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Abstract. Sepsis is a highly lethal disease in intensive care units, and patient indicators are 
constantly changing, making accurate prediction of patient mortality crucial for doctors to develop 
appropriate treatment plans. While machine learning and deep learning have been applied to sepsis 
research, model generalization performance can suffer from underfitting or gradient issues. To 
address these challenges, we propose using a deep residual network and a deep residual network 
incorporating Bayesian data prior to predict patient mortality using the MIMIC-III dataset. The 
accuracy of the two models on the validation set reached 0.9392 and 0.9329, respectively. 
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1. Introduction 

Sepsis is a syndrome formed by pathogenic and host factors (e.g., sex, race and other genetic 
determinants, age, co-morbidities, environment) whose features evolve over time [1]. Sepsis and 
septic shock affect millions of people worldwide each year, with one-third to one-sixth of them dying 
[2]. Every hour delay in detection of sepsis significantly increases the risk of death [3]. Physician-
patient interactions significantly affect mortality, which decreases with increased medical 
manipulation. But too many medical treatments are not beneficial to the treatment of patients' diseases. 
Therefore, the choice of the optimal level of medical treatment imposed is an important problem. 
Since there is a relationship between medical measures and patient mortality, prediction models for 
predicting mortality based on medical interactions can be constructed.Thus, mortality prediction in 
sepsis patients helps to take correct therapeutic measures and facilitates patient survival. 

Many scoring methods have been used to predict the prognosis of patients with sepsis, qSOFA, 
NEWS2, SOFA, LODS, SIRS, APACHE-II, and SAPS-II, among others [4]. The scorecard-based 
approach has many problems such as poor sensitivity. Machine learning models can help identify 
potential clinical variables [5]that provide a better prognosis of sepsis [6]. For example, RF [7], 
integrated learning models based on SVM, RF, NB, LR and XGBoost [8], SERA algorithm [9], these 
methods have improved the prognostic efficacy of sepsis, but some studies are limited due to lack of 
external validation and narrow generalizability [10]. With the rise of deep learning, a series of deep 
learning-based methods have been developed for early prediction of sepsis or risk prediction. An 
event embedding and temporal encoding model based on long and short-term memory to model 
clinical time series of sepsis patients and improve prediction performance [11]; convolutional neural 
network to predict 28-day survival of sepsis patients by 35 blood detection variables [11]; BiLSTM 
for predicting the probability of sepsis [12]; DSPA method using convolutional neural network to 
extract features using random forest algorithm to predict SOFA scores of sepsis patients [13]. Deep 
learning models are very prone to gradient disappearance during backpropagation over the network 
and also very prone to the problem of gradient explosion when the initial weights of the network are 
too large. 

Based on the current status, we propose a deep residual learning network and and a deep residual 
network with the addition of Bayesian data prior to predict the survival rate of sepsis patients.  
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2. Related Work 

Deep learning has been applied to screening, early prediction, and diagnosis of sepsis.Joon-
myoung Kwon et al. developed a deep learning model based on a convolutional neural network with 
the addition of residual connectivity to make it possible to screen for sepsis using 12-lead, 6-lead, and 
single-lead electrocardiograms.This low-cost and noninvasive method is important for early sepsis 
screening [14]. Alireza Rafiei et al. built a deep neural network containing long short-term memory, 
convolutional and fully connected layers for early prediction of sepsis, using data tested at 4, 8 and 
12 hours before the onset of sepsis, respectively, and the method performed well, which facilitates 
early preventive measures and provides a solution for early risk reduction of sepsis provided a 
solution [15]. Yi Lv et al. demonstrated that the diagnostic value of a deep learning-based approach 
for severe sepsis complicated by acute kidney injury is higher than the manual judgment of a 
professional physician, illustrating the great clinical value of deep learning in the diagnosis and 
treatment of this disease [16]. 

Deep residual networks have been widely used in all aspects of life. Deep residual networks show 
good performance for user identification of smartwatch users by complex hand movements [17]. 
Improved residual networks are used for economic and carbon emission forecasting in different 
regions to improve the accuracy of forecasting [18]. The attentional residual network was applied to 
hydroacoustic target recognition, and the average recognition accuracy was improved [19]. In 
addition, the residual network has shown excellent performance in the diagnosis of robot joint faults 
[20], optical character recognition [21], prediction of urban traffic status [22], and protection of 
agricultural crops [23], and has a large potential for future development. 

