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ABSTRACT

Background/Aims: Hepatocellular carcinoma, a highly malignant tumor, is difficult to diagnose, treat, and predict the prognosis. Notch
signaling pathway can affect hepatocellular carcinoma. We aimed to predict the occurrence of hepatocellular carcinoma based on
Notch signal-related genes using machine learning algorithms.

Materials and Methods: We downloaded hepatocellular carcinoma data from the Cancer Genome Atlas and Gene Expression Omnibus
databases and used machine learning methods to screen the hub Notch signal-related genes. Machine learning classification was used
to construct a prediction model for the classification and diagnosis of hepatocellular carcinoma cancer. Bioinformatics methods were
applied to explore the expression of these hub genes in the hepatocellular carcinoma tumor immune microenvironment.

Results: We identified 4 hub genes, namely, LAMA4, POLA2, RAD51, and TYMS, which were used as the final variables, and found that
AdaBoostClassifie was the best algorithm for the classification and diagnosis model of hepatocellular carcinoma. The area under curve,
accuracy, sensitivity, specificity, positive predictive value, negative predictive value, and F1 score of this model in the training set were
0.976, 0.881, 0.877, 0.977, 0.996, 0.500, and 0.932; respectively. The area under curves were 0.934, 0.863, 0.881, 0.886, 0.981, 0.489,
and 0.926. The area under curve in the external validation set was 0.934. Immune cell infiltration was related to the expression of 4 hub
genes. Patients in the low-risk group of hepatocellular carcinoma were more likely to have an immune escape.

Conclusion: The Notch signaling pathway was closely related to the occurrence and development of hepatocellular carcinoma. The

hepatocellular carcinoma classification and diagnosis model established based on this had a high degree of reliability and stability.
Keywords: Classification and diagnosis model, hepatocellular carcinoma, machine learning algorithms, notch signal-related genes

INTRODUCTION

Primary liver cancer is one of the most common malig-
nant tumors that seriously threaten human health in the
world, and hepatocellular carcinoma (HCC) is the most
common type of primary liver cancer. The latest report’
released by the International Anti-Cancer Alliance shows
that primary liver cancer is the fifth most likely malig-
nant tumor occurring in men and the seventh most likely
malignant tumor occurring in women. Currently, the
global incidence of HCC is increasing year by year, and
there are 1 million new cases of HCC each year.? The
main treatment for HCC is surgical resection. Although
surgical treatment may be effective for early HCC, the
overall 5-year survival rate of patients is only 50%-70%.8
Moreover, up to 60%-70% of patients experience tumor
recurrence within 5 years after surgery, and the long-term

prognosis after hepatectomy is poor.* Therefore, early
diagnosis and early treatment of HCC are particularly
important for the prognosis of HCC, and it is necessary to
develop a new model to predict the occurrence of HCC.

The Notch signaling pathway is a classic signaling path-
way, and its family members are highly conserved in
structure. With the in-depth study of the Notch signaling
pathway, it is found that this pathway plays an important
role in the occurrence and development of tumors.® It has
been reported that the Notch signaling pathway can pro-
mote the development of cervical cancer cells, resulting
in the formation of tumors.® Similarly, downregulation of
Notch1 expression in pancreatic cancer can significantly
inhibit the growth of pancreatic cancer cells, promote cell
apoptosis, and stop the cell cycle at GO-G1. Gramantieri
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et al” found that the expression of Notch3 and Notch4 in
liver cancer was significantly higher than that in adjacent
tissues, Notch3 and Notch4 were also expressed in nor-
mal liver tissues and chronic hepatitis tissues, and that
the Notch signaling pathway may participate in the inva-
sion and metastasis of liver cancer. However, it is unclear
whether Notch signal-related genes (NSRGs) are related
to the prognosis of HCC, and it is necessary to further
explore the exact relationship between immune infiltrat-
ing cells in the HCC microenvironment and NSRGs. With
the rapid development of machine learning algorithms,
we used it to study the above 2 problems and write this

paper.

MATERIALS AND METHODS

Data Collection

In October 2021, we downloaded the data of 424 HCC
cases (tumor tissue: 374 cases, normal tissues: 50 cases)
from The Cancer Genome Atlas (TCGA) database (https://
tcga-data.nci.nih.gov/tcga/) as a training set and main
research cohort. Then, we downloaded the HCC patient
data (normal tissues: 192, tumor tissues: 240) of the
GSE36376 and platform GPL10558433 from the Gene
Expression Omnibus (GEO) database (https://www.ncb
i.nIm.nih.gov/geo/) as an external validation data set.

