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Abstract 

Sepsis develops whenever our immune system's response to an infection becomes 

dysregulated, leading to extensive inflammation and organ damage. It is a severe immune 

system imbalance that, if ignored, can cause tissue damage, various organ failures, and death. 

Using multivariate clinical time-series data, a hybrid deep learning system combining a 

Temporal Convolutional Network (TCN) and a Tabular Transformer is developed for early 

prediction. The Sepsis Prediction Dataset is used in this work. The dataset consists of 40 clinical 

variables that have been gathered continuously in Intensive Care Unit (ICU) settings, which 

include vital signs, laboratory results, and demographic data. Two parallel branches are used 

for designing the proposed structure. The first branch, named the Tabular Transformer branch, 

learns the representations and interactions of variables through the handling of dynamic and 

categorical data. The Temporal Convolutional Network branch processes the sequential inputs 

by using dilated temporal convolution to detect long-range patterns within physiological 

signals. After concatenating both outputs and passing them into a fully connected layer, it 

makes predictions regarding the early phases of sepsis. With regard to its early predictions four 

to six hours before the clinical diagnoses, its sensitivity, specificity, accuracy, and F1-score 

were found to be 96.65%, 98.32%, 98.9%, and 96.3% respectively. These results indicate that 

the early detection of sepsis would improve as a result of integrating continuous patient data 

along with temporal patterns. Further validation of the developed model needs to be made on 

other clinical datasets. 

Keywords: Sepsis, Tabular Transformer, Temporal Convolutional Network, Clinical Time-

Series Data, Early Detection. 

 Introduction 

Sepsis is a significant ongoing medical condition in the world, as it causes abnormal 

functioning of organs due to the ineffective response of the body to infection, with a high 

fatality rate. Recent medical reports reveal that sepsis leads to about 50 million cases and 11 

million fatalities per year while accounting for nearly 5% of global fatalities in general [1]. The 
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high fatality rate among septic patients is aggravated by late detection, and the heterogeneity 

of symptoms makes it difficult to diagnose this disorder. This disease has a complex 

pathogenesis involving immune disorders, inflammatory processes, and damage to organs. In 

this context, sepsis does not have a universal marker or diagnostic criteria that would define its 

development among patients [2]. Such differences play an important role in creating difficulties 

in early diagnosis and account for inconsistencies in clinical outcomes. Early treatment is 

considered the most critical aspect of sepsis care. It has been found that delayed interventions 

result in increased chances of mortality, particularly in ICU settings. Yet, signs of early disease 

development often resemble those of other inflammatory processes, making traditional 

methods of detection inefficient [3]. 

Despite being part of the current standard of care, methods like blood cultures have 

significant limitations, as they require a lengthy turnaround time of approximately 24–72 hours 

for the confirmation process to take place. At this point, the condition of the patients can quickly 

degenerate into septic shock and multiple organ failures [4]. Moreover, the diagnostic method 

is prone to low sensitivity and can be influenced by antibiotics taken by the patients in advance. 

The application of these clinical methods for diagnosing sepsis has already been thoroughly 

exploited. Nevertheless, these methods prove to have limited predictive power due to their 

inability to detect early sepsis onset as well as their dependence on static thresholds and 

features. Thus, the application of the tools mentioned above is quite restrictive in clinical 

practice. Recently, thanks to advancements in big data science, it has become possible to predict 

sepsis onset with the help of Machine Learning (ML) techniques by identifying complex 

patterns and relationships among clinical parameters [6].  

With the help of deep learning methods, the ability to predict disease occurrence from 

high-dimensional clinical data is further enhanced, capturing both nonlinear dependencies and 

temporal relationships. Deep learning models incorporating temporal, static, and diagnostic 

code information have demonstrated better results and, therefore, promising predictive power 

[7]. They allow for more accurate risk assessment and assist in early clinical intervention. 

However, certain limitations inherent in existing predictive models remian. First, most 

prediction models use one type of data, either temporal or static, respectively. In addition, 

model stability and flexibility continue to be influenced by issues such as class imbalance, data 

inaccuracy, and inconsistencies in dataset specifications [8]. All of these challenges call for 

more comprehensive modeling approaches. Another considerable challenge of applying 

predictive models to clinical settings is the accessibility problem. Although it is often 

mentioned that such models provide accurate predictions, a lack of interpretability prevents 

physicians from relying on them and applying them in practice. Providing interpretable insights 

beyond just predictions has become a top priority for recent studies, particularly for those 

dealing with real-time diagnostics [9]. 

