Ngoc Anh Phung Thi, Anh Thu Pham, Minh Tuan Nguyen

BIOMARKER SELECTION FOR
PEDIATRIC SEPSIS DIAGNOSIS USING
DEEP LEARNING

Ngoc Anh Thi Phung, Anh Thu Pham, Minh Tuan Nguyen
Posts and Telecommunications Institute of Technology

Abstract—This study proposes a new approach for
diagnosing pediatric sepsis that utilizes a convolutional
neural network and a combination of 7 immune-related
genes (IRGs), including CD24, TTK, PRG2, CLECT7A,
CCL3, TNFAIP3, and CCRL2. A three-layer gene
selection process involves a sequential procedure that
combines differential gene expression analysis, selection
of immune-related genes, and gene score calculation using
the F-score algorithm. This process identifies the most
informative differentially expressed genes, followed by the
utilization of a deep learning model to determine the
optimal gene combination. The performance of the
proposed algorithm is evaluated using a 3-fold cross-
validation procedure with deep learning models. The
results show that the selected gene combinations achieve
an accuracy of 91.92% and an area under the ROC curve
of 87.86%, indicating that the proposed algorithm is
reliable for predicting pediatric sepsis mortality.
Additionally, the identification of a signature consisting of
7 IRGs associated with pediatric sepsis mortality has the
potential to aid in the development of dependable
diagnostic and prognostic biomarkers for sepsis.

Keywords— Pediatric sepsis, Differential expression
gene, Immune-related genes, Gene selection, Deep
learning.

[. INTRODUCTION

Sepsis is characterized by elevated rates of morbidity
and mortality, stemming from an imbalanced inflammatory
response of the host to infection [1]. Septic shock is a
severe form of sepsis in which the blood pressure drops to
dangerously low levels, causing organ failure and
potentially leading to death [2]. Pediatric sepsis is a critical
condition that occurs when the body’s immune system
responds excessively to an infection, leading to organ
failure and a life-threatening condition [3]. It is a major
global public health problem and one of the leading causes
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of death in critically ill children admitted to the intensive
care unit (ICU) [4]. Despite the significant progress made
in the diagnosis and treatment of sepsis, the number of
cases is still increasing [5], [6]. Besides,there have been
efforts to stratify the risk of sepsis, particularly in children,
it remains a challenge due to the considerable variability
among patients and the inadequate definitions of sepsis in
pediatric populations that currently exist [7]. This
highlights the urgent need to gain a deeper understanding.
Ongoing research efforts are necessary to identify more
sensitive and specific targets for the diagnosis and
treatment of sepsis, particularly pediatric sepsis and septic
shock, as the complexities of this condition require a
comprehensive approach to ensure effective management
and prevention. Early warning and accurate prediction on
pediatric sepsis and septic shock provide opportunities for
physicians to take preventative measures to alleviate its
devastating consequences.

The molecular-level diagnosis and prognostic detection
of diseases has become a prevailing trend, and researchers
studying sepsis have also widely adopted this approach [8].
Recently advancement of multi-omics sequencing
technologies has resulted in an increase in the number of
genetic biomarkers available. To better understand the
genes, RNA, and proteins involved, researchers are
increasingly analyzing and testing single or combined
biomarkers. Various strategies have been employed to
uncover these biomarkers, such as massspectrometry,
protein arrays, and gene-expression profiling. It has also
been observed that the development of pediatric septic
shock involves the participation of multiple genes and
immune system-related pathways [9]. Differential
expression (DE) analysis of transcriptomic data allows for
the study of gene expression changes associated with
specific biological conditions across the entire genome.
Typically, this analysis generates a large list of genes that
exhibit differential expression between two or more
groups. These identified differential expression genes
(DEGS) can be subject to further downstream analysis to
gain additional biological insights, such as identifying
enriched functional pathways or gene ontologies.
Additionally, DEGs are considered as candidate
biomarkers, and a smaller subset of DEGs may be
identified as potential biomarkers using either data-driven
or biological knowledge-based approaches [9], [10].
Immune-related genes (IRGs) are a group of genes that
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play important roles in the immune system’s response to
infection, inflammation, and other immunerelated
processes, have been used as biomarker for diagnosis and
prognostic signatures for various types of cancer,
exhibiting high sensitivity and specificity [11]. Recent
studies have shown that using IRGs to diagnose sepsis can
significantly improve the accuracy of the diagnostic
method [5], [11].

