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Abstract: Background: Sepsis, a potentially fatal inflammatory disease triggered by infection, carries significant health implications worldwide. Timely detection is crucial as sepsis can rapidly escalate if left undetected. Recent advancements in deep learning (DL) offer powerful tools to address this challenge. Aim: Thus, this study proposed a hybrid CNNBDLSTM, a combination of a convolutional neural network (CNN) with a bi-directional long short-term memory (BDLSTM) model to predict sepsis onset. Implementing the proposed model provides a robust framework that capitalizes on the complementary strengths of both architectures, resulting in more accurate and timelier predictions. Method: The sepsis prediction method proposed here utilizes temporal feature extraction to delineate six distinct time frames before the onset of sepsis. These time frames adhere to the sepsis-3 standard requirement, which incorporates 12-h observation windows preceding sepsis onset. All models were trained using the Medical Information Mart for Intensive Care III (MIMIC-III) dataset, which sourced 61,522 patients with 40 clinical variables obtained from the IoT medical environment. The confusion matrix, the area under the receiver operating characteristic curve (AUCROC) curve, the accuracy, the precision, the F1-score, and the recall were deployed to evaluate the models. Result: The CNNBDLSTM model demonstrated superior performance compared to the benchmark and other models, achieving an AUCROC of 99.74% and an accuracy of 99.15% one hour before sepsis onset. These results indicate that the CNNBDLSTM model is highly effective in predicting sepsis onset, particularly within a close proximity of one hour. Implication: The results could assist practitioners in increasing the potential survival of the patient one hour before sepsis onset.
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Abbreviation



	DT
	Decision tree



	LR
	Logistic regression



	SVC
	Support vector classifier



	SVM
	Support vector machine



	MGP-AttTCN
	Multitask gaussian process and attention-based deep learning model



	GRU
	Gated recurrent unit



	RETAIN
	REverse time attention model



	DeepAISE
	Deep artificial intelligence sepsis expert



	DSPA
	Deep sofa-sepsis prediction algorithm



	SERA
	Sequential element rejection and admission



	EASP
	Explainable AI sepsis predictor



	GB
	Gradient boosting



	MARS
	Multivariate adaptive regression splines



	LASSO
	Least absolute shrinkage and selection operator



	AISE
	Artificial intelligence sepsis expert



	NB
	Naïve bayes classifier





1  Introduction

1.1 Background Information

Sepsis, a fatal medical emergency, is the most severe response of the body to an infection, which typically originates in the skin, urinary tract, lung, or gastrointestinal tract. This situation can swiftly cause organ failure, tissue damage, and death. A potential reduction in mortality and costs could be achieved through the timely and suitable management of sepsis [1]. Worldwide, sepsis remains a significant killer, with approximately 11 million deaths out of 48.9 million in the case of COVID-19 [2]. The expenses for sepsis treatment in U.S. hospitals were more than $20 billion in 2011, $23 billion in 2013, and $25 billion annually, making it the costliest disease condition to treat by a wide margin [3]. Multiple studies have shown that sepsis mortality may be lowered via prompt diagnosis and the administration of effective antibiotic treatment. Even so, it is hard to tell if someone has sepsis in its early stages because the syndrome is very different depending on changes in function, the complexity of the clinical situation, and the medicine used to treat the disease. This makes it very difficult to determine the severity of a patient’s organ failure [4].

Additionally, there is a limited, reliable method of diagnosing sepsis. Bedside assessment using various sophisticated scoring systems has been created to facilitate the early diagnosis of sepsis [5]. Currently, several clinical practice measures are in use, including “Acute Physiology and Chronic Health Evaluation (APACHE II)” [6], “Simplified Acute Physiology Score (SAPS II)” [7], “Sequential Organ Failure Assessment (SOFA)” [8], “Quick SOFA (qSOFA)” [8], “Modified Early Warning Score (MEWS)” [8], “Systemic Inflammatory Response Syndrome (SIRS)” [8], and “New Early Warning Score (NEWS)” [8], which are reliable markers of disease severity based on a combination of data from the clinic and the lab. Although these methods help predict overall deterioration or death in ICU studies, they lack the sensitivity and specificity to diagnose sepsis in an individual patient [9]. They also exhibit significant flaws in terms of methodology when applied to actual patient data [10]. The rapidly growing quantity of healthcare data will fundamentally alter the practice of medicine. Integrating laboratory data and biomarkers into clinical decision-support systems can dramatically enhance patient outcomes [11]. Most ongoing studies evaluate how well these complicated datasets may aid in making therapeutic choices.

ML-based models have demonstrated considerable utility in medicine, particularly for executing accurate and exact predictions. Several ML-based studies have built models for predicting sepsis during an ICU stay using vital signs and laboratory test data [12]. Certain studies [13] trained ML models solely on physiological characteristics as feature inputs; for example, “systolic blood pressure” (SBP), “diastolic blood pressure” (DBP), “heart rate” (HR), “respiratory rate” (RR), “temperature” (T), and “peripheral oxygen saturation” (SpO2), were employed as inputs in an XGBoost model. To anticipate the beginning of sepsis four hours in advance, reference [14] deployed a support vector machine (SVM) classifier with an AUC-ROC of 0.88. To further enhance the outcomes, their models have included patient demographics, laboratory test findings, and comorbidities [15]. The onset of sepsis was also predicted using a random forest (RF) classifier with a sensitivity score 0.8 using physiological data [16]. The authors of [17] used a fully connected LSTM-CNN model to predict early sepsis. In the time series analysis, the “insight” model [18] was expanded to include the six vital sign features, such as pH, WBC, and age. This gave an AUCROC of 0.92. Despite lacking a labeled sepsis case record, the MIMIC II and MIMIC III databases have been utilized in several investigations. Several ML and DL models have been applied for early sepsis detection using these datasets.

1.2 Research Aim

This study investigates the potential of employing CNNBDLSTM, a proposed hybrid DL model, for early sepsis prediction by utilizing six distinct time-frame intervals: One hour, two hours, three hours, six hours, twelve hours, and twenty-four hours before sepsis onset. A key objective was to assess the prediction method’s impact on the proposed model’s efficiency.

1.3 Contribution

Based on the review of the related work in Section 2, several gaps were identified that could provide several contributions to the healthcare domain, as stated below:

•   A method for anticipating the onset of sepsis is proposed by delineating six distinct time intervals aimed at forecasting the occurrence of sepsis as accurately as feasible. These time intervals are devised in accordance with the criteria outlined in the sepsis-3 standard.

