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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
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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:

F(onl):xm'xz (1)

It is called the residual function, which represents the difference between the input and output, a
W, is the parameter of the residual block, X, is the input of the current layer, X,,; 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 X;, and the correction magnitude is

F (X,, W,) 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
. the patient's identification number for each
hadm_id oo
- hospitalization

Marital_status, ethnicity, gender,
religion, insurance, age, insurance
NumCallouts, NumDiagnosis,
NumProcs, NumCPTevents,
NumlInput, NumLabs,
NumMicroLabs, NumNotes,
NumOutput, NumRx,
NumProcEvents, NumTransfers,
NumChartEvents, TotalNumlInteract

LOSdays, LOSgroupNum

admit_type, admit_location

patient demographics

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

patient length of stay in numerical and categorical data
describes the type of admission, provides information about the
patient's location prior to arrival at the hospital
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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:

1 & « N
Loss = 'EZ b}i -log y, +(1—yi)-log(1—yi)]+/1~lz(w) (2)
i-l

where N is the number of all samples, ¥, is the true label of the sample, and J; is the probability

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

p(a)|a):N(a)0,élj 3)

where @ denotes the model parameters, & is the accuracy parameter of the prior distribution.
N(a)

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

0,071 ) denotes the Gaussian distribution, where 0 denotes the mean vector and '/ denotes

(D, a)oc p(Dlw)p(wer)p(wD.er)oc p(Dlw)p(nla) 4

where D denotes the training data and p(D|W) is the likelihood function, which denotes the

probability of occurrence of the training data given the model parameters, and p(Wla ) 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 K 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
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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 1r=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.
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