an architecture of a multimodal 

deep learning system designed to predict sepsis 

from physiological and clinical ICU data. The flow 

starts at the collection of data (vital signs, lab data 

and clinical notes) and undergoes preprocessing 

that consists of median imputation and 

normalization. Furthermore, the data are 

reconstructed to be of a fixed length and varying 

length patient data is dealt with by a technique 

referred to as temporal masking. These fixed 

length data sets are then subjected to extraction of 

temporal features via TCN and CNN - LSTM. The 

developed framework provides a stepwise 

prediction of sepsis risk, which supports the 

provision of timely and critical clinical decisions 

within the context of sequence aware deep 

learning. 

Data Source and Collection 
Research on the proposed method is based on 

clinical data collected from intensive care units 

(ICUs) and available through electronic health 

records (EHRs) (8). The data includes multiple 

variables representing physiological and clinical 

measurements taken during an ICU patient’s stay 

in the hospital. Each entry in the dataset reflects 

changes in a patient’s physiology at a unique point 

in time. The dataset contains regularly measured 

vital signs, lab tests and clinical factors frequently 

used to evaluate patients with sepsis. The dataset 

also includes a binary variable to indicate whether 

or not sepsis is present (per standard clinical 

definition) (1). All patient identifiers have been 

anonymized for privacy purposes and in 

accordance with ethical data use guidelines. 

Dataset Description 
Clinical ICU Time Series Datasets for Experimental 

Evaluation Time-series datasets containing clinical 

information have been generated from electronic 

health records collected from ICUs. The dataset 

included multiple types of physiological 

measurement variables, laboratory tests and 

demographic information for each patient who was 

treated in an ICU. The clinical time-series datasets 

have been organized into 24 time steps (fixed-

length sequences) for each patient to support 

temporal modeling. Each time step represents data 

collected at a specific time point and the presence 

or absence of sepsis (e.g., positive or negative) is 

indicated by a binary label. When restructuring 

patient records into fixed-length sequences, some 

patients had fewer than 24 time points, so 

additional zeros were added as placeholders until 

a total of 24 time points were achieved; these 

additional time points were then color-coded 

(using a temporal mask) to show which time points 

were valid observations and which were zeros 

(placeholders). 
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Clinical datasets usually contain a high volume of 

missing or infrequently sampled values due to the 

variability of measurement frequency, resulting in 

missing or infrequent data (18). Invalid numerical 

values were replaced with missing (N/A) and 

median imputation was used to fill those in. The 

imputation method chosen was based on its 

robustness to outliers and preservation of the 

underlying distribution of clinical variables. After 

imputation, each clinical variable was z-score 

normalized to enable consistent training of models. 

A natural class imbalance exists within the dataset, 

with non-sepsis samples greatly outnumbering 

sepsis-positive cases. Instead of using synthetic 

resampling methods to achieve balance in the 

dataset, the original distribution was maintained 

to represent actual ICU practice. Sequence-aware 

learning and masked loss calculation were used to 

develop a model that is robust to class imbalance. 

 

Table 1: Characteristics of the ICU Clinical Time-series Dataset Used for Early Sepsis Prediction 

Attribute Description 

Dataset Type ICU Clinical Time-Series 

Total Records 1,048,575 

Number of Patients Unique Patient IDs 

Number of Features 44 

Temporal Resolution Hourly 

Time Index Hour (ICU Stay Progression) 

Physiological Features Heart Rate, BP, Respiration, Temp, O2Sat 

Laboratory Features Platelets, Fibrinogen, etc. 

Demographic Features Age, Gender 

Target Variable Sepsis Label (Binary) 

Class Labels 0: Non-Sepsis, 1: Sepsis 

Missing Values Present (Clinical Irregularity) 

Missing Value Handling Median Imputation 

Sequence Length Used 24 Time Steps 

Data Organization Patient-Level Sequences 
 

As it can be seen from Table 1, the total amount of 

records in the dataset is equal to 1,048,575; every 

record is described using 44 physiological, 

laboratory and demographic measurements taken 

at hourly time intervals. Implementation of 

comprehensive preprocessing methods such as 

median imputation, z-score normalization and 

creation of fixed-length sequences lays an excellent 

groundwork for building sequence-aware deep 

learning models. 