In summary, the current body of research highlights the importance of developing a 

unified, multimodal approach by integrating various sources of clinical data to support the 

earlier identification of sepsis cases. The use of diverse types of data, such as time series, 

laboratory results, and diagnosis codes, would not only boost the accuracy of predictions but 

also overcome some challenges inherent in the field [10]. 

The following are the unique contributions of the proposed sepsis prediction approach. 

1. The hybrid model that incorporates the Tabular Transformer and TCN is presented 

for modeling both static and dynamic clinical data. 
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2. The parallel dual-stream architecture facilitates the concurrent and autonomous 

extraction of features from diverse data streams. 

3. The Tabular Transformer is able to model complex interactions between different 

clinical and demographic variables. 

4. In the case of ICU time series data, the TCN employs convolutional operations to 

capture temporal correlations. 

5. The multimodal fusion framework ensures optimal prediction performance by 

integrating static and sequential data representations. 

6. The flexible architecture allows scaling to decentralized and privacy-aware 

healthcare systems. 

 Literature Review 

The existing literature in the area of predicting sepsis is based on conventional machine 

learning (ML) techniques using structured electronic health records. Random Forest and 

XGBoost classifiers exhibit satisfactory discrimination power in high-dimensional space with 

an expected performance estimation of AUROC 0.75-0.86 [11], [12]. However, this 

methodology cannot adequately address temporal dependencies within ICU time-series and 

relies predominantly on manually selected features [13]. This class of architectures is capable 

of processing temporal sequences of physiological and clinical variables with achieved 

AUROC scores of 0.89-0.92 and F1-scores close to 0.90 [14], [15]. The models enhanced with 

bidirectional LSTM and attention mechanisms exhibit improved sensitivity and recall rates 

[16]. Another technique involves treating multivariate time series as organized data and 

applying modifications to the existing architecture for improved prediction of sepsis. Using 

one-dimensional CNN models allows reaching AUROC scores of 0.85-0.88, with even higher 

performance from the CNN-LSTM combination that achieves an accuracy of 94% and AUROC 

of 0.91 [17], [18]. 

Machine learning ensemble techniques and hybrid models have become increasingly 

popular recently and are proposed as an alternative means of ensuring predictability and 

robustness in favor of deep learning methods in their efficiency. The application of machine 

learning ensemble methods implemented based on stacking and boosting techniques using 

classifiers such as random forest, gradient boosting, and SVM produced F1-scores of over 0.92 

and accuracy higher than 95% [20], [21]. Probabilistic graph theory and Bayesian networks 

have been suggested as alternative models capable of accounting for uncertainties; however, 

they showed improved performance and greater interpretability [22]. Nonetheless, high 

computational costs have made it challenging to scale these techniques. 

Additionally, other research focuses on autoencoder feature learning, reinforcement 

learning for optimal treatment, and lightweight deep learning models for monitoring. AUROCs 

of around 0.88-0.90 have been reached via latent space representation using autoencoders, 

whereas RL techniques show better decision-making results in clinical settings [23], [24]. The 

drawbacks of this method include data heterogeneity, model generalization, and lack of external 

validation. The performance analysis of different datasets showed a reduction of about 10-15% 

in the accuracy rate [25]. 
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 Dataset 

From Table 1, the data set used for the proposed research on the prediction of sepsis 

contains various clinical features that are used to create an early warning system based on a 

time-stamped change in the physiology of patients [26]. It is possible for the algorithm to detect 

complex patterns associated with the onset of sepsis by incorporating data related to vital signs, 

laboratory results, and demographics. This will help detect changes in the condition of the 

patient up to several hours prior to diagnosis.  

Table 1. Dataset Specifications [26] 

Parameter Description 

Dataset Name Sepsis Prediction Dataset  

Total Records (Rows) 1,500,000 (time-series observations) 

Total Features (Columns) 40–44 clinical variables 

Data Type Multivariate time-series and static data 

Train  1,050,000 records 

Validation  225,000 records 

Test  225,000 records 

To avoid any data leakage issues, the split will be done per patient, not per record. All 

records from the time series for a particular patient will be put into the training set, validation 

set, or test set, respectively. This prevents overlapping temporal records from the same patient 

between different sets to avoid optimistic results. In addition, patients’ identification numbers 

will be employed for grouping records before splitting. Stratified splitting is conducted per 

patient in order to keep the ratio balanced between classes. 

 Methodology 

The proposed framework uses physiological signals over time and clinical variables to 

identify early onset sepsis. The architecture involves a combination of dual-branch modeling, 

where diverse data sources are analyzed separately before being combined for prediction 

purposes.  