Bayesian neural networks introduce a stochastic component to the network parameters to simulate 
data's various possible models and probability distributions, quantifying the uncertainty of prediction 
[24]. Bayesian neural networks can be used in the medical field for more accurate classification of 
cancer types and their subtypes [25], as well as for predicting drug-protein interactions, which in turn 
also play an important role in drug screening [26]. In terms of the safety of human-computer 
interaction, Bayesian neural networks have higher accuracy and better generalization ability to 
unknown data [27]. 

3. Methodology 

 
Figure 1. Flowchart of the article framework 

Framework. We first downloaded our required sepsis sample data from MIMIC-III Clinical 
Database (https://physionet.org/content/mimiciii/1.4/). In the second step, we preprocessed the data 
with five parts, including removing redundant features,one-hot encoding of category features, 
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separating feature matrix and label columns, normalizing the feature matrix and randomly dividing 
the training set and validation set. In the third step, we predict the survival rate of sepsis patients using 
a deep residual network and a deep residual network incorporating a Bayesian data prior, including 
both training and validation parts, respectively. In the fourth step, the models were evaluated using 
the precision, recall, accuracy, AUC, and ROC curves, and the performance was compared with the 
machine learning algorithm. The flowchart is shown in Figure 1. 

Dataset Description. We obtained the data from MIMIC - III Clinical Database 
(https://physionet.org/content/mimiciii/1.4/), The database is a freely accessible intensive care 
database [28]. The downloaded data contained a total of 58,976 samples with 28 characteristics. The 
feature meanings are shown in Table 1 [29]. 

Data preprocessing. To preprocess the data, we first removed the "hadm_id" column, as it is an 
identification number for each hospitalization and does not impact patient survival. We also deleted 
"lOSdays" and "losgroupNum" columns, as they indirectly represent patient survival and death 
through hospitalization time and classification data.Marital_status,ethnicity, religion, 
AdmitDiagnosis, AdmitProcedure, and insurance are all irrelevant variables for the patient's condition, 
so they are also directly deleted. We converted categorical features such as "gender," "admit_type," 
and "admit_location" to numerical features using one-hot encoding for ease of operation. Then, the 
feature matrix is normalized to eliminate the effect of feature magnitude in order to treat each 
dimensional feature equally. Finally, the data set is randomly divided into two parts, the test set and 
the validation set, according to certain proportional pairs. 

Deep Residual Network. The residual network we construct consists of a stack of six residual 
blocks, as shown in Figure 2(a). A residual block formula can be expressed as follows: 

  llll xxWxF -, 1                               (1) 

It is called the residual function, which represents the difference between the input and output, a 

lW  is the parameter of the residual block, lx  is the input of the current layer, 1lx  is the output of 
the current layer and the input of the next layer. The whole network then only needs to learn the 
difference between input and output, simplifying the learning objective and difficulty. The network 
trained in this way is equivalent to making corrections for lx , and the correction magnitude is 

 ll WxF , . To avoid the problem of information loss in the process of passing, the input information 
is directly passed to the output layer through the shortcut connection. The shortcut connection is 
equivalent to simply performing a constant mapping, which does not generate additional parameters 
and does not increase the computational complexity. The deep residual network is beneficial to solve 
the problem of gradient disappearance and gradient explosion. 

 

Table 1. The meaning of each feature 
Attributes Descriptions 

hadm_id 
the patient's identification number for each 

hospitalization 
Marital_status, ethnicity, gender, 
religion, insurance, age, insurance 

patient demographics 

NumCallouts, NumDiagnosis, 
NumProcs, NumCPTevents, 

NumInput, NumLabs, 
NumMicroLabs, NumNotes, 

NumOutput, NumRx, 
NumProcEvents, NumTransfers, 

NumChartEvents, TotalNumInteract 

daily average numbers of callouts for consultation, 
diagnoses, procedures, Current Procedural Terminology (CPT) events, 

input events, labs, microbiology labs, notes, output events, medical 
prescription, procedural events (insertion of an arterial line), transfers 
between care units, chart events, the summary of all the daily average 

numbers 

LOSdays, LOSgroupNum patient length of stay in numerical and categorical data 

admit_type, admit_location 
describes the type of admission, provides information about the 

patient's location prior to arrival at the hospital 



Highlights in Science, Engineering and Technology AICT 2023
Volume 56 (2023) 
 

142 

After preprocessing and normalizing the original features, each sample has 30 features. Our 
network input layer has 30 neurons,and 1024 samples are input from the input layer at a time. Then 
there are 6 stacked residual modules that improve the feature extraction capability of the model and 
enable the model to better learn the representation of the data. Each residual module contains a fully 
connected layer with 2048 neurons and a shortcut connection, alleviating the problem of gradient 
disappearance in deep networks. For each fully-connected layer, we set an exit rate of 0.5. This means 
that 50% of the neurons in each fully connected layer will be randomly excluded during training. This 
technique forces the network to learn more robust features and reduces overfitting to the data. Finally, 
there is an output layer with one neuron, using Sigmoid as the activation function. 