•   During the model classification process, both the proposed CNNBDLSTM model and various baseline models (CNN, BDLSTM, Random Forest (RF), and Extreme Gradient Boosting (XGBoost)) were trained on the MIMIC III dataset to compare their performance. Significantly, the proposed model showcased superior performance, attaining a remarkable accuracy of 99.15% and an impressive AUCROC of 99.74% when predicting sepsis onset one hour in advance.

•   The classification outcomes were also contrasted with those of previous benchmark models trained on the same dataset. The findings revealed that the proposed model in the current study outperformed the benchmark models.

1.4 Organization

The following portions of this work are organized: Explain the work’s background in Section 2. Detail the available resources and processes in Section 3. Meanwhile, Section 4 will concentrate on the study’s results and discussion. Section 5 discusses the limitations. Section 6 will provide a conclusion.

2  Related Work

This section aims to offer readers a concise overview of recent research on sepsis diagnosis and early prediction utilizing ML and DL techniques prior to the onset of infection. It is crucial to review and assess the current “state of the art” in predicting sepsis onset, given the rapid advancements in this field. By examining relevant studies published after 2020, we evaluate the features utilized for prediction, the effectiveness of various ML and DL models, the encountered challenges, and the potential future directions of research in this domain. Table 1 presents a summary of the related work concerning the three primary focus areas.
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2.1 Clinical Practices-Based Sepsis Prediction

In the past, standard clinical practices employed at the bedside were utilized for predicting sepsis onset. However, these metrics were not specifically designed for sepsis prediction or used to compute sepsis risk scores consistently. In particular, the SIRS criteria, often deemed nonspecific and outdated for sepsis measurement, were commonly utilized [9–11]. Many ML-based and DL-based studies have compared their model’s achievement with the standard clinical practice. For instance, in comparison to the clinical practice score (the AUROC 0.635 for qSOFA, 0.688 for MEWS, and 0.814 for SIRS), the study conducted by [19] showed a substantially higher predictive performance with an AUCROC score of 0.931. However, it is important to note that the current study does not aim to compare against standard clinical practices. Instead, its focus is on assessing the enhancement achieved through the utilization of ML, DL, and hybrid DL with DL classifiers in predicting sepsis onset.

2.2 Machine Learning-Based Sepsis Prediction

ML methods have substantially improved the ability to diagnose and forecast sepsis. The recent related work review (Table 1) reveals that seven studies deployed ML classifiers, and two studies combined ML with DL classifiers. Reference [20] used the MIMIC III dataset to train DT, RF, and XGBoost classifiers for ML-based sepsis prediction studies. RF model appears to be the best-performing model with AUCROC of 0.92 to predict sepsis 24 h before onset. Reference [21] achieved an AUCROC of 0.86 (6 h before sepsis), while reference [22] obtained an AUCROC of 0.85 (48 h before sepsis). Both of the studies utilized the 2019 PhysioNet Challenge dataset. However, reference [23] attained better results by harnessing the Yonsei University Severance Hospital dataset to train several ML classifiers with the LR model, attaining an AUCROC of 0.86 at 6 h before sepsis. Reference [24] achieved better results (AUCROC of 0.93) than the other studies using the Tertiary academic hospital dataset, but this study does not report the hours before sepsis onset. However, reference [25] reported even more significant results using the MIMIC III dataset deploying RF, GB, and SVM. They were reported to have achieved an AUCROC of 0.96 4 h before sepsis. We will report the studies that combined ML with DL classifiers under separate sub-sections.

2.3 Deep Learning-Based Sepsis Prediction

The capability of DL to predict sepsis onset has attracted many interesting studies, particularly those that use massive datasets such as MIMIC III. In the current study, we reviewed seven DL-based studies using DL classifiers. Three studies used MIMIC III as their data source to train their proposed models, while others used different datasets, as reported in Table 1. Most of the studies harnessed CNNs, RNN, LSTM, and DNN, which showed promising results in sepsis detection. The most recent study by [26] used the Shanghai Hospital dataset to train a double fusion DL framework, which attained an AUCROC of 0.92 at 6 h before onset. They also compare their results with the clinical practice measurement. Reference [27] used MIMIC III to train their proposed model of a joint multi-task “Gaussian Process and attention-based deep learning model”. They attained an AUCROC result of 0.64 at 5 h before sepsis. Reference [28] used the 2019 DII National Data Science Challenge to train GRU, RETAIN Dipole, and LSTM. The reported result was an AUCROC score of 0.89 at 4 h before sepsis. Reference [29] utilized MIMIC III to train their proposed model, DeepAISE (Deep Artificial Intelligence Sepsis Expert). They attained a promising AUCROC result of 0.90 at 4 h before sepsis. Reference [30] also used MIMIC III to train their proposed model DSPA (“a deep learning approach for sepsis monitoring via severity score estimation”) and CNN and RF as the baseline classifiers. They obtained excellent results (AUCROC of 0.97) at 6 h before sepsis. Reference [31] achieved the lowest AUCROC score of 0.86 three hours prior to the commencement. They trained the MIMIC III dataset using DNN. Reference [32] leveraged on the 2019 PhysioNet Challenge dataset to train the fully connected LSTM-CNN (a hybrid of DL-based models). They were reported to have achieved an AUCROC result of 0.86 at 12 h before sepsis.

2.4 Hybrid Classifiers-Based Sepsis Prediction

We reviewed three studies that have been using the hybrid strategy. The 2019 PhysioNet Challenge dataset was used to train SVM, RNNLSTM, and adaptive CNN models [33]. They achieved an accuracy of 0.94 but did not report the hours before sepsis. Reference [34] leveraged the Duke University Health System dataset to train RNN, LR, and RF models. They obtained an AUCROC of 0.88 at 5 h before sepsis onset. Reference [35] combined CNN and LSTM classifiers to predict sepsis using the electronic health record CROSSTRACKS dataset. They obtained an AUCROC of 0.88 at 3 h before sepsis onset. Reference [36] reported to have used an unstructured data source from the Singapore Government Hospital dataset to train the SERA algorithm. The study attained an excellent AUCROC of 0.94 at 12 h before sepsis.