Gene selection is crucial for reducing data

dimensionality and improving prediction efficiency. The
authors of studies in[10], [12] utilized a two-layer gene
selection approach that combined DEGs analysis with
feature selection using machine learning techniques to
identify potential genes and enhance prediction accuracy
with a limited gene dataset. In [10], 10 genes were selected,
resulting in an accuracy of 87.06% and an AUC of 89%. In
[12], 9 genes were selected, resulting in an accuracy of
91.79% and an AUC of 85.66%. In other studies,
researchers utilized IRGs and machine learning (ML)
methods for gene selection, as seen in studies such as [5],
[11]. In our work, we propose a novel three-layer gene
selection approach that integrates DEGs, IRGs, and F-
score based on deep learning (DL) to identify the optimal
gene combination, and therefore enhance the performance
of mortality prediction in pediatric sepsis.
ML has become an increasingly popular method for
detecting and predicting biomarkers in recent years [13]. A
study conducted previously demonstrated that ML
algorithms can accurately predict the onset of sepsis in an
ICU patient between 4-12 hours prior to clinical
recognition based on medical data [14]. Additionally,
various ML techniques have been utilized in other studies
to predict patient outcomes in cases of sepsis [10], [12],
[15]. Although, DL algorithms have demonstrated
significant success in healthcare, such as biomedical signal
processing. However, the application of DL in the field of
infection detection, particularly sepsis diagnosis, has not
been extensively explored. This may be due to the complex
and multifactorial nature of sepsis, which involves various
physiological and molecular processes. Nevertheless,
recent studies [16], [17] have shown the potential of DL
models in predicting sepsis onset and identifying sepsis
biomarkers using various types of data, such as clinical,
genomics, and metabolomics data. These studies suggest
that DL algorithms have promising applications in the field
of sepsis diagnosis and management. Further research is
needed to fully understand the potential and limitations of
DL in this area and to develop more accurate and effective
models for sepsis diagnosis and treatment. Therefore, the
aim of this study is to identify diagnostic biomarkers genes
for sepsis using DL.

In our work, a novel diagnostic algorithm for pediatric
sepsis that combines 7 IRGs using convolution neural
network (CNN) algorithm is introduced. To identify the
most relevant gene combinations, we use three-layer gene
selection. Firstly we employ a sequential gene selection
procedure, also known as DEGs, which identifies a subset
of genes that are most informative for sepsis diagnosis;
then these genes are then filtered out for IRGs; finally the
most potential IRG combinations are selected based on DL
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models to validate the gene combinations ranked by F-
score algorithm. Besides, the performance of the DL model
using the IRGs is estimated through the 3-fold CV method
on the validation set to increase reliability, making the
results more reliable for practical use in clinic
environments. The main contribution of this work:

* A novel three-layer gene selection selection, including
DEGs, IRGs, and DL models based on F-score
algorithm to identify optimal the number of genes, and
therefore enhance the performance of prediction
pediatric sepsis.

* Proposing a simple algorithm model and high predictive
efficiency for the mortality of pediatric sepsis.

» Proposing a subset of genes associated immune to
diagnosis pediatric sepsis mortality.

IIl. METHOD

The proposed method includes four steps shown in Fig.
1. The first step is to preprocess the gene dataset to
compute the gene expression levels and perform
differential expression analysis. After that the dataset is
split into two equal parts, 50% for training and 50% for
testing. In the second stage, we identify potential
biomarker genes through DEGs analysis and subsequently
filter the obtained gene list with immune-related genes.
The gene ranking process is implemented using the F-score
algorithm to identify the most effective gene combinations
for improving the diagnosis of pediatric sepsis. A variety
of gene combinations are generated and utilized as input
for the DL models in order to assess their performance.
Next, the third step is model validation and gene validation
to identify a the best gene combination and optimal DL
models to achieve the high accuracy of the diagnosis of
pediatric sepsis. In the last step, the selected gene
combination along with the optimal CNN and LSTM
models are then subjected to performance evaluation on the
testing data. The aim is to compare the performance of the
models and determine the best DL model that can be used
to propose an algorithm for diagnosing pediatric sepsis.