Throughout the network, we use the Adma optimizer to optimize the parameters and the 
performance of the network.We use binary cross entropy as the loss function with the following 
equation: 

      wlyyyy
N

i
iiii 2

1

ˆ1log1ˆlog
N

1
-Loss  



                   (2) 

where N  is the number of all samples, iy is the true label of the sample, and iŷ  is the probability 

that the sample is predicted to be a certain class. The regularization 2l and its coefficients   control 
the weights w while training the model, while detecting the limitations of the model space, thus 
avoiding overfitting [30]. 

 
(a) Deep residual network              (b) Deep residual network with Bayesian data prior  

Figure 2. Model Architecture Diagram. As shown in (a), the Deep residual network consists of 6 
residual blocks. As shown in (b), the Deep residual network with Bayesian data prior consists of a 

stack of 6 residual blocks with Bayesian prior layer. 
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4. Deep residual network with Bayesian data prior 

Bayesian data priors allow us to use additional prior knowledge to constrain the distribution of 
data learned by the model when training deep learning models. The deep residual network we 
constructed by adding a Bayesian data prior is shown in Figure 2(b).In this network, A represents the 
model parameters, while B represents the training data. By applying Bayes' theorem, we can calculate 
the posterior probability distribution of the model parameters given the training data. We assume that 
the data follow a Gaussian distribution, with the formula for the likelihood function being the product 
of individual Gaussian distributions over the training data. By incorporating a Bayesian data prior 
into the deep residual network, we are able to improve the model's generalization performance and 
reduce the risk of overfitting, ultimately leading to more accurate predictions. This approach has the 
potential to significantly enhance the performance and applicability of deep learning models in a wide 
range of applications.  

  





 Ip


 1

,0                             (3) 

where   denotes the model parameters,   is the accuracy parameter of the prior distribution. 
 I1,0    denotes the Gaussian distribution, where 0 denotes the mean vector and I1-  denotes 

the covariance matrix. We then use Bayes' theorem to calculate the posterior probability distribution 
with the following equation: 

            wpwDpDwpwpwDpDwp  ,,               (4) 

where D  denotes the training data and  wDp  is the likelihood function, which denotes the 

probability of occurrence of the training data given the model parameters, and  wp  is the prior 

distribution. This approach enables us to train the deep residual network with more a priori knowledge 
and accelerate the convergence of the model. In addition, by controlling the precision parameter 
of the prior distribution, we can control the flexibility of the model in order to avoid overfitting. At 
the same time, this approach also enables to obtain the posterior distribution of the model parameters, 
so as to give an estimate of the uncertainty of the model parameters. This is important for practical 
applications in risk assessment and decision making. 

After preprocessing and normalizing the original features, each sample has 30 features. The input 
layer of the network consists of 30 neurons, and the dimension of the input data is 1024*30. Next are 
six residual modules with Bayesian data prior. The residual modules with Bayesian data prior are 
added not only to better learn the statistical features of the data, but also to enable the model to 
generalize better to new data. The Bayesian prior layer has 2048 neurons per layer, and a dropout rate 
of 0.2 is set for each layer, which alleviates the model overfitting problem. The activation function 
and output layer are the same as the deep residual model. 

5. Results 

Data and data processing. MIMIC-III contains a total of 58,976 samples, the number of surviving 
samples is 5,854 and the number of dead busy samples is 53,122, each of which contains 28 features. 
The redundant feature hadm_id is removed first. Features LOSdays, LOSgroupNum, which are 
indirect representations of the target variables, are also removed directly in order to prevent the model 
from exaggerating its generalization error due to label leakage. The features AdmitDiagnosis, 
AdmitProcedure, marital_status, ethnicity, religion, and insurance are all unrelated to the patient's 
condition, so they are also removed directly. Also, the label column ExpiredHospital was removed 
from the feature matrix. Three features in the dataset gender, admit_type and admit_location were 
categorical features, and we used to convert the categorical features to numbers using one-hot 
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encoding. Further, the feature matrix is normalized. The dataset was randomly divided into training 
and validation sets in the ratio of 7:3, with 41,283 training samples and 17,693 test samples. 