2.5 Temporal Derivative-Based Sepsis Prediction

Every hourly time frame in a patient’s medical record should have a sepsis risk assessment and a positive or negative sepsis prediction. Specifically, as stated by the World Health Organization: Sepsis, it is essential to anticipate the beginning of sepsis at least 6 h (but no more than 12 h) in advance. As such, based on this criterion in predicting early sepsis, we have to review studies that have incorporated this criterion into their studies. Among the 17 articles, 15 used “longitudinal data” for predicting early sepsis onset. The rest of the studies did not state early prediction (refer to Table 1). Four articles were reported to have predicted early sepsis at 48 to 12 h earlier with promising AUCROC results. Six articles reported sepsis onset prediction six to five hours earlier, varying results depending on the dataset used. Four studies predicted early sepsis to happen at 6 h earlier. While three articles predicted early sepsis four hours earlier. Only one article predicted sepsis onset at three hours before sepsis occurs.

2.6 Gap in Literature

According to the evaluation of relevant literature, there is a scarcity of research that, as far as we know, develops predictive models utilizing the hybrid DL approach with six observation windows, which our study proposes. A maximum of four observation windows were established prior to the onset of sepsis in the majority of investigations employing the temporal derivatives approach. In our research, we established six observation windows that adhere to the sepsis criteria: 24, 12, 6, 3, 2, and 1 h before the onset of sepsis. According to the review of seventeen papers (beginning in 2020), only three have proposed training their datasets with hybrid DL classifiers. Nevertheless, none of the six research has constructed a hybrid CNNBDLSTM model.

3  Materials and Methods

3.1 Proposed Research Workflow

Fig. 1 describes the workflow of the study. It consists of the data acquisition phase, the exploratory data analysis phase, the data pre-processing phase, the model classification phase, the model evaluation phase, and the final model phase.
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Figure 1: Proposed research workflow

3.2 Data Source

The MIMIC-III v1.4, which was a counter-public database consisting of patient clinical information about vital signs (Table 2), data about laboratory values (Table 3), and data about demographic information (Table 4), was utilized in our research [37]. The database comprises two information systems, IMDsoft MetaVision ICU and Philips CareVue Clinical, which have radically distinct data architectures. MIMIC III provides detailed data on more than 40,000 cases, or nearly 61,522 patient stays. The results are related to 53,423 distinct hospital admissions involving patients who were in the adult category.
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3.3 Exploratory Data Analysis (EDA)

The EDA of the dataset is visualized in Figs. 2–4, which show the distribution of the vital signs data, the demographic data, and the laboratory data. The orange denotes the sepsis cases, while no sepsis cases are in blue.
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Figure 2: Visualization of vital signs data
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Figure 3: Visualization of demographic data
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Figure 4: Visualization of laboratory data

3.3.1 EDA of Vital Signs

According to the visualization in Fig. 2, HR, Temp, and Resp features differed between sepsis and non-sepsis individuals. The remaining characteristics may not affect the sepsis prediction. Table 2 provides an overview of the vital sign data.

3.3.2 Demographic Data

Table 3 is a description of the demographic data. Fig. 3 suggests that age does not distinguish between patients with sepsis and those who are not. There is very little chance that a few-year age difference will result in sepsis. Age should be included in our model, potentially broken down into distinct categories, as patients aged 90 years or older have their age values set to 100. For each patient, the HospAdmTime characteristic is almost the same. Research indicates that patients who stay in the intensive care unit for an extended amount of time are more likely to get sepsis. Given that every patient receives an ICU record, it is likely that patients who did not receive an ICU record were moved from the SICU or MICU to other intensive care units (such as cardiac or trauma) (ICULOS attribute).

3.3.3 EDA of the Laboratory Data

Table 4 describes the laboratory data. The feature Base Excess, as shown in Fig. 4, exhibits a greater deviation from the mean in septic patients, although it has a similar mean. This suggests that an aberrant concentration of excess bicarbonate may be an inherent characteristic of septic patients. FiO2 is distributed bimodally and has values that are quite discrete. This feature will probably be ignored as non-representative due to the fact that only 20% of the patients have records of this value. Patients with sepsis seem to have a higher pH (more basic pH).

Additionally, it appears that sepsis-positive patients have greater BUN values. There are outliers in the calcium concentration for septic patients at shallow values despite the similar concentrations for either group of patients. Maybe this is something we should look into more. Although bilirubin deficiency appears to be higher in septic patients, it is important to remember that over 96 percent of individuals do not have this characteristic. However, bilirubin concentrations were probably only tested when medical professionals felt this characteristic was odd, and some sepsis patients had very high quantities.

Patients with sepsis also have increased bilirubin total levels. It is important to note that the sum of the direct and indirect bilirubin levels determines the total bilirubin concentration. As a result, a high correlation between this feature and Bilirubin direct is possible. Septic patients appear to have slightly lower quantities of Hct and Hgb levels. Patients with sepsis can seem to have marginally greater PTT. Patients with sepsis seem to have bimodal fibrinogen, which is marginally more concentrated than non-septic patients. We might anticipate that fibrinogen was measured for a specific reason, as around 95 percent of patients overlook this feature. Patients with sepsis may have somewhat decreased platelet counts.

3.4 Data Preprocessing

3.4.1 Data Selection

Patient data preprocessing aims to enhance dataset quality, involving patient selection, dataset rebalancing, outlier removal, and handling missing data. Fig. 5 visualizes the steps of the whole process. In step one, 61,522 patients were selected for the study’s cohort. However, after excluding patients under 14 years of age, those admitted for cardio surgery, and those with missing data, the remaining number of patients is 16,984. In step two, patients admitted to the pre-ICU were removed, leaving a total of 11,811 patients. In step three, after balancing the target class, there are 1,840 patients remaining for the no-sepsis class and 537 for the sepsis class.
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Figure 5: Visualization of the class labeling method

In this study, experiments were exclusively conducted using data from patients aged 14 years and older upon admission to the ICU. As the required patient data was not accessible in the CareVue system, the decision was made to solely utilize data compiled in MetaVision [38]. The MIMIC III dataset contains missing and highly deviated data related to ICU admission stays. This is often due to the unavailability of medical services, faulty systems, and various other factors during admission. To address this, patients with characteristics having more than 60% missing data were excluded from the analysis. Additionally, outliers in the dataset were removed as suggested by medical experts. Only patients who experienced organ malfunctions due to sepsis during their ICU stay were included for predicting sepsis onset.