A. Data

The dataset we use in our work is GSE66099, which is
publicly available and sourced from six other GEO
databases [18]. The dataset included 276 unique patients,
including 47 healthy controls, 18 sepsis patients, 181 septic
shock patients, and 30 patients with systemic inflammatory
response syndrome (SIRS). The dataset consists of patients
who were included in six additional GEO datasets that
were previously published by Hector Wong [19] and the
Genomics of Pediatric SIRS and Septic Shock
Investigators. This comprehensive dataset comprises all
distinct patients from GSE4607, GSE8121, GSE9692,
GSE13904, GSE26378, and GSE26440.

In this paper, we only use the dataset involving
pediatric patients classified as sepsis and septic shock. The
dataset contains expression profiles of about 10,596 genes
from 199 children. Among the 199 pediatric patients, 28
did not survive within 24 hours of admission to the ICU.
All samples were saved in CEL format and renormalized
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using the R package affy’s gcRMA method [20]. We
downloaded probe-to-gene files from GEO and calculated
the gene expression level by taking the mean. It is
noteworthy that the number of patients is relatively small,
which results in equal amount of training and testing
datasets to ensure sufficient number of survivals and non-
survivals in both datasets.
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Figure 1. Method diagram
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B. Identification differential expression genes

The gene dataset uses DE analysis, where the genes are
tested individually for expression differences between
conditions. The fold change is calculated and used as a
crucial factor to distinguish between survivors and
nonsurvivors.  Specifically, non-surviving  samples
exhibited higher expression levels of up-regulated genes
than surviving samples. To implement DEG analysis in this
study, we utilized the R package as the simulation tool and
employed the ’limma’ package of R with the
BenjaminiHochberg (BH) correction method [21] to
identify DEGs. Additionally, the screening criteria for
DEGs were adjusted P-value < 0.05 and log fold change
(LogFC) > 1.5 to select representative DEGs for pediatric
sepsis patients who either survived or did not survive [10].
The selection of a P-value threshold of 0.05 and a LogFC
threshold of 1.5 in the identification of DEGs is grounded
in statistical and biological relevance. It represents the
probability of obtaining observed results, or more extreme
results, under the null hypothesis. The logFC threshold of
1.5, on the other hand, reflects a practical determination of
biological significance. This threshold ensures that only
genes with a substantial magnitude of expression change
are considered, aiding in the focus on alterations that are
likely to be biologically meaningful.
C. Immune-related genes

IRGs are considered as potential biomarkers due to the
association of sepsis with the immune system. These genes
have been used in numerous studies related to pathogen
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infection and host response. A total of 770 IRGs were
gathered from the nanosString database
(www.nanoString.com), which has been utilized in
numerous studies involving pathogen infection and the
host response. Following the completion of the DEG
analysis, we compared the genes identified as DEGs with
this gene database of 770 IRGs to select immune genes.

D. Gene selection method

The selection of genes crucial for realizing biomarker
potential in diagnosing sepsis poses a challenge. Therefore,
we propose a novel three-layer gene selection approach,
utilizing a sequential gene selection method to identify
informative genes for sepsis diagnosis. This step aims to
identify a set of genes related to the outcome of interest and
identify small sets of genes suitable for diagnostic purposes
in clinical practice. The three-layer gene selection includes
DEGs to identify a subset of genes that are most
informative for sepsis diagnosis, IRGs and gene validation
based on DL model to validate the the gene combinations
ranked by the Fscore algorithm. Also known as the Fisher
score, this algorithm evaluates individual features in a
dataset, measuring of the discriminatory power of each
feature in distinguishing between two classes. The
calculation involves both between-class and within-class
variance.