Temporal Organization of Patient 

Records 
In order to allow for learning based on the 

sequential relationships in data, the data that 

constitutes a patient’s medical record is first 

reorganized into lines of what are called temporal 

sequences; specifically, these are fixed-length 

temporal sequences. Each patient will have an 

individual temporal sequence composed of all of 

his or her data points, divided by time into fixed-

length windows of 24-time steps. Each of these 

windows corresponds to a specific time interval; in 

this case the data points were taken at regular 

intervals throughout the patient’s time in the ICU. 

A fixed-length window of temporal data points 

allows one to have an equal input size for each 

patient and therefore makes it feasible to perform 

batch training of deep learning models. Patients 

who had fewer than 24 recorded data points had 

their temporal sequences padded with vectors 

filled with zeros to meet the length requirement. In 

order to remove any bias introduced into the 

temporal sequence through 0-padding, each 

patient’s temporal sequence had a unique 

temporal mask generated for it that isolated each 

time step into either a valid or a padded status. 

During training or evaluation, the temporal mask 

will be applied to ensure that only valid 

observations from the patient’s actual clinical 

records will contribute to loss and performance 

statistics (19). 

Data Quality and Missing Values 
There are many times when clinical datasets will 

contain missing or irregularly sampled data. This is 

mainly due to differences in clinical practice, either 

in the way that a physician performs their medical 

practice or by the frequency at which they take 

measurements or record their findings. To resolve 

this issue, we look at every feature column for the 
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presence of invalid, non-numeric values that are 

either infinite or not available. For instance, we 

replace any infinite value with a missing value to 

avoid creating any instability. We also impute 

missing values by taking the median value of the 

corresponding feature from the training dataset, 

because the median is less affected by outliers, 

which often occur in physiological measurements. 

This gives us an accurate estimate for missing 

values and it also allows us to maintain the original 

shape of the clinical data distributions. 

 

All the continuous clinical features will be normalized using z-score normalization, which is described in 

Equation [1] below: 
 

                               x'=(x-μ)/σ    [1] 
 

Where, µ and σ represent the mean and standard deviation of the feature computed from the training set.  
 

By normalizing the clinical features using Equation 

[1] above, the mean is converted to zero and the 

variance will be unity. Consequently, there will not 

be any scale differences between the physiological 

and laboratory variables. Normalization ensures 

that all features are mapped to a comparable scale, 

which is essential for stable convergence of 

gradient-based optimization algorithms used in 

deep learning models. 

The distribution of the classes in the dataset shows 

an imbalance between sepsis-positive and non-

sepsis observations, with non-sepsis observations 

representing the majority class. This type of 

imbalance in the distribution of classes can be 

found in real-world ICU databases and poses 

challenges for predictive modeling. For example, 

some types of classifiers may become biased 

toward the majority (non-sepsis) class when 

building a predictive model that incorporates the 

sepsis data. Rather than applying artificial 

resampling or synthetic data generation 

techniques, the proposed study retains the original 

class distribution to preserve clinical realism. 

Model robustness to class imbalance is instead 

addressed through sequence-aware learning and 

masked loss computation, ensuring unbiased 

evaluation on valid observations. 

 

Temporal Sequence Construction 
Clinical histories of ICU patients will be expressed in the form of a multivariate time series containing 

several clinical observations collected with time, as shown in Equation [2]: 
 

                               Xi = {xi,1, xi,2, . . . , xi,Ti },                                    [2] 
 

Where, xi,t ∈ Rd denotes the d-dimensional feature vector at time step t and Ti is the number of observations 

recorded for patient i. 
 

Equation [2] above represents the time series of 

clinical observations of each patient which will act 

as input to the temporal deep learning model. 

To enable batch-based training, all patient 

sequences are transformed into fixed- length 

sequences of length T = 24. Sequences shorter than 

T are padded with zero- valued vectors, while 

longer sequences are truncated to the most recent 

T observations.  

 

In order to differentiate between valid clinical observation and padded time steps of each patient in the 

fixed length sequence, a binary temporal mask will be formed as per Equation [3]: 
 

                          mi = {mi,1, mi,2, . . . , mi,T }                                       [3] 
 

Temporal mask will be formed as per Equation [3]. 

In Equation [3], 1 represents valid clinical 

observation while 0 will be for padded time steps. 

A binary mask is generated for each patient, where 

mi,t = 1 indicates a valid observation and mi,t = 0 

corresponds to a padded time step. 
 