3.4.2 Sepsis-3 Group Performance

Defining the sepsis cohort is crucial for building a sepsis prediction model. Therefore, a systematic approach was adopted, focusing on patients potentially impacted by infection and organ dysfunction in accordance with the sepsis-3 standard [39]. According to previous studies, this approach has resulted in a well-appropriately selected cohort. A patient potentially affected by infection is identified as someone who received antibiotics and had a body fluid sample taken within a specific timeframe. Therefore, timestamps were recorded at this specific event, and patients were classified as sepsis patients accordingly. In case one, if the body fluid sample was obtained before administering antibiotics, the medication needed to be given within 72 h. In case two, if antibiotics were administered first, the sample needed to be received within 24 h. Every timestamp for both examples in this study has to be recorded. The Postgres function detailed in Fig. 6 was used to identify organ malfunction. Finally, these patients were labeled using a SOFA measurement within the designated window span, with an increase of two or more points indicating “sepsis onset”.
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Figure 6: Sepsis onset hourly computation

Table 5 summarizes the sample characteristics based on those with and without sepsis. 2,377 patients meeting the criteria were included. The inclusion was based on the average age of 67 years and not suffering from diabetes, cancer, or other diseases stated in the Elixhauser comorbidity index.

[image: images]

3.4.3 Feature Selection and Extraction

This process determines the potential features selected or excluded in the dataset, which are later used to train the prediction models. The features with the highest missing rate will be excluded. Based on expert medical advice, this study noted that 31 features (MRF) are relevant for sepsis prediction. The relevant features were clustered into three categories: The physiological data (see Table 2), the laboratory test results (see Table 3), and demographics/scores (see Table 4).

3.5 Prediction Procedure

Based on the computation of the occurrence time within a window size measured in hours. (as discussed in Section 3.4.2), The temporal derivatives method proposed six distinct sampling time windows as the prediction methodology. With the knowledge that sepsis could happen at any time during the patient’s stay in the ICU, predicting the time close to sepsis onset is the aim of this study. The prediction was based on the target variable of ‘1’ for patients with sepsis and ‘0’ for patients with no sepsis cases. In order to facilitate a comprehensive comparison, it was proposed and agreed upon to utilize six extended monitoring time intervals as the “look-back” (LB) sequence of results for sepsis prediction. For each subgroup that was pulled out before, six-time frames (24, 12, 6, 3, 2, 1 h), which is the LB, become the models’ input data. In the end, six spaces—1, 2, 3, 4, 5, and 6 h—were created as the forecast times for accessing and contrasting the results of each model. The visualization of the prediction procedure is shown in Fig. 7.
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Figure 7: The proposed sepsis prediction methodology

3.6 Model Classification

The current work has constructed an experimental comparative study of two ML, two DL, and one hybrid DL model to predict sepsis onset. Following is a description of the classification models used.

3.6.1 The Baseline Models

Bi-Directional Long Short-Term Memory (BDLSTM)

This model combines two independent RNNs. Because of its architecture, the network can gather sequence information in both directions at each time step [40]. In contrast to a unidirectional LSTM, a bidirectional LSTM (BDLSTM) may store information from both the past and the future in its hidden states at the same time by running inputs in two directions: One from the past to the future and the other from the future to the past. Fig. 8 depicts the process by which the output y is determined at a given time t. Applying this algorithm to the current study, BDLSTM can store the various observation windows to predict when sepsis will begin.
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Figure 8: Structure of BDLSTM

Convolutional Neural Network (CNN)

The elements of the CNN [41] shown in Fig. 9 are the “convolutional layer,” “recalcified linear unit” (ReLU) layer, and the pooling layer, which make up the proposed CNN. The convolutional filters in the convolutional layer carry out pattern recognition. The ReLU layer maintains the same derivatives, providing nonlinearity and quick computation. The spatial and temporal ranges of features are diminished when they are combined. The convolutional layer employs a collection of convolutional filters. The filters always affect the entire feature dimension but only on a subset of the temporal region of the data. To determine whether specific patterns are present, they carry out several calculations. The filters then go across the temporal direction of the sequence, producing a series of outputs that show the locations of different patterns. When using CNN on image tasks, the filters may extend across width and height dimensions. In contrast, convolutional filters operate exclusively in the temporal domain when used on electronic health data. Using this algorithm in the current investigation would be advantageous to forecast the start of sepsis based on observations from various windows as the temporal derivatives sequence.
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Figure 9: The structure of CNN

Random Forest (RF)

Simple models that predict outputs using binary splits on predictor variables are part of the tree-based structure of the RF classifier. Feature sampling is the name given to the technique [42]. Trees are the primary learners in reinforcement learning (RF). Each tree generates predictions by classifying input, subsequently used to develop a majority rule for the entire forest. We randomly select subsets of the dataset to use in each tree construction using the bagging process. The current study’s RF classifier would predict sepsis onset most accurately at a specified observation window. Fig. 10 displays the RF structure.
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Figure 10: General architecture of RF

Extreme Gradient Boosting (XGBoost)

The XGBoost [43] model is thought to be better than the gradient tree-boosting model for learning and lowering prediction errors based on new algorithms and evaluation metrics. It is made up of more classifiers. The XGBoost model relies heavily on the tree learning method for handling scattered data. XGboost incorporates normalization to carry out the outcomes of its objective function optimization of the loss function, which considers the previous level’s outcome. Utilizing XGBoost in the current study would reduce the prediction errors by adjusting weights. The general architecture of the XGBoost algorithm is shown in Fig. 11.
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Figure 11: General architecture of XGBoost

3.6.2 The Proposed Model CNNBDLSTM Hybrid Model

The Architecture of CNNBDLSTM

The proposed model is a hybrid of BDLSTM [40] and CNN [41] constructed by harnessing the DL techniques as illustrated in Fig. 12. The following is the reason for proposing this model:
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Figure 12: Structure of CNNBDLSTM

Enhanced Feature Learning: CNNs are effective at extracting spatial and temporal features from sequential data, while BDLSTMs excel in capturing long-term dependencies. By combining these two architectures, the hybrid model can leverage the strengths of both networks to learn more comprehensive and informative representations of the input data, leading to improved prediction accuracy.

Robustness to Temporal Patterns: Sepsis onset prediction often relies on recognizing subtle changes in patient data over time. The bidirectional nature of BDLSTMs allows the model to capture both forward and backward temporal dependencies in the data, making it more robust to varying temporal patterns associated with sepsis development.