E. Deep learning models

In order to optimize the LSTM and CNN models, their
parameter structures are fine-tuned on the training set.
Essential for avoiding overfitting and identifying the best
models, hyperparameter tuning is carried out through an
iterative process that optimizes external configuration
settings, or hyperparameters. These hyperparameters,
distinct from parameters learned during training,
significantly impact a model’s effectiveness. For CNNss,
hyperparameters include the learning rate, batch size, and
architecture-specific parameters such as the number of
convolutional layers, filter sizes, and pooling strategies. In
the case of LSTMs, tuning focuses on parameters like the
learning rate, batch size, and LSTM-specific parameters
such as the number of hidden units, the number of layers,
and the dropout rate for regularization. The structure and
parameters of CNN and LSTM models are shown in Table
1 and 2. Furthermore, the performance of the selected
model is assessed on the validation set. To determine the
optimal values for the model parameters, a combination of
grid search and the 3-folds CV method is utilized in this
study.

Convolutional Neural Networks: The neurons are a
crucial component of the CNN, as they form the layers that
make up the network. These neurons are arranged in three
dimensions: the height and width of the input (known as
the spatial dimensionality), as well as the depth. The CNN
is composed of several layers, including the input layer,
convolutional layer, rectified linear unit layer, pooling
layer, fully connected layers, and output layer.
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Table 1: The structure of CNN and LSTM models

Model Layer Number

Convolutional layer 6
Relu
Max pooling

CNN

Fully connected

Softmax
LSTM layer
Batch Normalization

LSTM Drop out

Fully connected

RPN P WW|IL, NP

Softmax

Table 2: Parameters of CNN and LSTM models

Model Parameter Value
Learning rate 0.001
Epoch 200
CNN, 3
Batchsize 100
LSTM
Optimizer sgdm
Momentum 0.95

1) Input layer: The preprocessed gene data is arranged
as the input, which is then fed into the CNN.

2) Convolutional layer: It applies a set of filters, also
known as kernels, to the input data. The filters convolve
over the input data by performing a dot product operation
between the filter weights and the corresponding input. The
result of this computation determines the output of the
neurons.

3) Rectified linear unit (ReLU): This is an activation
function that is commonly used to transform the output of
the previous layer. It is designed to be a more efficient
activation function than the sigmoid function.

4) Pooling layer: In a CNN, the pooling layer is
responsible for down-sampling the input data along its
spatial dimensionality, thereby reducing the number of
parameters in the activation. It accomplishes this by
applying a fixed function over a sliding window of the
input, such as taking the maximum or average value of the
window. This results in a smaller output size compared to
the input size, making it easier to process by subsequent
layers.

5) Fully-connected layer: A fully-connected layer aims
to produce class scores based on the activation obtained
from the previous layer. This layer is used for classification
purposes. To improve performance, ReLu can be added
between the fully-connected layers.

6) Output layer: The output layer of the CNN includes
both the Softmax and classification layers in which the
former represents the probability distribution of a
particular class assigned by the corresponding unit in
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classification and the later identifies the output as survival
or non-survival, respectively.

Long Short-Term Memory: The problem of vanishing
gradients, which occurs during the learning of long-term
dependencies, even when the time lags are quite long, is a
major issue. However, the LSTM model is an effective
solution to address this problem. To prevent this issue, a
constant error carousel is used that keeps the error signal
within each cell of the unit. The LSTM architecture
consists of a series of recurrently connected sub-networks,
called memory blocks, which maintain state over time and
regulate the flow of information through non-linear gating
units. The output of the block is connected back to the input
of the block, as well as to all of the gates.