Machine learning model prediction results. We chose four machine learning models: 
SGDclassifier, KNearestNeighbors, DecisionTreeClassifier, GaussianNB as the baselines.  

 

Table 2. Comparison of the performance of each prediction model 

Methods precision recall accuracy 1F
 AUC 

Deep residual network 0.8116 0.5082 0.9392 0.6430 0.7750 
Deep residual network with Bayesian data prior 0.6910 0.5899 0.9329 0.6360 0.7800 

SGDclassifier 0.7831 0.3789 0.9277 0.5107 0.6500 
KNearestNeighbors 0.7458 0.4243 0.9282 0.5409 0.7040 

DecisionTreeClassifie 0.4841 0.5094 0.8970 0.4964 0.7220 
GaussianNB 0.4045 0.6591 0.8693 0.5013 0.7760 

 

 
(a) The training and validation accuracy curves      (b) The training and validation loss curves of 

        of deep residual networks                residual networks with Bayesian data prior 

 
(c) ROC curve of deep residual network          (d) ROC curve of deep residual networks  

with Bayesian data prior 

Figure 3. Plot of performance improvement of model training process and ROC curve 

 
From Table 2, our proposed method significantly outperforms the machine learning method in all 

metrics, with 3.64% higher precision and 18.88% higher F1 compared to the best performing machine 
learning method. 

The prediction results of the deep residual network. The activation function of the model 
constructed is the relu function, the activation function of the output layer is the sigmoid function, 
and the learning rate lr=0.001. The accuracy of the training process is shown in Figure 3(a), which 
shows that the accuracy of the training and validation sets starts to rise rapidly with the increase of 
Epochs, gradually leveling off, and finally fluctuates around 0.9350.  
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Deep residual network with Bayesian data prior added. The Bayesian prior is added to the residual-
based deep learning network. The accuracy of the model during training is shown in Figure 3(b), 
where the accuracy of the training and validation datasets fluctuates up with the increase of Epochs, 
gradually leveling off around 0.9300 finally.  

Ablation experiment. After removing the Bayesian prior module, the recall of the model decreases 
by 16.08%, and after further removing the residual connection, the recall of the model further 
decreases by 11.72%. Thus, the effectiveness of our method is verified. 

6. Discussion 

The aim of this study was to monitor the organ system status of sepsis patients in ICU patients by 
survival. We predicted the survival of patients with sepsis with an accuracy of 0.9392 for the deep 
residual network and 0.9329 for the deep residual network with the addition of a Bayesian data prior. 
This indicates that our model can predict the survival of patients with sepsis more accurately. 

While previous studies have focused only on the probability of having sepsis and the prognosis of 
sepsis patients, our study focuses more on how health care professionals can play a greater role in 
patient treatment by understanding the patient's condition better. Also, our model incorporates 
historical information about the patient, such as gender and age, and the model has improved in 
predicting the survival of the patient. The feature extraction capability of deep learning is also better 
than machine learning. However, the interpretability of the models of deep learning is poor. 

We innovatively constructed a system for predicting the survival rate of sepsis patients based on 
deep learning methods, mainly using patients' historical information and noninvasive features, which 
is helpful to reduce the trauma during patient treatment, improve the efficiency of treatment, and has 
significant implications for treatment decisions with patients. 

In future studies, we suggest replacing other network structures, e.g., densely connected 
convolutional networks, to further increase the learning ability of features and improve prediction 
efficacy. In addition, we also suggest to validate our model on more hospital datasets to ensure the 
generalization performance of the model. 

7. Conclusion 

The deep residual network and the deep residual network incorporating Bayesian data prior 
demonstrated excellent performance in predicting the survival rate of sepsis patients, with their 
accuracy of 0.9392 and 0.9329, respectively. The methods proposed will help doctors understand the 
patients' conditions, facilitating them to develop treatment plans that are more suitable for the patients' 
conditions and more beneficial to their prognosis. However, our models only used the MIMIC-III 
dataset, which is a single source of data without using external datasets for validation. In the future, 
we will use external data for validation to enhance its persuasiveness. 