Adaptability to Multimodal Data: Healthcare datasets typically contain diverse types of information, such as vital signs, laboratory results, and clinical notes. CNNs are adept at processing spatial data, such as images or spectrograms, while BDLSTMs excel at sequential data processing. This hybrid model can effectively integrate information from multiple modalities, enabling a more comprehensive analysis of patient data for sepsis prediction.

Early Prediction Capability: The combination of CNN and BDLSTM models allows for early detection of sepsis onset by leveraging both spatial and temporal information in the input data. This enables the model to identify subtle signs of sepsis development before they manifest into more severe symptoms, facilitating timely intervention and improved patient outcomes.

Overall, deploying a hybrid CNN-BDLSTM model for predicting sepsis onset offers a powerful framework that leverages the complementary strengths of both architectures, leading to more accurate and timely predictions as compared to the traditional methods.

During the implementation, the CNN layer is first trained by feeding with the dynamic data in matrix form and using ‘ReLu’ as an activation function. This adds non-linearity to the network and enables the model to learn more quickly and effectively than others. Next, CNN’s reduced matrix output is fed into the BDLSTM layer, combining static and dynamic data to create a fully connected neural network that can learn long-term dependencies. ‘ReLu’ is then used as an activation function to categorize two classes of patients into sepsis and non-sepsis based on the dynamic data (temporal derivatives of six observation windows). Later, to keep the model from overfitting, a dropout layer of 0.5 is applied; also, an attention layer is employed to give weights to the significant features while disregarding the unimportant ones. Finally, a sigmoid activation function is applied to the dense layer. Then, using binary cross-entropy as the loss function and 0.001 as the learning rate, Adam is utilized as an optimizer to minimize the loss function. The sepsis onset prediction mechanism is improved when all of these layers are combined.

3.7 Model Evaluation

3.7.1 Performance Metrics

This work used a 10-fold cross-validation approach to choose the optimal training model [44]. A prediction model’s efficacy may be measured with the use of cross-validation. Results from the statistical study will be extrapolated to a different dataset. To perform k-fold cross-validation, a sample is randomly split into k-equal halves. A single subsample is used to validate the model, while the remaining K-1 subsamples are utilized to train the model. The K iterations of this procedure provide validation data from a single subsample. In medical datasets, inequality between classes is a significant issue. During ICU stays, most MIMIC-III patients did not have sepsis (94.5 percent), whereas 5.5 percent of patients were diagnosed with sepsis.

Undersampling and oversampling are the two most often employed techniques for sampling data. The analysis indicates that the latter is more favorable than the former [45]. This research improved data balance by eliminating participants from the dominant group by random under-sampling (no sepsis). Therefore, the sample size was reduced to 2377 patients due to undersampling (77.4 percent no sepsis; 22.5 percent sepsis). According to [46], several metrics were acquired for each model included in this research to assess performance. Accuracy, precision, recall, F1-score, and AUC/ROC were used to evaluate the efficacy of the models. The true positive (TP) and true negative (TN) scores indicate the classifier model’s ability to predict the presence or absence of sepsis in a given patient. The false positive (FP) and false negative (FN) indicate the incorrect predictions made by the models. The accuracy is the proportion of actual positive observations to the total number of positive instances. Recall computes the total fraction of positive cases. The function’s measure specifies the average of recall and precision. The formula for the metrics is shown in Eqs. (1)–(4).

Accuracy =(TP+TN)(TP+TN+FP+FN)(1)

Precision=(TP)(FP+TP)(2)

Recall=(TP)(FN+TP)(3)

F1−Score=2×(Precision×Recall)(Precision+Recall)(4)

3.7.2 AUCROC

Using the AUCROC curve, Fig. 13a depicts the connection between the true positive rate (TPR) and the false positive rate (FPR) using the AUCROC function (FPR). ROC demonstrates a classifier’s ability to differentiate between its two classes (AUC). When the AUC is substantial, the model predictions are accurate.
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Figure 13: (a) Description of AUCROC and (b) Description of confusion matrix

3.7.3 Confusion Matrix

Based on the following four classifications of predictions, a binary classification enables the construction of a confusion matrix, as shown in Fig. 13b.

•   True positives (TP) denote that the positive samples are tagged as positive.

•   False positives (FP) denote that the negative samples are tagged as positive (Type 1 error).

•   True negatives (TN) denote that the negative samples are tagged as negative.

•   False negatives (FN) denote that the positive samples are tagged as negative (Type 2 error).

It is a metric for assessing a classification model’s performance. Confusion matrices are superior to classification accuracy for gauging a model’s performance.

4  Results and Discussions

4.1 Experimental Requirements and Hyperparameter Tuning

The performance of each model included in this study underwent rigorous evaluation and training through comprehensive testing, including the proposed hybrid DL model (CNNBDLSTM), the baseline models: CNN, BDLSTM, RF, and XGBoost. This study aimed to develop a reliable, efficient, and effective model for predicting early sepsis across 1, 2, 3, 6, 12, and 24-h intervals. The hyperparameters utilized to optimize and get the most favorable results for every rendered model are detailed in Table 6.

[image: images]

4.2 The Results of the Model Classification Performance Evaluation

All models utilized in this study were assessed using accuracy, precision, F1-score, and recall performance metrics across various time intervals. The findings, particularly for the 1-h time frame before sepsis, reveal that CNNBDLSTM achieved the highest accuracy of 0.9915, as shown in Table 7. The results for the 2-h time frame before sepsis indicated that CNNBDLSTM achieved the highest accuracy of 0.9905, as shown in Table 8. In the 3-h time frame, CNNBDLSTM attained the highest accuracy of 0.9889, as shown in Table 9. In the 6-h time frame before sepsis, CNNBDLSTM achieved the highest accuracy of 0.9885, as shown in Table 10. For the 12-h time frame before sepsis, the results indicated that CNNBDLSTM achieved the highest accuracy of 0.9870, as shown in Table 11. In the 24-h time frame before sepsis, CNNBDLSTM achieved the highest accuracy of 0.9856, as shown in Table 12.
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It was also noted that for the remaining performance metrics, including precision, F1-score, and recall, the models’ performance improved, with higher values observed as the timeframe approached the onset of sepsis. Once again, CNNBDLSTM achieved the highest precision values of 0.9916, 0.9906, 0.9886, 0.9859, 0.9853, and 0.9851 for the 1, 2, 3, 6, 12, and 24-h time frames before sepsis onset, respectively. In the case of the recall metric, it was observed that the proposed model once again achieved the highest recall values of 0.9915, 0.9905, 0.9889, 0.9885, 0.9870, and 0.9856 for the 1, 2, 3, 6, 12, and 24-h timeframes before sepsis onset, respectively. The comparative analysis for the F1-score metric reveals that CNNBDLSTM achieved scores of 0.9885, 0.9868, 0.9859, 0.9854, 0.9850, 0.9849, and 0.9804 for the 1, 2, 3, 6, 12, and 24-h time frames before sepsis onset, respectively.