F. Performance evaluation

The DL models’ diagnosis performance using various
gene combinations is evaluated based on different
measured parameters, including accuracy (Acc), sensitivity
(Se), specificity (Sp), Matthews correlation coefficient
(Mcc), and area under the curve (AUC). The Acc
parameter indicates the number of correctly identified
pediatric patients. Se and Sp measure the number of
correctly detected deaths and survivals due to sepsis,
respectively. The Mcc measures the discrepancy between
predicted and actual patients. Additionally, the AUC
parameter evaluates the DL classifier’s ability to
differentiate between pediatric deaths and survivals caused
by sepsis.

lll. SIMULATION RESULTS

A. Differentially expressed genes, Immune-related gene
and Gene ranking
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Figure 2. The scatter plot of p-value and log fold change
for 108 DEGs

By applying a threshold of absolute log fold change
LogFC 1.5 and p-value 0.05, 108 genes were identified as
DEGs from 10596 genes of septic pediatric patients who
survived and those who did not shown in Fig. 2. From 108
genes we matched with 770 IRGs, we got 12 genes,
namely: CD24, TTK, PRG2, CLEC7A, CCL3, TNFAIP3,
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CCRL2, TFRC, STAT4, CCL20, CCR2, EBI3 that are
related to the immune system.

The dataset consists of 12 genes obtained from IRGs
that are normalized and preprocessed. The F-score
algorithm is used to score the genes in the training dataset,
and the corresponding score values are shown in Fig. 3.
The genes are ranked in descending order according to
their score values. A total of 12 gene combinations are
generated, each combination consisting of a variable
number of genes ranging from 1 to 12. The first gene
combination is created from the gene with the highest
score. In the second gene combination includes genes that
are arranged with the first ranked score and the second
ranked gene. Similarly to the 12th gene combination, there
are 12 genes.

CD24
TTK
PRG2
CLECT7A
CCL3
TNFAIP3
CCRL2
TFRC
STAT4
CCL20
CCR2
EBI3

Immune-related gene

0 0.05 0.1 0.15 02 0.25 0.3 0.35
Score

Figure 3. 12 immune-related gene ranked by F-score
algorithm.

B. Gene validation and Model validation

In this stage, we trained and validated the models using
the entire dataset via 3-fold CV. Because the gene dataset
is relatively small, we validate the gene combinations using
the entire dataset. The dataset is randomly divided into 3
folds, with 2 folds used for training the DL models and the
remaining fold use for testing. This 3-fold CV process is
repeated 3 times to complete a comprehensive procedure.
The mean diagnostic performance of the DL models is then
calculated for analysis and comparison. The selection of
the optimal gene combinations is based on the highest
performance of the corresponding DL models, which use
these gene combinations as input for diagnosing pediatric
sepsis. CNN and LSTM are employed to assess the
diagnostic performance of various gene combinations in
pediatric sepsis. we use different gene combinations in 3-
fold CV on both CNN and LSTM models. The
corresponding gene combination is used to evaluate the
performance of each DL algorithm, and the metric score is
calculated and analyzed. Specifically, each DL model is
evaluated using 12 gene combinations. Based on the results
of the DL models, we select the algorithm with the highest
metric mean score, along with its corresponding gene
combination, as the most effective algorithm and feature
combination for the diagnosis model. Table 3 shows the
highest validation performance results of the individual DL
models. In the two DL models, the CNN model achieved
the highest mean validation performance score using a
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combination of 7 genes, including CD24, TTK, PRG2,
CLECT7A, CCL3, TNFAIP3, CCRL2 which is a relatively
small number of genes.

Table 3: The highest validation performance of the DL models
on the entire dataset

DL Number Acc Se Sp Mcc AUC
model | of genes | (%) (%) | (%) (%) (%)
CNN 7 91.92 33.33 | 96.72 46.67 87.86
LSTM 7 83.84 20 89.07 12.38 61.31

Table 4: The performance of diagnosis pediatric sepsis on the
testing set using DL models

DL model | Acc (%) | Se (%) | Sp (%) | Mcc (%) |AUC (%)
CNN 91.92 33.33 96.72 46.67 87.86
LSTM 83.84 20 89.07 12.38 61.31

Table 5: Confusion matrix of CNN/LSTM models on testing set
based on gene combinations