Temporal Convolutional Network Architecture 
The Temporal Convolutional Network models long-range temporal dependencies through 1-D dilated 

convolutions. Unlike recurrent models, TCN eat up the whole sequence to transform them in one 

feedforward time-step such that they can be efficiently trained with back-propagation without vanishing or 
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exploding gradients. Given an input sequence Xi ∈ RT×d, the TCN performs a series of convolutional layers 

described Temporal feature extraction through the Temporal Convolutional Network is mathematically 

formulated using Equation [4]. 
 

Mathematical formulation of the dilated causal convolution used in the TCN is given in Equation [4] below, 

where the temporal feature extraction is done while retaining computational efficiency and gradient 

propagation stability. 
 

ht
(l)

= f (∑ Wk
(l)K−1

k=0  ht−kδ
(l−1)

+ b(l))                         [4] 
 

Where, K is the size of kernels and δl represents dilation rate at layer l. W(l)k ∈ RKf ×Kh×Crf is convolutional 

weights; b(l) denotes a bias term. 
 

System Architecture 
The architecture of the proposed model is designed 

to capture temporal patterns from ICU clinical data 

for early sepsis prediction effectively. It is made up 

of several modules, including data preprocessing, 

temporal sequence building and deep learning for 

encoding temporal information and classification. 

The data that is inputted into the model represents 

multivariate ICU clinical time-series data: 

physiological and laboratory measurements, as 

well as some demographic variables. Pre-

processing: These data undergo pre-processing 

steps (e.g., imputation of missing values and 

feature normalization) to ensure both numerical 

stability and comparability before they are fed into 

the model. After preprocessing, patient data are 

organized into fixed-length (24-time step) 

temporal sequences. Zero-padding is added for 

sequences that are shorter than the predetermined 

length and accompanying temporal masks are 

created to allow for differentiation between valid 

observations and padding. 

The system then inputs temporally organized data 

to a sequence-aware modeling block that is 

composed of parallel deep learning architectures, 

containing both a Temporal Convolutional 

Network (TCN) and a Hybrid CNN-LSTM Model 

(15, 20). The TCN is able to leverage dilated 1D 

convolutions to model long-range temporal 

dependencies and the CNN-LSTM model allows the 

local temporal feature extraction of the CNN to 

combine effectively with the recurrent modeling 

capability of the LSTM. 

Temporal masking is employed during the training 

phase to avoid the padded time-step data from 

affecting both the computation of loss and the 

calculation of gradients. After training, the encoded 

temporal representations are passed through a 

fully connected classification layer with a sigmoid 

activation function to generate time-step-level 

probabilities of sepsis. Our modular architecture 

enables scalable, unbiased and efficient learning 

for early sepsis detection from heterogeneous ICU 

time-series data through explicit temporal 

modelling. 
 

After temporal feature extraction through convolution, the convolutional transformation done in the hybrid 

CNN-LSTM framework is mathematically described in Equation [5]. 
 

z_t = g( W_c * x_t + b_c )                            [5] 
 

where ∗ denotes convolution, Wc and bc are learnable parameters and g(·) is a nonlinear activation function. 
 

In Equation [5] above, the temporal representation 

is extracted locally using the convolutional 

transformation followed by its processing in the 

LSTM network to capture long-term dependency 

for sepsis prediction purpose. 

The transformed sequence {z1, . . . , zT } is then fed 

into an LSTM network, which models sequential 

dependencies using gated memory cells. The LSTM 

hidden state ht is updated at each time step based 

on the input zt and the previous hidden state. A 

linear output layer maps the hidden states to sepsis 

probability estimates at each time step. 
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Figure 2: Flow Chart Showing the Data Preprocessing, Sequence Building and Training of the Model 

 

Figure 2 shows the workflow that has been 

adopted in order to execute the early prediction of 

sepsis framework. The workflow is a linear 

stepwise process that starts at the ICU clinical data 

collection and ends at the data preprocessing step 

(cleaning, missing data imputation and 

normalization). Next, the construction of fixed 

length temporal sequences with temporal masking 

is employed to retain the clinically relevant 

information. The constructed sequences are 

utilized to build multiple predictive models (TCN,  

CNN – LSTM and gradient boosting) and are the 

basis of the model validation step that measures 

the accuracy of a classification and delivers 

clinically relevant results on the early prediction of 

sepsis. 