References 
[1] Singer, Mervyn., Deutschman, Clifford S., Seymour, Christopher Warren., Shankar-Hari, Manu., & 

Annane, Djillali. (2016). The Third International Consensus Definitions for Sepsis and Septic Shock 
(Sepsis-3). JAMA, 315(8), 801-10. 

[2] Rhodes, Andrew., Evans, Laura E., Alhazzani, Waleed., Levy, Mitchell M., & Antonelli, Massimo.. 
(2017). Surviving Sepsis Campaign: International Guidelines for Management of Sepsis and Septic Shock: 
2016. Critical care medicine, 45(3), 486-552. 

[3] Zargoush, Manaf., Sameh, Alireza., Javadi, Mahdi., Shabani, Siyavash., & Ghazalbash, Somayeh. (2021). 
The impact of recency and adequacy of historical information on sepsis predictions using machine 
learning. scientific reports, 11(1), 20869. 

[4] Moreno-Torres, Víctor., Royuela, Ana., Múñez, Elena., Ortega, Alfonso., & Gutierrez, Ángela.. (2021). 
Better prognostic ability of NEWS2, SOFA and SAPS-II in septic patients. Medicina clinica. 



Highlights in Science, Engineering and Technology AICT 2023
Volume 56 (2023) 
 

146 

[5] Islam, Md Mohaimenul., Nasrin, Tahmina., Walther, Bruno Andreas., Wu, Chieh-Chen., & Yang, Hsuan-
Chia.. (2018). Prediction of sepsis patients using machine learning approach: A meta-analysis. Computer 
methods and programs in biomedicine, 170. 

[6] Delahanty, Ryan J., Alvarez, JoAnn., Flynn, Lisa M., Sherwin, Robert L., & Jones, Spencer S.. (2019). 
Development and Evaluation of a Machine Learning Model for the Early Identification of Patients at Risk 
for Sepsis. Annals of emergency medicine, 73(4), 334-344. 

[7] Wang, Dong., Wang, Dong., Wang, Dong., Li, Jinbo., & Li, Jinbo.. (2021). A Machine Learning Model 
for Accurate Prediction of Sepsis in ICU Patients. Frontiers in public health, 9. 

[8] Singh, Yash Veer., Singh, Pushpendra., Khan, Shadab., & Singh, Ram Sewak.. (2022). A Machine 
Learning Model for Early Prediction and Detection of Sepsis in Intensive Care Unit Patients. Journal of 
healthcare engineering, 2022, 9263391. 

[9] Goh, Kim Huat., Wang, Le., Yeow, Adrian Yong Kwang., Poh, Hermione., & Li, Ke.. (2021). Artificial 
intelligence in sepsis early prediction and diagnosis using unstructured data in healthcare. Nature 
communications, 12(1), 711. 

[10] Guo, Fei., Zhu, Xishun., Wu, Zhiheng., Zhu, Li., & Wu, Jianhua.. (2022). Clinical applications of machine 
learning in the survival prediction and classification of sepsis: coagulation and heparin usage matter. 
Journal of translational medicine. 

[11] Zhang, Dongdong., Yin, Changchang., Yin, Changchang., Hunold, Katherine M., & Jiang, Xiaoqian.. 
(2021). An interpretable deep-learning model for early prediction of sepsis in the emergency department. 
Patterns (New York, N.Y.), 2(2), 100196. 

[12] Zargoush, Manaf., Sameh, Alireza., Javadi, Mahdi., Shabani, Siyavash., & Ghazalbash, Somayeh.. (2021). 
The impact of recency and adequacy of historical information on sepsis predictions using machine 
learning. Scientific reports, 11(1), 20869. 

[13] Aşuroğlu, Tunç., & Oğul, Hasan.. (2020). A deep learning approach for sepsis monitoring via severity 
score estimation. Computer methods and programs in biomedicine, 198. 

[14] Kwon, Joon-Myoung., Kwon, Joon-Myoung., Kwon, Joon-Myoung., Kwon, Joon-Myoung., & Lee, Ye 
Rang.. (2021). Deep-learning model for screening sepsis using electrocardiography. Scandinavian journal 
of trauma, resuscitation and emergency medicine, 29(1). 

[15] Rafiei, Alireza., Rezaee, Alireza., Hajati, Farshid., Gheisari, Soheila., & Golzan, Mojtaba.. (2020). SSP: 
Early prediction of sepsis using fully connected LSTM-CNN model. Computers in biology and medicine, 
128. 