 
Figure 1. Early Sepsis Prediction Using a Hybrid Dual-Branch Framework 
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The process starts with the ICU dataset, as depicted in Figure 1, and then moves to the 

pre-processing stage, where missing values are handled with forward filling. Moreover, data 

normalization is performed to ensure that models can be trained effectively. After pre-

processing, the data is divided into two categories; namely, static features and temporal 

features. The static features will pass through the Tabular Transformer, while the temporal 

features will undergo individual processing to preserve their sequence properties. The obtained 

embeddings from both processes will be combined using a feature concatenation technique, 

thereby creating multimodal representation. The combined vectors are then used in a fully 

connected layer before passing to a sigmoid activation function for the prediction output (sepsis 

score). A binary cross-entropy loss function and Adam optimizer will be employed during the 

training stage of the network. Early prediction will be performed by aligning labels based on 

the specified prediction horizon (Δ). 

4.1   Problem Representation 

Considering a dataset, 

                                            𝐷 = {(𝑋𝑖
(𝑠)

, 𝑋𝑖
(𝑡)

, 𝑦𝑖)}𝑖=1
𝑁                                                     (1) 

for each sample 𝑖 consists of static features 𝑋𝑖
(𝑠)

, temporal features 𝑋𝑖
(𝑡)

, and a 

corresponding label 𝑦𝑖. The dataset represents 𝑁observations used for training the model. The 

static features 𝑋𝑖
(𝑠)

∈ ℝ𝑑𝑠  denote time-invariant attributes such as demographic or baseline 

clinical information, where 𝑑𝑠 is the number of static variables.  

The temporal features 𝑋𝑖
(𝑡)

∈ ℝ𝑇×𝑑𝑡 capture multivariate time-series data collected over 

𝑇 time steps with 𝑑𝑡 features at each step, representing the dynamic evolution of patient states. 

The target variable 𝑦𝑖 ∈ {0,1} indicates the binary output associated with each sample. 

Equation (2) demonstrates a view of learning a mapping function. 

                                                   𝑓: (𝑋(𝑠), 𝑋(𝑡)) → 𝑦̂                                                      (2) 

which takes both static and temporal inputs to produce a predicted output 𝑦̂. The 

function described above allows the framework to observe both temporal patterns and static 

constraints by modeling the connection between diverse input data and the variable being 

targeted.  

4.2   Preprocessing 

The forward filling technique is chosen to handle missing values since it maintains the 

continuity of time series data in ICU settings by forward filling with the latest observed value, 

avoiding abrupt changes in the underlying physiological processes. The forward filling 

approach also differs from interpolation-based methods, as the latter creates artificial points 

between existing points, which can be misleading for clinicians. Forward filling follows the 

assumption that measurements do not change until new measurements arrive, which is more 

consistent with reality than interpolation techniques. Thus, it is well-suited for the irregular 

sampling of medical records. Nonetheless, it should be emphasized that the forward filling 

method does not account for the uncertainty of missing values and may ignore useful missing 

patterns in the data. Hence, advanced imputation techniques, such as interpolation methods or 

learned imputation techniques may become promising avenues for further investigation. 
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Missing values within the temporal data are managed using a forward fill approach, 

thus, as illustrated in equation (3), missing values at time step t are replaced with the latest 

recorded value. 

                                             𝑥𝑡 = {
𝑥𝑡, if observed

𝑥𝑡−1, otherwise
                                                  (3) 

In the present model setup, missingness indicators are not explicitly included in the 

model. However, any missing data points are managed through forward fill. Although 

missingness indicators add clinical insight in the form of absence patterns, this can be 

considered for inclusion in future research endeavors. To stabilize the numbers for convergence 

purposes, we conduct feature normalization on the continuous features by applying 

standardization according to equation (4). 

                                                           𝑥′ =
𝑥−𝜇

𝜎
                                                               (4) 

           For categorical variables, embedding representations are employed to transform discrete 

inputs into dense continuous vectors as shown in equation (5). 

                                                         𝑒𝑗 = 𝑊𝑗 ⋅ 𝑥𝑗        (5) 

where 𝑥𝑗  is the classified input and 𝑊𝑗 is the accessible embedded vector. This enables 

the model to capture semantic links across categories in a lower-dimensional space, hence 

boosting representation learning and overall model performance. 