Masked Loss Formulation 
To ensure that padded time steps do not influence 

model training, a masked binary cross-entropy loss 

function is employed. Let yˆi,t denote the predicted 

probability of sepsis at time step t for patient i and 

yi,t denotes the corresponding ground truth label.  
 

In order to avoid padding observations from affecting the optimization process, the proposed framework 

utilizes a masked binary cross-entropy loss function given in Equation [6] below. 
 

L = 1/(sum(i,t)m(i,t)) ∗ sum(i=1)
N sum(t=1)

T m(i,t) · ℓ(y(i,t), ŷ(i,t))       [5] 

 

Where, mi,t is the temporal mask and represents the binary cross-entropy loss. This formulation ensures 

that only valid observations contribute to the optimization process. In Equation [6], the loss function is 

computed using valid clinical observations only after introducing the temporal mask. 
 

Experimental Setup 
This section describes the experimental 

configuration used to evaluate the proposed sepsis 

prediction framework. Details regarding the 

computational environment, model hyperparame-

ters, optimization strategy and baseline models are 

provided to ensure reproducibility and fair 

comparison. The experiments were performed 

using deep learning frameworks based on Python. 

The implementation and training of the models 

were completed using the PyTorch library, while 
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the traditional machine learning baseline models 

were completed using the Scikit-learn library. A 

multi-core CPU and graphics processing unit 

(GPU)-accelerated workstation was used to carry 

out the experiments. The use of the GPU resources 

allowed the deep learning models to be trained 

efficiently on the high-dimensional time-series 

data. 

To avoid temporal leakage, an 80:20 split was used 

to randomly separate patient-level temporal 

sequences into training and validation sets. At the 

patient level, this ensures that observations from 

the same patient do not appear in both training and 

validation. The performance metrics were 

calculated only on valid (non-padded) time steps in 

the validation set. Hyperparameters for all deep 

learning models were selected based on empirical 

validation and prior studies in clinical time-series 

analysis (19). Table 2 summarizes the key 

hyperparameter settings used in the experiments. 

Training of all deep learning models was 

conducted using the Adam optimizer. During 

training, a fixed learning rate was used for all 

epochs. The objective function used for training 

was the binary cross-entropy loss with logits. 

To handle sequences that may have varying 

numbers of timesteps, we applied temporal 

masking to the loss calculation process; in this 

method, any losses calculated based on padded 

timesteps were excluded when calculating the total 

loss. The total loss was normalized to the total 

number of valid observations from each batch; this 

procedure helps to ensure consistent convergence 

and ensures that the loss is not affected by padding. 
 

Table 2: Hyperparameter Configuration of the Proposed Deep Learning Models 

Parameter Value 

Sequence Length (T) 24 

Batch Size 32 

Learning Rate 0.001 

Number of Epochs 50 

Optimizer Adam 

Loss Function Binary Cross-Entropy (Masked) 

TCN Kernel Size 3 

TCN Dilation Factors 1, 2, 4, 8 

CNN Filters 64 

LSTM Hidden Units 64 

Dropout Rate 0.2 
 

Table 2 highlights the hyperparameter configu-

ration used in training and evaluating the proposed 

deep learning models. The parameters chosen for 

each method were selected based on empirical 

validation and previous research related to clinical 

time-series modeling. The length of 24-time steps 

was used to maintain temporal continuity while 

making batch-wise training possible. The Adam 

optimizer and learning rate of 0.001 were chosen 

because of their ability to provide stable 

convergence during the optimization of high-

dimensional clinical data. The Temporal 

Convolutional Network had several dilation factors 

to learn long-range dependencies in ICU patient 

trajectories. In the CNN–LSTM architecture, the 

number of convolutional filters and LSTM hidden 

units was set for efficient learning of local features 

and temporal dependencies, respectively. Dropout 

was used to avoid overfitting during model 

training. In general, the hyperparameters specified 

in Table 2 were chosen to guarantee fair 

comparison, stable optimization and high 

predictive performance of the proposed models. 

To make meaningful comparisons regarding 

performance, we created a gradient boosting 

classifier to compare against the other models as a 

non-sequential baseline. We trained the baseline 

model on flattened feature sets based on each 

timestep of the dataset. Although training an 

individual model on flattened features does not 

preserve temporal continuity, it provides us with a 

solid reference point to compare against. In 

addition to using gradient boosting, we also 

compared both the Temporal Convolutional 

Network (TCN) and CNN-LSTM models to the 

gradient boosting classifier using the same 

partition of the data and the same evaluation 

methods. 
 