Predicted | Survival Mortality
Actual
Survival 81/82 4/3
Mortality 5/12 9/2

C. Model testing

The proposed algorithm for diagnosing pediatric sepsis
using DEGs and IRGs involves training and testing
different DL models with the optimal gene combinations.
The performance of each model is evaluated on the training
and testing set using the selected gene combinations. The
algorithm identifies the final gene combination and
corresponding DL model that exhibits the highest
diagnosis performance on the testing set. This approach
allows for the development of an effective and accurate
diagnosis method for pediatric sepsis using differential
expression genes and DL models.The performance of DL
models on the testing set is shown on Table 4, 5, where
Table 4 shows the testing results of those models using
different gene combinations and Table 5 shows the
confusion matrix of different DL models on the testing set
using the selected gene combinations.

IV. DISCUSSION

In this study, we propose an efficient three-layer gene
selection method for selecting potential biomarkers to
increase the accuracy of predicting mortality in pediatric
septic patients. Indeed, in papers [10], [12], [5], [11], [22],
by applying two-layer gene selection, they selected a small
set of genes with potential to increase the efficiency of
predicting the mortality rate of sepsis. In our work, a three-
layer gene selection is proposed including DEGs, IRGs and
gene validation based on DL models to valid gene
combinations ranked by F-score algorithm.

DE analysis is a common method used to examine gene
expression profiles and understand the underlying
biological mechanisms of complex diseases. The analysis
of gene expression data can be beneficial for predicting
sepsis in pediatric patients. This type of data offers a wealth
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of information that can be utilized to identify significant
biomarkers and genetic pathways linked to sepsis. Gene
expression profiles are typically highdimensional, with
tens of thousands of genes and high correlations between
them. Therefore, DE analysis tools often identify hundreds
of highly correlated genes. In this work, from an original
gene dataset of 10,596 genes, a subset of 108 genes is the
outcome of DEGs analysis. The DE analysis is used to
eliminate irrelevant genes, which contribute insignificantly
to the diagnosis of pediatric sepsis. Molecular biomarkers
have been recognized as noninvasive clinical tools that can
provide objective predictions or evaluations of disease
status and progression. The immune system’s regulation of
response and function has been shown to be crucial in the
development and advancement of sepsis [11]. Study [23]
demonstrated that certain genes linked with innate immune
response could be utilized to predict the prognosis and
diagnosis of children with clinical sepsis and were found to
have promising clinical efficacy. Moreover, sepsis is a
disease closely associated with the immune system of
patients, so IRGs are being considered as potential
biomarkers. Therefore, in our work we filter out 12 IRGs
(namely CD24, TTK, PRG2, CLECT7A, CCL3, TNFAIP3,
CCRL2, TFRC, STAT4, CCL20, CCR2, EBI3) from 108
DEGs. To select the most potential IRGs, we used a set of
DL models to evaluate the genomes that were ranked by F-
score algorithm and combined into 12 combined gene sets.
Using LSTM and CNN to examine this data and
recognize crucial features can be used to diagnose sepsis.
LSTM is capable of capturing the temporal relationships in
gene expression data, which is usually recorded as a time
series with regular measurements over time. This makes
LSTM well-suited to modeling the changes in gene
expression over time that may indicate sepsis. On the other
hand, CNN is suitable for identifying significant features
in high-dimensional data, such as gene expression data.
With the use of convolutional layers, CNN can extract
patterns and motifs that are indicative of sepsis. Our study
used both LSTM and CNN models to diagnose pediatric
sepsis, and the results in Table 3,4, and 5 demonstrate this
approach. Obviously, the CNN model outperforms the
LSTM model in terms of diagnosis performance on the
entire gene dataset and on the testing set. Because the
convolutional layers of CNNs autonomously learn relevant
patterns and relationships within the DEG, providing a
powerful mechanism for discerning key genetic signatures
associated with sepsis. Additionally, the parameter sharing
property of CNNs allows them to efficiently identify
crucial features, contributing to improved generalization
on genomic datasets. While LSTMs are proficient in
modeling sequential dependencies, CNNs’ ability to
exploit spatial structures in gene data makes them
particularly well-suited for enhancing the accuracy and
interpretability of sepsis classification based on DEG.
Therefore, we propose an effective simple algorithm that
is the CNN model in combination with 7 IRGs selected
from three-layer gene selection, including CD24, TTK,
PRG2, CLEC7A, CCL3, TNFAIP3 and CCRL2, for
pediatric sepsis diagnosis. By using the 3-fold CV
procedure in both gene selection and model validation, this
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makes our results more reliable. A comparison between the
proposed algorithm and an existing method using two-
layer gene selection and ML models with a similar
GSE66099 dataset is presented in Table 6.