4.3   Tabular Transformer Encoding 

Attention models can be particularly effective in dealing with the complexity associated 

with tabular clinical data because they allow the model to learn the interactions of 

heterogeneous features, including vital signs, lab measurements, and demographics. Attention 

enables the model to adaptively learn the weights of different features using self-attention, 

rather than relying on independent models or hand-engineering features as traditional methods. 

In particular, the application of the Tabular Transformer in predicting sepsis cases is crucial, as 

the importance of the features will vary from one patient to another and even at different times. 

The encoding procedure of the Tabular Transformer model for static clinical features is 

illustrated in Figure 2. First, the input features, such as demographics, history, comorbidities, 

and vitals, are represented in dense vector form. Next, a Multi-Head Self-Attention (MHSA) 

module is utilized, wherein various interactions between feature components are modeled 

utilizing Query, Key, and Value representations through different attention heads. The output 

of all the heads is then fed into a feed-forward network, followed by ReLU activation. In order 

to preserve the raw information of the features and facilitate model training, residual 

connections and normalization techniques have been employed. 
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Figure 2. Tabular Transformer Encoding for Clinical Features 

Each feature is first embedded into a dense vector space to obtain a unified 

representation, as shown in equation (6). 

                                              𝑍(𝑠) = [𝑒1, 𝑒2, … , 𝑒𝑑𝑠
]                                                            (6) 

where each 𝑒𝑗  corresponds to the embedding of the jth static feature, enabling the model 

to capture feature-level semantics in a continuous space. To model interactions among these 

features, multi-head self-attention is applied as shown in equation (7). 

                                            head𝑖 = softmax (
𝑄𝑖𝐾𝑖

𝑇

√𝑑𝑘
) 𝑉𝑖                                                    (7) 

where 𝑑𝑘 is the dimensionality utilized for scaling. Equation (8) illustrates the 

subsequent concatenation and linear transformation of all attention head outputs. 

                                   MHA(𝑍) = Concat(head1, … , headℎ)𝑊𝑂                                      (8) 

Equation (9) illustrates that a positional Feed-Forward Network (FFN) is used after 

attention to improve feature transformation and add non-linearity. 

                                          F(𝑥) = max (0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2                                           (9) 

The learnable parameters are 𝑊1, 𝑊2 and 𝑏1, 𝑏2 . Finally, the static model of features is 

created using residual connections and layer normalization functions, as illustrated in equation 

(10). 

                                    𝐻(𝑠) = LayerNorm(𝑍(𝑠) + 𝐹(MHA(𝑍(𝑠))))                               (10) 

This formulation stabilizes training, preserves original feature information, and 

produces a refined representation that captures complex inter-feature relationships. 

4.4   Temporal Convolutional Network Modeling 

Figure 3 shows the architecture of the TCN model employed to deal with sequentially 

processed inputs in the task of predicting sepsis. It begins with the input sequence fed to the 
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model, which goes through various causal convolutional layers with increasing dilation values, 

thus allowing the network to capture temporal information on varying temporal scales. Residual 

connections combined with ReLU activation are implemented to regulate the training process 

and retain= information obtained from previous stages. After performing convolution 

operations on the data, temporal pooling is conducted to produce a feature vector of fixed 

dimension representing temporal information. 

 
Figure 3. Temporal Convolutional Network Modeling 

The temporal branch uses causal convolutions to handle sequential data, guaranteeing 

that predictions at time step t are exclusively based on present and previous inputs, preserving 

temporal causality, as illustrated in Equation (11). 

                                               ℎ𝑡
(𝑙)

= ∑ 𝑤𝑘
(𝑙)

𝐾−1

𝑘=0
⋅ 𝑥𝑡−𝑑𝑙⋅𝑘                                              (11) 

where 𝑤𝑘
(𝑙) 

denotes the convolutional filter at layer 𝑙, 𝐾 is the kernel size. The dilation 

factor 𝑑𝑙 increases exponentially with depth is shown in Equation (12). 

                                                  𝑑𝑙 = 2𝑙                   (12) 

The reason behind choosing 2 as the dilation factor in the TCN is that such an 

arrangement will cause an exponential increase in the receptive field, which makes it feasible 

to learn long-term dependencies efficiently through computation. In this arrangement, the 

network will be able to model not only the fast changes but also the slow changes, or in other 

words, the trend changes in the physiological signals. In addition, by choosing 2 as the dilation 

base, it is easier to balance sparsity with efficiency compared to higher values for dilation bases. 

The effective receptive field of the network is obtained with Equation (13). 