Model Training Strategy 
The use of the Adam optimization algorithm with a 

constant learning rate to train all models, the mini-

batch gradient descent method and a set number 
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of epochs for training is used. The training set 

contains data from every patient; however, with 

the way that patients are split up, both the training 

and validation sets will not have temporal 

information from the same patient. Therefore, to 

help reduce overfitting, the models are monitored 

for convergence based on their accuracy over 

validation data. The validation accuracy was 

calculated only on non-padded time steps. 

Model performance was primarily evaluated using 

classification accuracy on the validation dataset. 

Predictions were obtained by applying a sigmoid 

activation function to model outputs and 

thresholding the resulting probabilities. Only valid, 

non-padded time steps were considered during 

evaluation, ensuring a fair and unbiased 

assessment of model performance across all 

approaches. 

The way that Temporal Convolutional Networks 

(TCNs) work is by processing temporal sequences 

in a parallelized way, allowing for rapid training 

times when compared to recurrent networks (i.e., 

LSTM models). While the Convolutional Neural 

Network–Long Short-Term Memory (CNN-LSTM) 

model provides a robust representation of 

temporal sequences, its sequential architecture 

requires greater computational effort when 

processing long time series. These differences are 

taken into account when comparing the models 

and interpreting their performance. 
 

Results and Discussion 
In this part of the paper, we evaluate the proposed 

early detection of sepsis through deep learning 

models. The evaluation focuses on classification 

accuracy using the validation dataset. The 

classification is based solely on valid (non-padded) 

time points to provide a fair representation of the 

performance of each model. 

Table 3 summarizes the classification accuracy of 

the models evaluated in this study. The TCN 

achieved the highest classification accuracy, 

followed by the Hybrid CNN-LSTM model and the 

Gradient Boosting baseline. These results indicate 

that temporal sequence modeling effectively 

captures clinically relevant patterns in ICU time-

series data, leading to improved predictive 

performance over the baseline model. 
 

Table 3: Comparative Predictive Performance of the Evaluated Models for Early Sepsis Prediction 

Model Accuracy 

Temporal Convolutional Network 0.9785 

CNN–LSTM 0.9730 

Gradient Boosting 0.9690 
 

Table 3 shows the predictive performance of the 

tested models for early prediction of sepsis 

through clinical time-series data in the ICU. Out of 

all methods considered, the Temporal Convolu-

tional Network showed the highest classification 

accuracy score of 0.9785. This is a demonstration 

of the ability of the network to learn long-term 

temporal dependencies among the sequences of 

clinical data used in the tests. Similarly, the CNN-

LSTM model generated high performance with an 

accuracy of 0.9730. It demonstrates that hybrid 

approaches for modeling temporal sequences can 

be highly effective in capturing physiological 

patterns associated with sepsis progression. On 

the other hand, the Gradient Boosting baseline 

performed comparatively poorly since it does not 

capture temporal continuity between patient 

sequences of clinical data. In conclusion, the results 

show how crucial temporal sequence modeling is 

in ICU clinical prediction. Moreover, the superior 

performance of TCN indicates that temporal 

convolutional models offer better optimization 

stability than recurrent models. 

Temporal Prediction Behaviour 
The output of both types of deep learning models 

allows for assessing the sepsis risk at a precise time 

point (i.e., time step) resulting from the application 

of different algorithms. With respect to the TCN 

model, it was determined that the output 

responses were stable throughout the time series. 

The output responses from this model are 

consistently reliable through time even with 

respect to the earliest time points, indicating that 

dilated convolutional layers have the ability to 

learn long-term temporal characteristics 

associated with the onset of early sepsis (19). 

The CNN–LSTM model also produced reliable time-

series outputs; however, there were small 

fluctuations in the output responses across the 

entire time series, particularly with longer time-

series inputs. These fluctuations may have 

occurred due to the way LSTMs process sequential 
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data, which introduces the possibility of vanishing 

gradients in longer temporal contexts (14). 

Temporal masking was critical in allowing for a fair 

assessment of the model’s performance. Because 

padded time-step values were excluded from the 

model’s loss and accuracy calculations during this 

study, the reported performance metrics 

accurately captured model behavior on genuine 

clinical observations. Without temporal masking, 

padding could artificially distort model 

performance depending on the length of ICU stay. 