[16] Lv, Yi., & Huang, Zhijia.. (2022). Account of Deep Learning-Based Ultrasonic Image Feature in the 
Diagnosis of Severe Sepsis Complicated with Acute Kidney Injury. Computational and mathematical 
methods in medicine, 2022, 8158634.  

[17] Mekruksavanich, Sakorn., Jitpattanakul, Anuchit., & Jitpattanakul, Anuchit.. (2022). Deep Residual 
Network for Smartwatch-Based User Identification through Complex Hand Movements. Sensors (Basel, 
Switzerland), 22(8). 

[18] Han, Yongming., Cao, Lian., Geng, Zhiqiang., Ping, Weiying., & Zuo, Xiaoyu.. (2022). Novel economy 
and carbon emissions prediction model of different countries or regions in the world for energy 
optimization using improved residual neural network. The Science of the total environment. 

[19] Li, Juan., Wang, Baoxiang., Cui, Xuerong., Li, Shibao., & Liu, Jianhang.. (2022). Underwater Acoustic 
Target Recognition Based on Attention Residual Network. Entropy (Basel, Switzerland). 

[20] Pan, Jinghui., Qu, Lili., & Peng, Kaixiang.. (2022). Deep residual neural-network-based robot joint fault 
diagnosis method. Scientific reports. 

[21] Zhang, Zhao., Tang, Zemin., Wang, Yang., Zhang, Zheng., & Zhan, Choujun.. (2021). Dense Residual 
Network: Enhancing global dense feature flow for character recognition. Neural networks : the official 
journal of the International Neural Network Society, 139, 77-85.  

[22] Bao, Yin-Xin., Cao, Yang., Cao, Yang., Shen, Qin-Qin., & Shi, Quan.. (2022). Global-Local Spatial-
Temporal Residual Correlation Network for Urban Traffic Status Prediction. Computational intelligence 
and neuroscience, 2022, 7344522. 

[23] Wang, Pei., Wang, Pei., Wang, Pei., Wang, Pei., & Luo, Fan.. (2022). S-ResNet: An improved ResNet 
neural model capable of the identification of small insects. Frontiers in plant science. 



Highlights in Science, Engineering and Technology AICT 2023
Volume 56 (2023) 
 

147 

[24] Milanés-Hermosilla, Daily., Trujillo-Codorniú, Rafael., Trujillo-Codorniú, Rafael., Lamar-Carbonell, 
Saddid., & Sagaró-Zamora, Roberto.. (2023). Robust Motor Imagery Tasks Classification Approach 
Using Bayesian Neural Network. Sensors (Basel, Switzerland). 

[25] Joshi, Prasoon., & Dhar, Riddhiman.. (2022). EpICC: A Bayesian neural network model with uncertainty 
correction for a more accurate classification of cancer. Scientific reports. 

[26] Kim, QHwan., Ko, Joon-Hyuk., Kim, Sunghoon., Park, Nojun., & Jhe, Wonho.. (2021). Bayesian neural 
network with pretrained protein embedding enhances prediction accuracy of drug-protein interaction. 
Bioinformatics (Oxford, England). 

[27] Shi, Lei., Copot, Cosmin., & Vanl&uit, Steve.. (2021). A Bayesian Deep Neural Network for Safe Visual 
Servoing in Human-Robot Interaction. Frontiers in robotics and AI, 8. 

[28] Johnson, Alistair E W., Pollard, Tom J., Shen, Lu., Lehman, Li-Wei H., & Feng, Mengling.. (2016). 
MIMIC-III, a freely accessible critical care database. Scientific data, 3, 160035. 

[29] Mahmud, F., Khudzari, A.Z.M., Pau, C.P., Ramli, M.F., Jaffar, N., Gaaffar, I.F. (2022). Pre-assessment 
of Machine Learning Approaches for Patient Length of Stay Prediction. In: Mustapha, A.B., Shamsuddin, 
S., Zuhaib Haider Rizvi, S., Asman, S.B., Jamaian, S.S. (eds) Proceedings of the 7th International 
Conference on the Applications of Science and Mathematics 2021. Springer Proceedings in Physics, vol 
273. Springer, Singapore. https://doi.org/10.1007/978-981-16-8903-1_32 

[30] Liu, Junxiu., Li, Mingxing., Luo, Yuling., Yang, Su., & Li, Wei.. (2021). Alzheimer's disease detection 
using depthwise separable convolutional neural networks. Computer methods and programs in 
biomedicine, 203, 106032. 