                                             𝑅 = 1 + (𝐾 − 1) ∑ 2𝑙𝐿−1

𝑙=0
                                              (13) 

The proposed network (k=3, d=2, L=6) has a receptive field that allows for a large 

enough temporal range to cover clinically significant ICU observation periods (e.g., several 

hours). Thus, both short-range and long-range physiological features can be extracted from the 

data, which is useful for the early detection of sepsis. To facilitate the training process and 

prevent issues related to the vanishing gradient problem, residual connections are employed, as 

shown in equation (14). 

                                          𝐻(𝑙) = ReLU(ℎ(𝑙) + 𝐻(𝑙−1))                                            (14) 
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which allows the model to retain information from previous layers while learning 

additional refinements. Finally, to obtain a fixed-length representation from variable-length 

sequences, temporal pooling is applied, as shown in Equation (15). 

                                                  𝐻(𝑡) =
1

𝑇
∑ ℎ𝑡

𝑇
𝑡=1                                                            (15) 

This temporal aggregation will summarize the dynamics of the temporal component 

into a concise form, allowing for effective combination with the static component during future 

prediction tasks. The TCN architecture was chosen over other architectures like LSTM and 

transformer models because it offers efficient modeling of long-term dependencies between 

events while also being computationally less expensive. TCN allows parallel processing, 

overcoming the problem of sequential computation faced by LSTMs, thereby preventing the 

vanishing gradient problem common in LSTMs. Compared to the transformer, TCN models 

require less memory and have significantly fewer learnable parameters, making them ideal for 

the large-scale ICU dataset with high temporal resolution. Furthermore, causal convolutions 

make TCN models ideal for real-time prediction problems. 

4.5   Classification 

The multimodal representation is constructed by feature-level fusion of the two 

branches. Let, 𝑧𝑠 is the output from Tabular Transformer (static features) and 𝑧𝑡 is the output 

from TCN (temporal features). The fused representation is computed as, 𝑧 = [𝑧𝑠  ∥  𝑧𝑡] 
(concatenation). This vector is passed through the fully connected layer and the optional 

dropout regularization. Feature concatenation enables independent gradient propagation to both 

branches during backpropagation. Since the fused representation directly connects to the loss 

function, gradients flow simultaneously to the Tabular Transformer and TCN, allowing each 

branch to learn complementary representations without interference. This design avoids 

gradient suppression that may occur in sequential fusion and ensures balanced optimization of 

both static and temporal feature extractors. Hence, the final prediction is shown in Equation 

(16).  

                                                𝑦̂ = 𝜎(𝑊𝑐𝑍 + 𝑏𝑐)                                                         (16) 

In this case, σ (⋅) is the sigmoid function that converts the output to a probability value 

in the range [0,1], indicating the likelihood of the positive class. Equation (17) illustrates the 

application of a decision threshold τ to create a discrete class prediction. 

                                               𝑦̂class = {
1, 𝑦̂ ≥ 𝜏
0, 𝑦̂ < 𝜏

                                                      (17) 

This converts the predicted probability into a binary outcome, where 𝑦̂class = 1 indicates 

the presence of the target event Sepsis) and 𝑦̂class = 0 indicates its absence. Depending on 

clinical or application needs, the threshold τ can be changed to regulate the trade-off between 

sensitivity and specificity. The decision threshold τ is selected based on validation set 

performance to achieve an optimal balance between sensitivity and specificity. Specifically, τ 

is determined by analyzing the Receiver Operating Characteristic (ROC) curve and selecting 

the threshold that maximizes the Youden Index. In clinical settings such as sepsis prediction, 

where early detection is critical, the threshold may also be adjusted to prioritize higher 

sensitivity, ensuring that fewer positive cases are missed. This flexibility allows the model to 

be tuned according to specific clinical requirements. 
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4.6   Loss Function 

Depending on class balance and training needs, the model for binary classification may 

be trained using the loss functions. Equation (18) illustrates the standard loss for binary 

classification, which quantifies the variation between true labels 𝑦̂𝑖 and projected probabilities 

𝑦𝑖 .  

                          𝐿BCE = − ∑ [𝑦𝑖log (𝑦̂𝑖) + (1 − 𝑦𝑖)log (1 − 𝑦̂𝑖)]
𝑁

𝑖=1
                        (18) 

4.7   Optimization 

Equation (19) illustrates how the Adam optimizer, which modifies learning rates for 

each parameter using first and second moment estimates of the gradients, is used to update the 

model parameters θ. 