Stability Across Validation Runs 
To confirm the reliability of the findings, several 

validation runs were completed. The TCN 

exhibited very little variability between runs and 

demonstrated stable convergence, indicating 

reliable generalization. The CNN–LSTM model 

showed greater variability than the TCN, although 

its overall performance remained comparable. The 

gradient boosting model also produced relatively 

stable performance; however, its overall predictive 

performance was lower than that of both deep 

learning models. This is likely because gradient 

boosting cannot explicitly model temporal 

continuity. 

Training and Validation Behavior of 

the TCN 
In the preceding visual, we illustrated the training 

and validation accuracy and loss curves for the 

Temporal Convolutional Network. The accuracy 

curves demonstrate rapid convergence during the 

early training epochs and continued stable 

performance with only a small gap between the 

training and validation accuracy. This behavior 

indicates strong generalization capability and 

suggests that the model effectively learns temporal 

patterns without overfitting. 

In addition, the corresponding loss curves 

illustrate stable optimization and reliable 

convergence of the Temporal Convolutional 

Network, with close alignment between the 

training and validation loss curves. The absence of 

divergence between the two curves indicates that 

the network can robustly model long-range 

temporal dependencies in ICU clinical time-series 

data. 
 

 
Figure 3: Training and Validation Performance of the Proposed Temporal Convolutional Network (TCN) 

for Early Sepsis Prediction Using ICU Clinical Time-Series Data. (A) Loss Curve, (B) Accuracy Curve 
 

Figure 3 illustrates the performance of the 

Temporal Convolutional Network (TCN) model for 

early prediction of sepsis with respect to training 

and validation. It can be seen that with respect to 

both the training and validation loss, the curves for 

loss consistently decreased. Similar characteristics 

can be seen for validation and training accuracy, as 

training and validation accuracy converged to 

marginally small gaps. The results confirm that the 

TCN has the ability to learn long-range temporal 

dependencies with an acceptable level of 

generalization and over fitting. 

 

 



Kusuma et al.,                                                                                                                                                        Vol 7 ǀ Issue 4 

 

764 
 

 
Figure 4: Training and Validation Performance of the Proposed CNN–LSTM Model for Early Sepsis 

Prediction Using ICU Clinical Time-Series Data. (A) Loss Curve, (B) Accuracy Curve 
 

Figure 4 illustrates the performance of the CNN-

LSTM model with respect to validation and 

training. The validation and training loss of all 

epochs shows a decreasing trend which is 

indicative of the successful optimization of the 

hybrid deep learning framework. Finally, the 

temporal and spatial representation of heteroge-

neous ICU clinical data is learned by the CNN-LSTM 

deep learning model. Despite the fact that the CNN-

LSTM model is highly successful in making clinical 

predictions, the volatility in validation accuracy 

demonstrates the complexity of learning recurrent 

sequences. 

 

 
Figure 5: Training and Validation Performance of the Gradient Boosting Model for Early Sepsis Prediction 

Using ICU Clinical Time-Series Data. (A) Loss Curve, (B) Accuracy Curve 
 

Assessment of the baseline model for Gradient 

Boosting is detailed in Figure 5. The loss and 

accuracy graphs indicate proper convergence and 

learning on the clinical dataset, respectively. When 

compared to DL models, gradient boosting’s 

predictive accuracy is lower because it processes 

observations in an independent manner. It does 

not learn the temporal relationships of the patient 

records. Although the gradient boosting model and 

traditional ensemble learning models compete in 

the domain, learning the temporal order of events 

and using a DL model significantly improves the 

accuracy of the early detection of sepsis. 

Comparative Analysis 
In this section we present a comprehensive 

comparison of all models evaluated concerning 

their predictive performance, temporal modeling 

ability and computational characteristics. 

The sequence-aware deep learning models 

consistently surpassed their equivalent non-

sequential Gradient Boosting baseline. The 

Gradient Boosting classifier produced significant 

accuracy by learning from individual observations, 
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but it did not account for the temporal 

relationships among these observations. This 

weakness limited its ability to detect early-stage 

sepsis progression (6). However, the Temporal 

Convolutional Network (TCN) and the CNN-LSTM 

architecture were capable of modeling the 

temporal evolution of sepsis and non-sepsis states, 

thereby improving discrimination between patient 

trajectories (15, 20). 