4.3 The Results of the AUCROC Performance Evaluation

AUCROC is considered one of the most critical evaluation metrics for assessing the performance of any classification model. In this study, the performance of the proposed hybrid DL model (CNNBDLSTM) was evaluated alongside four other baseline models, namely RF, XGBoost, CNN, and BDLSTM, through hyperparameter tuning and 10-fold cross-validation. In Table 13, The AUCROC results for six-time frames before sepsis reveal that the proposed CNNBDLSTM model outperforms BDLSTM, CNN, RF, and XGBoost. The experiment focuses on predicting the time before sepsis occurs based on AUCROC evaluation metrics across the six-time frames: 24, 12, 6, 3, 2, and 1 h before sepsis onset.
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It was observed that:

•   For predicting 1 h before sepsis onset, CNNBDLSTM attained the highest value of 0.9974. The second-best performing model, BDLSTM, with an AUCROC of 0.9903. CNN predicts an AUCROC of 0.9538. RF predicts 1 h before sepsis onset with a value of 0.9432. The least performed model is XGBoost, with a value of 0.9197.

•   For predicting 2 h before sepsis onset, CNNBDLSTM achieved the highest prediction value of 0.9923, followed by BDLSTM with 0.9878, CNN with 0.9798, RF with 0.9400, and XGBoost with 0.9227.

•   For predicting 3 h before sepsis onset, CNNBDLSTM achieved a value of 0.9913. Followed by BDLSTM 0.9832, CNN with 0.9758, RF with 0.9489, and XGBoost with 0.9097.

•   For predicting 6 h before sepsis onset, CNNBDLSTM achieved the best AUCROC score of 0.9887, BDLSTM attained 0.9702, CNN obtained 0.9662, RF achieved 0.9400, and XGBoost obtained 0.9336.

•   For predicting 12 h before sepsis onset, CNNBDLSTM again outperformed the rest of the models by achieving an AUCROC value of 0.9798. The next second-best model is BDLSTM, which attained a value of 0.9647. CNN achieved a value of 0.9511. RF gained a value of 0.9003. XGBoost obtained a value of 0.8745.

•   For predicting 24 h before sepsis onset, CNNBDLSTM is again observed to be the best model with a value of 0.9657. BDLSTM with the value of 0.9614. CNN with the score of 0.9595. RF with a value of 0.9535 and XGBoost of 0.8312.

Fig. 14 illustrates the models’ AUCROC results predicting 1 to 3 h before sepsis onset. Fig. 15 illustrates the models’ AUCROC results of predicting 6 to 24 h before sepsis onset.
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Figure 14: The results of the AUCROC of all models for predicting 1 to 3 h before sepsis
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Figure 15: The results of the AUCROC of all models for predicting 6 to 24 h before sepsis

4.4 The Results of the CNNBDLSTM Confusion Matrix Performance Evaluation

This experiment aims to evaluate the performance of a classification model. The AUCROC results indicate that CNNBDLSTM is the best-performing model. In this section, we visualize and summarize the performance of the CNNBDLSTM model using the confusion matrix. The results (in Fig. 16) indicate that the CNNBDLSTM model exhibits less than 1.0% of type I errors and 0.0% of type II errors. Additionally, the model can accurately predict between 99.0% and 99.1% of true positive samples and 100% of true negative samples. These findings provide strong evidence of the model’s performance, which supports the result in Section 4.2.
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Figure 16: The result of the CNNBDLSTM confusion matrix

4.5 Discussions

Based on the results presented in Tables 7 to 13, it is evident that CNNBDLSTM consistently achieved the highest accuracy and AUCROC scores across all observation window timeframes. The accuracy performance of CNNBDLSTM at each timeframe before sepsis onset is as follows: 0.9856 at 24 h, 0.9870 at 12 h, 0.9885 at 6 h, 0.9889 at 3 h, 0.9905 at 2 h, and 0.9915 at 1 h. Similarly, the AUCROC performance of CNNBDLSTM at each timeframe is as follows: 0.9657 at 24 h, 0.9798 at 12 h, 0.9887 at 6 h, 0.9913 at 3 h, 0.9923 at 2 h, and 0.9974 at 1 h before sepsis onset. These consistent results demonstrate the effectiveness of the CNNBDLSTM model in predicting sepsis across different timeframes, with particularly strong performance observed as the prediction timeframe approaches the onset of sepsis.

In the context of sepsis prediction, various factors such as data quality, feature selection, model complexity, and temporal dynamics can significantly influence the results. However, in this study, temporal dynamics emerge as the most probable factor affecting sepsis prediction accuracy.

The findings indicate a strong correlation between accuracy, AUCROC metrics, and the observation window timeframe. As the observation window timeframe approaches the onset of sepsis, there is a notable improvement in both accuracy and AUCROC scores. This suggests that models perform better when predicting closer to the time of sepsis onset, demonstrating enhanced performance with decreasing timeframes. These results underscore the importance of considering temporal dynamics in sepsis prediction models for timely intervention and improved accuracy. By closely aligning with the requirements of the sepsis-3 definition standard and emphasizing critical observation windows, this study provides valuable insights for early sepsis prediction. Specifically, the study highlights the significance of monitoring patients within the 12-h period preceding sepsis onset, further emphasizing the importance of timely intervention in improving patient outcomes.