                                               𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝑚̂𝑡

√𝑣̂𝑡+𝜖
                 (19) 

In this equation, 𝑚̂𝑡 and 𝑣𝑡  are bias-corrected predictions of the gradient's first and 

second phases, respectively. As shown in Equation (20), a learning rate scheduler may be 

utilized to gradually lower the learning rate over time, improving convergence. 

                                                     𝜂𝑡 = 𝜂0 ⋅
1

𝑡
                                                                 (20) 

where 𝜂0 is the initial learning rate and 𝑡is the current training step.  

The use of a learning rate of 0.001 is considered since it converges reliably when 

combined with Adam optimization, as this optimization technique has the ability to adaptively 

adjust the learning rate for each parameter individually using moment-based estimation. 

Learning rate decay methods can be explored further to improve convergence in the future. 

4.8   Early Prediction  

The purpose of this model is to predict the onset of sepsis prior to its occurrence in order 

to ensure timely medical treatment. It can be seen from Equation (23) that the prediction is 

made at time t-Δ using only the data available up until that time point. 

                                                       𝑦̂  𝑡−Δ = 𝑓(𝑋1:𝑡−Δ)                                                 (23) 

Here, 𝑋1:𝑡−Δ represents all input features (both static and temporal) from the start of 

monitoring up to 𝑡 − Δ, and Δ ∈ [4,6] hours define the lead time for early detection. By 

predicting sepsis several hours in advance, the model provides a clinically actionable window, 

allowing healthcare providers to initiate preventive or therapeutic measures before the 

condition becomes significant. The prediction horizon Δ is implemented by temporally shifting 

the sepsis labels backward relative to the clinical onset time. For a given patient with onset time 

𝑡𝑜, all time steps within the interval [𝑡𝑜 − Δ, 𝑡𝑜)are labeled as positive, while earlier time steps 

are labeled as negative. During training, the model only uses input data available up to time 𝑡, 

ensuring that predictions are made in a strictly causal manner without access to future 

information. Separate experiments are conducted for Δ = 4, 5, and 6 hours to evaluate 

performance at different early warning intervals.  
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Thus: 

• 4-hour prediction → model predicts sepsis 4 hours before onset  

• 5-hour prediction → 5 hours prior  

• 6-hour prediction → 6 hours prior  

Only data available up to time 𝑡 is used, ensuring causal prediction. 

 Results and Discussion 

The hybrid deep learning model is able to solve the basic issue of heterogeneous clinical 

data representation and create a new benchmark for early sepsis detection through Tabular 

Transformer and Temporal Convolutional Network fusion.  

5.1   Experimental Setup 

The proposed method was developed based on PyTorch 1.9.0 and Python 3.8. The 

model training process was implemented on the NVIDIA Tesla V100 GPU with 32GB of 

memory.  

Table 2. Hyperparameter Details 

Parameter Value 

Batch Size 64 

Learning Rate 0.001 

Optimizer Adam 

Epochs 50 

Dropout Rate 0.3 

Tabular Transformer Heads 8 

Tabular Transformer Layers 4 

TCN Kernel Size 3 

TCN Layers 6 

TCN Dilation Base 2 

Embedding Dimension 64 

Loss Function Binary Cross-Entropy 

The hyperparameters for training the model are listed in Table 2. Besides the dropout 

rate (0.3), there are other regularization methods that enhance model performance. Weight 

decay based on L2 regularization avoids overfitting, whereas early stopping stops the training 

before the model starts to overfit. Gradient clipping ensures numerical stability, while time 

series augmentation helps with the model's robustness.  

5.2   Performance Metrics 

Standard classification measures were used to test the model. Table 3 displays the 

proposed hybrid model's overall performance on the test dataset. 

Table 3. Overall Model Performance 

Metric Value (%) 

Accuracy 98.90 

Sensitivity (Recall) 96.65 



                                                                                                                                                                                                             Sona G., Anitha D., Narmatha B. 

Journal of Innovative Image Processing, June 2026, Volume 8, Issue 2  529 

 

Specificity 98.32 

Precision 95.97  

F1-Score 96.30  

AUROC 99.12 

The accuracy of classification was estimated using standard measures for the proposed 

model, which is shown are Table 3 below. As seen from the table, the accuracy of the proposed 

method is high with no significant differences between repeated runs. The proposed method 

provides high accuracy in identifying both sepsis and non-sepsis patients, with sensitivity 

(96.65%) and specificity (98.32%). High precision (95.97%) and anF1-score of 96.30% also 

prove that the method performs well in class identification. The value of the AUROC is 99.12 

± 0.10%. 