TCN vs. CNN–LSTM 
The Temporal Convolutional Network (TCN) was 

more successful than the CNN-LSTM model. The 

main benefit of TCNs is the use of dilated 

convolutions for modeling long-range temporal 

dependencies while enabling parallel sequence 

processing. This design eliminates the need for 

recurrent computations and improves computa-

tional efficiency compared with traditional 

recurrent architectures (19). 

While the CNN-LSTM model successfully extracted 

both short-term and long-term dependencies from 

the input sequences, the recurrent nature of LSTM 

increased the computational cost and reduced 

training efficiency for longer sequences. 

Consequently, the CNN-LSTM model achieved 

lower overall accuracy than the TCN. 

From a computational perspective, the TCN 

required less training time because its architecture 

supports parallel computation. In contrast, the 

CNN-LSTM model required longer training times 

because LSTM layers process sequential data 

recursively (14). The gradient boosting model was 

computationally efficient but had limited 

capability to model complex temporal 

relationships. Overall, the results demonstrate that 

the TCN provides an effective balance between 

predictive accuracy, training stability and 

computational efficiency, making it well suited for 

clinical time-series classification with fixed 

observation windows. 
 

 
Figure 6: Comparative Performance Analysis of TCN, CNN–LSTM and Gradient Boosting Models 

 

Figure 6 depicts the predictive performance for 

early sepsis detection of the models under 

evaluation and the clinical datasets from the ICU. 

The bar plot shows the proposed Temporal 

Convolutional Network in this work outperforms 

the CNN–LSTM model and the Gradient Boosting 

baseline. The proposed TCN model achieves an 

accuracy of 97.85%. These results illustrate that 

the proposed TCN model is both efficient in 

computation and effective in learning long 

dependencies of the ICU clinical datasets. As shown 

in this work, sequence learning models in the 

domain of DL, when compared to traditional ML 

models, are the clear choice for the design of real-

time clinical decision support systems in the ICU. 

The results of the experiments prove the 

assumption that explicit modeling of temporal data 

significantly improves the ability of the sepsis 

prediction model to make accurate predictions. 

The proposed Temporal Convolutional Network 

(TCN) demonstrates the highest level of predictive 

performance (accuracy = 0.9785), outperforming 

both the CNN–LSTM model and the Gradient 

Boosting baseline. These results are aligned with 

the findings of previous research, which 

emphasized the significance of temporal learning 
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in ICU clinical time-series prediction tasks (20, 21). 

Moreover, previous studies on multimodal clinical 

data demonstrated that combining physiological 

measurements, laboratory parameters and patient 

demographic information improves predictive 

performance compared to monomodal approa-

ches. 

The high predictive performance achieved by the 

proposed TCN model is also consistent with earlier 

evidence regarding the effectiveness of 

convolution-based architectures for clinical 

sequence modeling. Previous research on TCNs 

reported their capability to learn long-range 

temporal dependencies while avoiding gradient 

instability issues that are commonly associated 

with recurrent neural network architectures. The 

current study further confirms these observations 

through the stable convergence behavior and 

improved generalization performance observed 

during the validation stages. In addition, the ability 

of dilated convolutions to process temporal data in 

parallel may have contributed to both the 

improved prediction accuracy and enhanced 

computational efficiency of the model. 

The CNN–LSTM model also demonstrated strong 

predictive performance, which is in agreement 

with earlier findings showing that hybrid CNN–

LSTM architectures effectively combine local 

feature extraction with sequential temporal 

learning (14). However, the slightly lower 

predictive accuracy and increased variability 

compared with the TCN model are also consistent 

with previous studies that identified optimization 

difficulties in recurrent architectures when 

processing long ICU temporal sequences. 

Interestingly, the baseline Gradient Boosting 

model, despite lacking explicit temporal learning 

capability, still produced comparatively strong 

predictive results. Similar observations were 

reported in earlier machine learning studies that 

employed ensemble techniques such as Random 

Forest and Gradient Boosting using static clinical 

variables for sepsis prediction (24). Nevertheless, 

the comparatively lower performance of the 

baseline model highlights the importance of 

preserving temporal continuity in ICU 

physiological data. These findings suggest that 

temporal dynamics play a crucial role in identifying 

physiological deterioration patterns prior to the 

onset of sepsis. 