Table 6: Validation and testing performance comparison of the
proposed algorithm to existing works using the same GSE6609

data set
Ref No. Acc | Se | Sp [Mcc| AUC
genes | () | () | (%) | ) | (%)
Proposed algorithm on 7 91.92 |33.33(96.72|46.67| 87.86
validation set
[10] on validation set | 10 | 87.06 |55.00(93.00{50.00| 89.00
[12] on validation set 9 91.97 |57.33| 100 |69.73| 85.66
[12] on testing set 9 88.90 [28.57|98.82|43.59| 81.10
Proposed algorithm 7 90/91 (64.28|95.29|61.47| 91.60
on testing set

V. CONCLUSIONS

Our study proposes a novel approach for predicting
mortality in pediatric sepsis. This approach involves
utilizing a combination of a CNN model and a set of 7 IRGs
signature, specifically CD24, TTK, PRG2, CLECT7A,
CCL3, TNFAIP3, and CCRL2. The selection of these 7
marker genes was performed using a threelayer gene
selection, which is a sequential gene selection procedure
that involves identifying differential expression genes,
immune-related genes and gene validation utilizing deep
learning based F-score algorithm models to identify the
most optimal gene combinations. By applying this
approach, we were able to narrow down the list of potential
biomarkers from 10,569 genes to the most relevant set of 7
IRGs, which significantly improved the accuracy and
reliability of our mortality predictions.
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LUA CHON GENE NOI BAT NHAM NANG CAO
HIEU QUA CHAN POAN NHIEM TRUNG MAU
DUA TREN HQC SAU

Tém tir: Nghién ctru d& xuat mot phuong phap méi dé
chan doan nhiém tring mau ¢ tré em sir dung mo hinh
mang ludi than kinh tich chap CNN va sy két hop cta 7
gene lién quan dén mién dich (IRG), bao gdm CD24, TTK,
PRG2, CLEC7A, CCL3, TNFAIP3 va CCRL2. Bén canh
d6, nghién ctru ciing dé xuat quy trinh chon loc gen ba 16p
bao gém quy trinh tuan ty két hop phén tich biéu hién gen
khéc biét, sau d6 1a chon loc cac gene c6 lién quan dén mién
dich, cudi cung 14 tinh toan diém gene bang thuét toan F-
score dé xac dinh cac gen biéu hién khac biét co nhiéu
thong tin nhét, sau d6 su dung mo hinh hoc sau dé xac dinh
su két hop gene tdi wu. Hiéu suét cua thuat toan dé& xuét
dugc danh gia bang quy trinh xéac thuc chéo 3 lan véi cac
mo hinh hoc sau. Két qua cho thdy cac t6 hop gene duoc
chon dat d6 chinh xac 91.92% va dién tich dudi duong
cong ROC 1a 87.86%, cho thiy thuit toan dé xut la déng
tin cdy dé du doan ty 18 tir vong do nhidm tring méau & tré
em. Ngoai ra, viéc xac dinh dAu hiéu bao gém 7 IRG gene
lién quan dén ty 1é tir vong do nhiém tring méu & tré em c6
kha ning hd tro phat trién cac ddu 4n sinh hoc dé chan doan
va tién luong dang tin cdy cho bénh nhiém trung mau.

Tir khéa: Nhidm tring méau tré em, gene biéu hién khac
biét, gene mién dich, lya chon gene noi bat, hoc sau.
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