The performance reported in Table 3 was achieved due to several reasons. First, the 

large volume of data together with a varied representation of patient profiles allows the learning 

process to perform effectively. The use of splitting by patient profile prevents any leakage of 

information during training, which enables realistic testing. Finally, the hybrid approach used 

in our model allows for a better representation of time dependency and interactions between 

different features, thus resulting in increased discriminative power. This is demonstrated by 

consistent performance on a variety of metrics and an ablation study, illustrated in Table 6. 

External validation is required, however, for clinical generalizability. 

5.3   Early Prediction Performance 

Table 4 shows the performance at different prediction windows (Δ = 4, 5, and 6 hours 

before onset). 

Table 4. Early Prediction Performance at Different Lead Times 

Lead Time (hours) Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%) AUROC (%) 

4 hours 98.90 96.65 98.32 96.30 99.12 

5 hours 97.84 94.87 98.01 94.52 98.45 

6 hours 96.31 92.43 97.28 92.18 97.63 

5.4   Comparative Study  

To verify the efficiency of the hybrid design, the performance of the proposed method 

is compared to several baseline and state-of-the-art models.  

Table 5. Performance Comparison with Existing Models 

Model Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

F1-Score 

(%) 

AUROC 

(%) 

XGBoost [21] 91.34 86.78 92.67 86.12 93.45 

LSTM [16] 93.21 89.45 94.12 89.78 94.67 

GRU [15] 93.89 90.12 94.78 90.34 95.12 

Bi-LSTM with Attention [16] 94.56 91.34 95.23 91.67 95.89 

CNN [17] 91.78 87.34 92.89 87.56 92.34 

CNN-LSTM [17] 94.12 90.78 95.01 91.12 95.34 

Autoencoder-based [23] 92.45 88.67 93.34 88.89 93.78 

Proposed Model (Tabular 

Transformer with TCN) 

98.90 96.65 98.32 96.30 99.12 

Results of the comparison have been illustrated in Table 5. It is clear that the suggested 

Tabular Transformer with Temporal Convolutional Network (TCN) achieves superior results 
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compared to other deep learning approaches and traditional machine learning techniques based 

on the results of comparative analysis. Characterized by the highest accuracy (98.90%) and 

AUROC (99.12%), the suggested model surpasses models such as Logistic Regression, 

Random Forest, XGBoost, CNN, LSTM, GRU, and CNN-LSTM. Moreover, the improved 

sensitivity (96.65%), specificity (98.32%), and F1-score (96.30%) indicate its higher efficiency 

in predicting positive cases.  

5.5   Ablation Study 

The ablation experiment was carried out to evaluate the impact of the components 

within the proposed design. The performance of the model, with the exclusion or modification 

of particular branches, is illustrated in Table 6 below. Given its 98.90% accuracy and 99.12% 

AUROC values, the performance achieved by the proposed model is the best, thereby verifying 

the superiority of the design. 

Table 6. The results of the Ablation Study 

Model Variant Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

F1-Score 

(%) 

AUROC 

(%) 

TCN Only (No Static 

Features) 

94.23 90.12 95.34 90.45 95.67 

Tabular Transformer Only 

(No Temporal) 

91.45 86.78 92.89 86.34 92.78 

TCN with Static 

Concatenation (No Attention) 

96.78 93.45 97.12 93.67 97.45 

TCN with Tabular 

Transformer (w/o Residual) 

97.34 94.23 97.89 94.12 98.01 

Proposed Full Model 98.9 96.65 98.32 96.3 99.12 

5.6   Confusion Matrix Analysis 

Table 7 presents the results for the confusion matrix obtained using the suggested 

method and the test dataset, where details regarding the errors in classification are presented. It 

is evident from Table 7 that the model classified 184,372 true negatives and 36,191 true 

positives from the test data sample of 225,000 instances, showing good prediction accuracy. 

The number of false negatives and positives was found to be 1,287 and 3,150, respectively.  

Table 7. Confusion Matrix (Test Set: 225,000 Samples) 

  Predicted Negative Predicted Positive Total 

Actual Negative 184,372 (TN) 3,150 (FP) 1,87,522 

Actual Positive 1,287 (FN) 36,191 (TP) 37,478 

Total 1,85,659 39,341 2,25,000 

 

5.7   Feature Importance Analysis 

The Tabular Transformer's attention mechanism provides interpretability by revealing 

which clinical features contribute most to predictions. Table 8 lists the top-10 features based 

on attention weights. 