4.6 Explanation of the Best-Performing Model

In this experiment, the ten most important features for predicting sepsis using the CNNBDLSTM model are shown in Fig. 17a. Using an explainer, Shapley additive explanation (SHAP) [47], we could decipher the features and clinical factors’ impacts and relative contributions to sepsis prediction. The results of the CNNBDLSTM models were analyzed using the tree SHAP method. The SHAP values of the tree models and ensembles may be quickly and accurately estimated using Tree SHAP. Fig. 17b shows the plot of a bee swarm, which illustrates how changing the feature value affects the model’s predictions. The color on the right indicates the feature’s value; a higher value is displayed in red, while a lower value is displayed in blue. Age, heart rate, and duration of stay in the intensive care unit were shown to be the most influential factors. The findings of laboratory tests (pH and bilirubin) and blood pressure also affect the sepsis prognosis. Results show that the CNNBDLSTM model’s effectiveness may be attributed to the factors identified.
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Figure 17: (a) Feature importance for CNNBDLSM and (b) SHAP for CNNBDLSTM

4.7 Comparative Analysis of the Current Study and Previous Studies

In this study, we need to benchmark our work with the previous studies to observe any improvement in the models’ performance. Thus, an extensive comparison with earlier studies that utilize the same MIMIC III dataset was performed. Given the time-dependent nature of sepsis, a reliable prediction model must allow for many validation periods. However, we discovered that only six studies conducted similar observations using temporal modalities. Before sepsis onset, the predictions were divided into nine timeframes: 24, 12, 6, 5, 4, 3, 2, and 1-h. It was observed that most studies predict the start of sepsis before the 24 to 4-h time frame. However, the current study extended the time frame to 2 and 1 h before sepsis onset, and none of the previous studies have predicted the specified time frame.

Based on the comparative analysis in Table 14, the CNNBDLSTM model in the current study achieved the highest AUCROC of 0.9974 at 1 h before the start of the sepsis. Similarly, the model in the current study predicted the highest AUCROC of 0.9923 at 2 h before early sepsis. For the case of a 6-h timeframe, the CNNBDLSTM model achieved an AUCROC of 0.98, which outperformed the previous model. The model’s efficacy improved as time approached the start of the sepsis, as seen by the trend lines of AUCROC in the six experiments. Predictions of early sepsis should be made at intervals between 1 and 2 h.
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5  Limitations

There are a few things to keep in mind about this study’s limitations. The fundamental basis of the investigation consisted exclusively of retrospective data. Based on the historical collection of the data, it is likely that numerous medical treatments, such as the implementation of warfarin in the intensive care unit, have undergone modifications over time. Furthermore, the diagnostic groups under investigation were only chosen based on electronic health data without considering imaging studies. Another limitation to be considered is that the precise time stamps were applied to time series data, substantially increasing the imported data’s complexity and security. Furthermore, it was noted that laboratory results and vital signs were rarely documented within the initial 48 h in both datasets. As a result, there was a substantial surge in the quantity of missing data across different periods. Even though the proposed model achieved high accuracy and AUCROC in predicting sepsis onset, there are some limitations that need to be considered. Both CNN and BDLSTM models can be computationally intensive, particularly when dealing with large datasets or complex architectures. Combining these two models exacerbates this issue, requiring significant computational resources and time for training and prediction. This can be a barrier in resource-constrained environments or real-time applications where efficiency is crucial.

6  Conclusions

Early diagnosis and timely administration of appropriate antibiotics for sepsis are crucial yet challenging tasks. Various prediction algorithms have been devised to evaluate the efficacy of early detection of patient deterioration, leveraging health indicators as fundamental components. While these scoring systems excel in predicting patient deterioration or mortality, they often lack precision in diagnosing sepsis for individual patients. With the availability of a vast volume and diverse range of healthcare data, it is advisable to utilize hybrid DL methods in constructing sepsis prediction models. In this study, we employed all variables available in the dataset to predict sepsis. The results demonstrate that our proposed model’s performance surpasses that of previous research models, which are often compared with traditional scoring systems for early sepsis assessment, as discussed in Section 1. Specifically, this research demonstrated superior information-gain outcomes when compared to conventional feature selection strategies. The study systematically evaluates, and contrasts models employed for early sepsis prediction utilizing extensive healthcare datasets. Given these findings, the utilization of hybrid DL models for early sepsis prediction in ICU patients is strongly recommended. The study conducted an analysis using two ML, two DL, and one hybrid DL model to predict sepsis onset across intervals ranging from 24 to 1 h. Notably, the CNNBDLSTM model emerged with exceptional performance, achieving an impressive AUCROC of 99.74% when predicting sepsis onset just one hour in advance.

In our future endeavors, it is highly promising and anticipated that incorporating additional features, such as genetic information and imaging investigations, will further enhance the predictive performance. Additionally, leveraging data obtained on the day of discharge could be instrumental in forecasting other critical outcomes, such as readmission to the intensive care unit. Our ultimate goal is to develop a secure and intelligent ML system [48] capable of delivering continuous updates on patients’ clinical status and detecting new clinical events. Such a system would serve as a valuable tool for physicians, enriching their clinical decision-making capabilities.
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Table 3: Demographic information

Data

Description

Age

Gender

Unitl

Unit2
HospAdmTime
ICULOS
SepsisLabel

Years (100 for patients 90 or above)

Female (0) or Male (1)

Administrative identifier for ICU unit (MICU)
Administrative identifier for ICU unit (SICU)
Hours between hospital admit and ICU admit
ICU length-of-stay (hours since ICU admission)
1 for sepsis patients, 0 for Non-Sepsis patients
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Table 8: The model classification results based on 2-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9905 0.9903 0.9892 0.9889  0.9882
F1-score 0.9868 0.9867 0.9866 0.9865 0.9838
Precision  0.9906 0.9904 0.9903 0.9885 0.9784

Recall 0.9905 0.9903 0.9892  0.9889  0.9882
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Table 13: AUCROC result of sepsis prediction based on six different timeframes before sepsis

Model 24-h 12-h 6-h 3-h 2-h 1-h

CNNBDLSTM 0.9657 0.9798 0.9887 0.9913 0.9923 0.9974
BDLSTM 0.9614  0.9647 0.9702 09832  0.9878 0.9903
CNN 0.9595 0.9511 0.9662  0.9758 0.9798 0.9538
RF 0.9535 0.9003 0.9400  0.9489 0.9400  0.9432

XGBoost 0.8312  0.8745 0.9336  0.9097 0.9227 0.9197
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Table 4: Data about laboratory values