We downloaded 237 NSRGs from the Molecular
Signatures Database (MSigDB) (http://www.gsea-msig
db.org/gsea/msigdb) for research.

We used the R language to extract the expression matrix
of NSRGs. All expression data were standardized by
the Z-score processing (the mean value of the sample
becomes 0, and the variance becomes 1). Notch signal-
related genes were set as independent variables (feature)
and normal samples/tumor samples as dependent vari-
ables (label) for the occurrence of HCC.

Main Points

We aimed to predict the occurrence of hepatocellular car-
cinoma (HCC) based on Notch signal-related genes using
machine learning algorithms.

We identified 4 hub genes, namely, LAMA4, POLA2, RAD51,
and TYMS, which were used as the final variables, and
found that AdaBoostClassifie was the best algorithm for
the classification and diagnosis model of HCC.

The Notch signaling pathway was closely related to the
occurrence and development of HCC. The HCC classifica-
tion and diagnosis model established based on this had a
high degree of reliability and stability.

Differential Expression Analysis of Notch Signal-
Related Genes

We used the "limma" package of R language to select
the differentially expressed NSRGs (DENSRGs) of HCC,
with the criteria of [logFC| > 1 and FDR < 0.05 (FC is fold
change and FDR is false discovery rate).

Identification of Hub Notch Signal-Related Genes

In the TCGA-HCC cohort, 2 machine learning algo-
rithms of least absolute shrinkage and selection operator
(LASSO) and Support Vector Machine Recursive Feature
Elimination (SVM-RFE) were used to screen the impor-
tant NSRGs of HCC.

Learning algorithms of least absolute shrinkage and
selection operator is a kind of regression analysis algo-
rithm that selects variables while regularizing. It was
implemented by the “glmnet” package of R language
with parameter settings of family:binomial, alpha:1, type,
measure:deviance, nfolds:10.

SVM-RFE can express complex classification boundar-
ies by combining with the kernel function. It was imple-
mented by the "e1071, kernalb, caret” packages of R
language with parameter settings of functions: care-
Funcs, method: cv, methods: svymRadial. In order to avoid
the over-fitting of the model, we also performed a uni-
variate regression analysis of the gene in the selection of
the feature genes using the “survival, survminer” pack-
ages of R language with the filter condition of P < .05.

The intersecting genes of the 3 methods were identi-
fied as the final feature genes for further research as
the variables of the classification and diagnosis model.

Establishment and Verification of the Prognostic Model
The model of HCC classification and diagnosis was con-
structed based on the expression of core genes. In this
study, 5 classification algorithms of machine learn-
ing classification algorithms, including XGBClassifier,
LGBMClassifier, AdaBoostClassifier, MLPClassifier, and
SVM, were used to construct the initial classification and
diagnosis model.

About 30% of TCGA-HCC patients were randomly
selected as the test set and the remaining 70% as the
training set for the 10-fold cross-validation, and GEO-
HCC patients as the external validation set were used to
validate the model. Model evaluation indicators included
area under curve (AUC), accuracy, sensitivity, positive
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predictive value (PPV), negative predictive value (NPV),
and F1 score. The number of true positive, true negative,
false positive, and false negative samples were repre-
sented as TP, TN, FP, and FN, respectively. A comprehen-
sive evaluation of various indicators and selection of the
best algorithm were done to build the model.

Accuracy = (TP+TN)/(TP+TN+FP +FN)
Sensitivity = TP/(TP +FN)
F1=2TP/(2TP+FN +FP)

PPV = TP/(TP +FP)

NPV = TN/(TN +FN)