Another important contribution of the current 

study is the use of temporal masking to manage 

variable-length ICU sequences and padded 

observations. Previous research identified missing 

data and irregular sampling as major challenges in 

clinical time-series prediction tasks. The present 

work extends these approaches by explicitly 

excluding padded observations from the loss-

function calculation and evaluation process. This 

methodological improvement may partially 

explain the stable and reliable performance 

achieved by the proposed framework. 

Furthermore, the current findings are aligned with 

broader trends identified in recent AI-based sepsis 

prediction studies. Previous systematic reviews 

concluded that deep learning models significantly 

outperform conventional clinical scoring systems 

such as SOFA and qSOFA because they can 

effectively learn nonlinear temporal relationships 

from electronic health records. The high predictive 

performance achieved in this study further 

strengthens the growing body of evidence 

supporting the use of deep learning-based 

temporal frameworks as part of ICU clinical 

decision-support systems (25). 

Despite the encouraging results, several contextual 

factors should be considered while interpreting the 

findings of this research. First, the proposed 

framework was evaluated using fixed-length 

temporal windows and retrospective ICU datasets. 

Differences in hospital workflows, patient 

populations and clinical data acquisition practices 

may influence the generalizability of the proposed 

model. Second, although the current study 

primarily focused on predictive performance, 

future research should investigate additional 

aspects such as explainability, external validation 

and real-time clinical deployment. Previous 

studies on explainable artificial intelligence and 

federated learning suggest promising future 

directions for improving the transparency, 

robustness and scalability of sepsis prediction 

systems (23, 26). 

Implications and Recommendations 
According to the findings of the research, there is a 

possibility to apply sequence-aware deep learning 

frameworks in ICU clinical decision-making for the 

early prediction of sepsis. Such early identification 

of sepsis might help clinicians perform timely 

interventions, leading to improved patient 

outcomes and reduced mortality in the ICU. 



Kusuma et al.,                                                                                                                                                        Vol 7 ǀ Issue 4 

 

767 
 

Moreover, the Temporal Convolutional Network 

framework may be useful for continuous 

monitoring of critically ill patients by analysing 

temporal physiological changes. Future work 

should focus on external validation, the 

incorporation of explainable artificial intelligence 

techniques and the integration of the proposed 

framework into hospital electronic health record 

systems. 
 

Conclusion 
This research developed a multimodal deep 

learning framework for predicting sepsis from 

physiological and clinical time-series data 

gathered in the ICU. To train sequence-aware deep 

learning architectures, hospital visits were 

segmented into time-ordered, fixed-length 

sequences. Various time-oriented deep learning 

architectures were employed. The results of the 

studies were analyzed and the conclusion was 

drawn that the use of time-oriented architectures 

outperformed traditional, non-sequential methods 

in the prediction of sepsis. The Temporal 

Convolutional Network (TCN) performed best out 

of all the models used in the studies and the best 

results in both computational efficiency and stable 

learning of time-related features were achieved by 

the TCN as well. In addition, stable learning of time-

related features was achieved via the use of 

temporal masking, which eliminated the impacts of 

padded observations and ensured an equitable 

learning process during model training and 

evaluation. These results indicate the need for 

reliably time-oriented models for the construction 

of reliable clinical decision-support systems for the 

detection of sepsis during the ICU. The proposed 

framework offers a robust and extensible basis for 

the intelligent use of clinical data in healthcare. 

There are a number of limitations that should be 

borne in mind while interpreting these results. The 

system was evaluated using retrospective ICU data 

formatted into standardized temporal windows. 

Consequently, the applicability of the framework to 

other healthcare settings may be limited. Likewise, 

this work did not include external validation using 

independent real-world datasets. In addition, 

although deep learning models generally provide 

high predictive performance, their interpretability 

remains lower than that of conventional clinical 

scoring systems. 

Therefore, future work should focus on validating 

the proposed framework across multiple real-

world clinical environments using real-time ICU 

data. The incorporation of Explainable Artificial 

Intelligence (XAI) techniques may improve model 

transparency and increase clinician trust. 

Furthermore, privacy-preserving approaches such 

as federated learning and transfer learning may 

improve the scalability, robustness and 

generalizability of the proposed framework. This 

work represents an important step toward the 

development of scalable and reliable deep learning 

systems for critical care. 
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