Data Description Data Description
BaseExcess Measure of excess bicarbonate Glucose Serum glucose (mg/dL)
HCO3 (mmol/L) Lactate Lactic acid (mg/dL)
FiO2 Bicarbonate (mmol/L) Magnesium (mmol/dL)
pH Fraction of inspired oxygen (%) Phosphate (mg/dL)
PaCO2 Partial arterial pressure of Potassium (mmol/L)
carbon dioxide
Sa02 Oxygen saturation from arterial Bilirubin total Total bilirubin (mg/dL)
blood (%)
AST Aspartate transaminase (IU/L) Troponin_I Troponin I (ng/mL)
BUN Blood urea nitrogen (mg/dL) Hct Hematocrit (%)
Alkalinephos Alkaline phosphatase (IU/L) Hgb Hemoglobin (g/dL)
Calcium (mg/dL) PTT Partial thromboplastin
Chloride (mmol/L WBC time Leukocyte count
Creatinine (mg/dL) Fibrinogen (mg/dL)
Bilirubin_direct  Bilirubin direct (mg/dL) Platelets (count10”3/pL)
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Table 9: The model classification results based on 3-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9889 0.9888 0.9887 0.9879 0.9875
F1-score 0.9859 0.9817 0.9840 09816 09815
Precision  0.9886 0.9758 0.9789  0.9758  0.9759
Recall 0.9889 0.9888 0.9887 0.9879 0.9875
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Table 7: The model classification results based on 1-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9915 0.9910 0.9894 0.9891 0.9890
F1-score 0.9885 0.9848 0.9844 0.9841 0.9840
Precision  0.9916 0.9798 09796 09794 0.9791

Recall 0.9915 0.9910 0.9894  0.9891  0.9890
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Table 12: The model classification results based on 24-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9856 0.9852 0.9833 0.9825 0.9812
F1-score 0.9849 0.9848 0.9828 0.9823 09815
Precision  0.9851 0.9849 0.9828 0.9824 0.9819

Recall 0.9856 0.9852 0.9833  0.9825 0.9812
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Table 11: The model classification results based on 12-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9870 0.9865 0.9861 0.9830 0.9821
F1-score 0.9850 0.9843 0.9840 09786 0.9788
Precision  0.9853 0.9878 0.9862 0.9855 09818
Recall 0.9870 0.9865 0.9861 0.9830 0.9821
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Table 1: The summary of the cutting-edge studies for sepsis-onset prediction

Study  Year Dataset Models deployed AUCROC Hours
before onset
[20] 2023 MIMIC-II1 DT, RF, XGBoost 0.92 24
[26] 2023 Shanghai hospital Double fusion DL 0.92 6
framework
[27] 2021 MIMIC-II1 MGP-AttTCN 0.64 5
[28] 2021 2019 DII national data GRU, RETAIN, 0.89 4
science challenge Dipole, LSTM
[29] 2021 MIMIC-II1 DeepAISE, CNN, 0.90 4
RF
[30] 2021 MIMIC-II1 DSPA, CNN, RF 0.97 6
[31] 2021 MIMIC-II1 DNN 0.86 3
[32] 2021 2019 PhysioNet challenge LSTM-CNN 0.86 12
[33] 2021 2019 PhysioNet challenge SVM, RNNLSTM, 0.94 (Accuracy) —
Adaptive CNN
[34] 2021 Duke university health RNN, LR, RF 0.88 5
system
[36] 2021 Singapore Govt based SERA algorithm 0.94 12
hospital
[21] 2021 2019 PhysioNet challenge XGB, EASP 0.85 6
[22] 2020 2019 PhysioNet challenge ML Models 0.86 48
[35] 2020 CROSSTRACKS CNNLSTM 0.88 3
[23] 2020 Yonsei university LR 0.86 6
severance hospital
[24] 2020 Tertiary academic hospital SVM, GB, MARS, 0.93 —
LASSO, Ridge, RF
[25] 2020 MIMIC-II1 RF, GB, SVM 0.96 4
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Table 6: The hyperparameters used in this experiment

Algorithm Hyperparameter

RF Deployed 300 trees, considering 10 attributes per split.

XGBoost Each of the 100 trees had a learning rate of 0.300 and a maximum depth of 6.

CNN Deployed 16, 8 hidden layer neurons. The Adams solver uses ReLu activation
and 40 iterations.

BDLSTM Three layers 40, 20, and 10 neurons, were put in hidden layers. Adams is the
solver, ReLu activation is used, and 40 iterations are run.

CNNBDLSTM Four layers 40, 20, 16, and 8 hidden layer neurons were utilized. Adams solves

with ReLu activation and 40 iterations.
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Table 2: Data about vital signs

Data Description

HR Heart rate (beats per minute)

O2Sat Pulse oximetry (%)

Temp Temperature (Deg C)

SBP Systolic BP (mm Hg)

MAP Mean arterial pressure (mm Hg)
DBP Diastolic BP (mm Hg)

Resp Respiration rate (breaths per minute)

EtCO2 End-tidal carbon dioxide (mm Hg)
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Table 10: The model classification results based on 6-h timeframes before sepsis

Metrics Model

CNNBDLSTM BDLSTM CNN RF XGBoost
Accuracy  0.9885 0.9866 0.9863 0.9843 0.9832
F1-score 0.9854 0.9804 0.9840 0.9818 0.9794
Precision  0.9859 0.9864 0.9864 09844 0.9726
Recall 0.9885 0.9866 0.9863 0.9843 0.9832
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Table 5: The summarization of the samples’ characteristics in the dataset

Variable Sepsis No sepsis
n 537 1840
Diabetes (n, %) 147 (27.3%) 469 (86.2%)
Cancer (n, %) 23 (4.3%) 76 (4.1%)
Died (n, %) 39 (7.41%) 124 (6.6%)
Elixhauser comorbidity (Index) 3.01 1.52
Age (years, mean) 62.07 62.5
Weight (kg) 80.9 79.6
Days length of stay (mean) 59 2.17
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Table 14: The comparative analysis of the previous studies and the current study

Study Year Best Different timeframe before sepsis onset
1

mode 24 12 6 5 4 3 2 1
[25] 2020 RF, GB,SVM - - — — 096 - — —
[27] 2021 MGP-AttTCN  — - — 0.66 — — — —
[29] 2021 DeepAISE - - — — 090 - — —
[30] 2021 CNN+RF — — 097 - — — — -
[31] 2021 DNN - 0.80 0.83 - — 0.86 — —
[20] 2023 RF 092 - — — — — — —

Current study 2023 CNNBDLSTM 095 097 098 - - 0.9913 0.9923 0.9974