Table 8. Top-10 Important Features by Attention Weight 

Rank Feature Average Attention Weight Category 

1 Heart Rate 0.124 Vital Sign 

2 Respiratory Rate 0.118 Vital Sign 
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3 Temperature 0.109 Vital Sign 

4 WBC Count 0.097 Laboratory 

5 Lactate 0.089 Laboratory 

6 Mean Arterial Pressure 0.084 Vital Sign 

7 Creatinine 0.076 Laboratory 

8 Platelet Count 0.071 Laboratory 

9 Age 0.065 Demographic 

10 Glasgow Coma Scale 0.058 Clinical Assessment 

5.8   Computational Efficiency 

The computing requirements of the proposed model, in comparison to baseline 

architectures, are shown in Table 9. 

Table 9. Computational Complexity Comparison 

Model Training Time 

(hours) 

Inference Time 

(ms/sample) 

Parameters 

(Millions) 

Memory Usage 

(GB) 

LSTM [16] 4.2 2.8 2.1 3.2 

Bi-LSTM with Attention [16] 6.8 4.3 3.4 4.8 

CNN-LSTM [17] 5.1 3.1 2.8 3.9 

Proposed Model 7.3 4.8 4.2 5.4 

Despite higher computational requirements, the proposed model's inference time of 

4.8ms per sample is well within real-time clinical monitoring requirements, which requires 

requiring <100ms per prediction. 

5.9   ROC Analysis 

As shown by the ROC curve analysis in Figure 4, the method proposed in this study can 

be seen performing well compared to some other basic approaches. In comparison to the others, 

the proposed method achieves a very good AUROC value of 0.991 which is higher than any of 

the other methods tested here, thus having the curve close to the upper left corner. However, 

some of the other algorithms with comparably low discriminating capability include Random 

Forest (AUROC=0.912), CNN-LSTM (0.953), XGBoost (0.935), and Bi-LSTM with Attention 

(0.959). 

 
Figure 4. ROC Curves Comparison 
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As can be seen from the results of the conducted study, it is proven that the designed 

hybrid model is capable of predicting sepsis using clinical information. High accuracy in 

prediction is achieved with the help of obtaining 36,191 true positives, 184,372 true negatives, 

3,150 false positives, and 1,287 false negatives when the model is tested on the test set with 

225,000 samples, which demonstrates its efficiency in recognizing patients with both sepsis 

and those without the disease. Moreover, the designed approach demonstrates a higher true 

positive rate at any threshold of false positives, proving its better discriminative ability through 

the ROC analysis. 

5.10   Training Convergence Analysis 

Figure 5 illustrates the training and validation loss curves over 50 epochs. The training 

loss shows a consistent decreasing trend, indicating that the model effectively learns underlying 

patterns from the data. Similarly, the validation loss follows a comparable downward trajectory, 

closely aligning with the training loss throughout the training process. 

 
Figure 5. Training and Validation Loss Curves over Epochs 

The absence of a significant gap between training and validation loss suggests that the 

model generalizes well to unseen data and does not suffer from overfitting. Minor fluctuations 

in the validation curve are expected due to batch-wise variations but do not indicate instability. 

Overall, the smooth convergence of both curves demonstrates stable optimization using the 

Adam optimizer and confirms the robustness of the proposed architecture for sepsis prediction. 

 Conclusion 

In the proposed method, a large amount of critical care data is used to develop a hybrid 

model of deep learning for predicting early sepsis from the temporal dependencies of the 

physiological parameters of the patient. The proposed architecture involves the use of TCN for 

modeling temporal dependency and the use of a Tabular Transformer to model inter-feature 

relationships. The efficiency of the proposed methodology was tested using a dataset containing 

225,000 records. It was found that the proposed methodology provided very efficient 

classification results with very few false negatives (1,287). The proposed architecture 

performed better than some popular methodologies, such as CNN-LSTM with an AUROC 
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score of 0.953, Bi-LSTM with Attention with an AUROC score of 0.959, XGBoost with an 

AUROC score of 0.935, and Random Forest with an AUROC score of 0.912. From the analysis 

results, the designed model is able to accommodate interaction among tabular features and the 

dependencies in time series dataset, thereby allowing for reliable prediction of sepsis disease 

and proper patient classification. It should be noted, however, that another significant finding 

from the research was the low number of false negatives produced by the designed model, 

which is important because failure to diagnose the disease can lead to grave outcomes. The 

inclusion of missingness indicators in the current model design has not yet been considered, 

and, therefore, their incorporation would surely improve the effectiveness and efficiency of the 

designed model, especially because of its clinical importance in sepsis prediction.  
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