XGBClassifier was implemented based on the “xgboost
1.2.1" package of python language, and this model
parameters were objective (optimized objective func-
tion): binary, logistic, learning_rate (learning rate): 0.3,
max_depth (maximum tree depth): 4, min_child_weight
(minimum bifurcation weight sum): 6, and reg_lambda
(L2 regularization coefficient): 1. The LGBMClassifier
machine learning model was based on the “lightgbm
3.2.1" package of python language, and this model
parameters were boosting_type (algorithm type): gbdt,
learning_rate (learning rate): 0.001, max_depth (maxi-
mum tree depth): 1, n_estimators (maximum number
of trees): 5, and num_leaves (the maximum number of
leaves): 5. AdaBoostClassifier was implemented based
on the “sklearn 0.22.1" package of python language,
and this model parameters were learning_rate (learn-
ing rate): 0.1, and n_estimators (number of single mod-
els): 50. MLPClassifier was implemented based on the
"sklearn 0.22.1" package of python language, and this
model parameters were activation (non-linear function):
logistic, hidden_layer_sizes (hidden layer width): (30, 30),
and max_iter (number of iterations): 10. Support vector
machine was implemented based on the “sklearn 0.22.1"
package of python language, and this model parameters
were C (regularization factor): 0.1, kernel (core type): rbf,
tol (convergence measure): 0.001.

Hub Gene Expression Analysis

In order to further analyze the relationship between
participating variables (hub genes) and HCC. The Mann-
Whitney U-test was used to compare the expression
levels of hub genes between tumor group and normal
group. Pearson’s correlation was used to calculated the
correlation of risk genes.

Immune Cell Infiltration Analysis
The CIBERSORT algorithm was used to evaluate the infil-
tration of 22 immune cells in the TCGA-HCC cohort. Then,

we compared the distribution of the 22 immune cells
between normal group and tumor group. Spearman’s cor-
relation analysis was performed between 22 immune cells
and hub genes. In the end, the risk of patients was scored
according to the gene expression of the selected variables
in the model. The patients were divided into the high-risk
group and the low-risk group by the median value of the
risk score and then analyzed for immunotherapy respon-
siveness. The risk score was calculated as the sum of the
predicted values weighted by the LASSO coefficient,
including all risk genes. The Tumor Immune Dysfunction
and Exclusion (TIDE) tool (http://tide.dfci.harvard.edu/)
was used to predict immunotherapy responsiveness.

RESULTS
The flowchart of this study is shown in Figure 1.

Differential Expression Genes Analysis

Sixty-seven DENSRGs were identified with |logFC| > 1 and
FDR < 0.05; of which, 4 genes were downregulated and
63 genes were upregulated (Supplementary Material 1).

Identification of Hub Genes

The LASSO algorithm analyzed the DENSRGs of the
TCGA-HCC cohort to select key feature genes and
determine the optimal value A with the smallest mean
square error through 10-fold cross-validation (Figure 2A).
When A was 0.006, 17 feature genes were screened out
(Figure 2B). The main use of the SVM algorithm is for the
2 classification problems, find a hyperplane and divide
the 2 categories to ensure the minimum classification
error rate. SVM-REF analysis showed that 37 genes were
closely related to HCC (Figure 2C). Hepatocellular carci-
noma univariate regression analysis found that there were
18 NSRGs related to the survival of HCC (Figure 2D). The
intersection of the 3 methods finally resulted in 4 hub
genes: LAMA4, POLA2, RAD51, and TYMS (Figure 2E).

In our present study, the classification and diagnosis
model of HCC was constructed based on the expres-
sion levels of LAMA4, POLA2, RAD51, and TYMS
(Figure 3A). We chose the best among the 5 machine
learning classification algorithms of XGBClassifier,
LGBMClassifier, AdaBoostClassifier, MLPClassifier, and
SVM by the metrics of AUC, accuracy, sensitivity, PPV,
NPV, and F1 score. The best performer in the training
set was AdaBoostClassifier (Figure 3B), and the corre-
sponding scores in the training set in each evaluation
standard were AUC: 0.976, accuracy: 0.881, sensitiv-
ity: 0.877, specificity: 0.977, PPV: 0.996, NPV: 0.500,
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Download 237 NSRGs from MSigDB

Obtain 67 DENSRGs

Lasso
analysis

Download training dataset from TCGA
(tumor: 374 cases, normal : SOcases)

Univariate
analysis

Download external validation dataset from GEO

(tumor: 192 cases, normal : 240 cases)

|

Obtain 4 hub genes

Obtain AdaBoostClassifier

Validation

XGBClassifier, LGBMClassifier, AdaBoostClassifier,
MLPClassifier, and SVM were used to build models

Differential expression analysis

Analysis of differential
infiiltration of 22 immune cells

Tumor Immune Dysfunction
and Evolution

Figure 1. The flowchart of the whole study.

and F1 score: 0.932 (Table 1). The best performer in
the testing set was also AdaBoostClassifier (Figure 3C),
and the corresponding scores in the testing set in each
evaluation standard were AUC: 0.934, accuracy: 0.863,
sensitivity: 0.881, specificity: 0.886, PPV: 0.981, NPV:
0.489, and F1 score: 0.926 (Table 2). The results in the
training set were consistent with those in the testing
set, and AdaBoostClassifier was considered as the best
model.

Validation model

We used GEO-HCC cohort data to verify the clas-
sification and diagnosis model constructed by the
AdaBoostClassifier method. All patients were verified as
AUC = 0.940 in the HCC tumor and normal tissue clas-
sification model (Figure 3D).

Gene Expression Analysis

The 4 risk genes of LAMA4, POLA2, RAD51, and TYMS
showed significant differences in the expression of nor-
mal and tumor tissues, and the 4 genes showed high
expression in tumor tissues (Figure 4A). We found that

POLA2 and TYMS were highly positively correlated with
RADS51, while LAM4 was highly negatively correlated with
RAD51(Figure 4 B).

In the analysis of the difference in immune cell infiltra-
tion between normal and tumor tissues, Tregs (P<.001),
monocytes (P=.024), macrophages (P<.001), and neu-
trophils (P=.002) showed differences (Figure 4C and
4D). The correlation analysis between immune infiltrat-
ing cells suggested that macrophages and Tregs were
negatively correlated with T cells (Figure 5A). The cor-
relation analysis between risk genes and immune cell
infiltration subtypes found that NK cells activated had
no correlation with LAMA4, POLA2, RAD51, and TYMS.
However, almost all of the other immune cell infiltration
subtypes showed varying degrees of correlation with risk
genes (Figure 5B-5E). We used the public website http://
tide.dfci.harvard.edu to perform an analysis of TIDE and
microsatellite instability (MSI) immunotherapy of HCC
and found that HCC patients showed differences in
TIDE between the high-risk group and the low-risk group
(Figure 6A-6D).
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Figure 2. Variables screening process. (A) Trend graph of LASSO coefficients; (B) partial likelihood deviation map; (C) using SVM-RFE
feature selection; (D) univariate cox regression analysis; (E) Venn diagram of overlapping genes. SVM, support vector machine; LASSO, least
absolute shrinkage and selection operator.

DISCUSSION

The mortality of HCC ranks second among all kinds of
cancers, and the new cases of HCC in China each year
accounts for more than half of new cases around the
world.? The treatment of HCC is affected by liver func-
tion, nodule size, metastasis, and age. The Notch signal-
ing pathway as a classic signaling pathway can regulate
the occurrence of tumor cells.® There is evidence that
the Notch signaling pathway is extraordinarily active
in HCC."® At present, surgical resection is still the main
option for HCC, but its recurrence risk is very high. With
the help of machine learning methods, the prediction
accuracy of early HCC can be improved, thereby further
improving the treatment outcome of HCC patients.

In our present study, we firstly used LASSO and SVM-
REF algorithms combined with univariate survival analy-
sis to study the differential expression matrix of NSRGs
in the TCGA-HCC cohort. Then, after comparing the
results of 5 machine learning classification algorithms,
we finally decided to use AdaBoostClassifier to estab-
lish the HCC classification and diagnosis model. The
HCC classification and diagnosis model established in
our present study had an AUC of 0.976 + 0.007 in the
training set and 0.934 + 0.033 in the test set. In the
external data test of the GEO-HCC cohort, this model
had an AUC of 0.934, an accuracy of 0.863, the sensitiv-
ity of 0.881, specificity of 0.886, PRV of 0.981, NPV of
0.489, and F1 score of 0.926. These results showed that
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Figure 3. Establishment of model. (A) Heat map of model variables; (B) ROC curves of classification model of HCC in training set; (B) ROC
curves of classification model of HCC in test set; (D) ROC curves of AdaBoostClassifier model of HCC in external data test set. HCC,
hepatocellular carcinoma; ROC, receiver operating curve.

Table 1. Performance of the Classification and Diagnosis Models based on 5 Machine Learning Algorithms in the Training Set

Model

AUC Accuracy Sensitivity Specificity PPV NPV F1
XGBClassifier 0.973 +£0.007 0.893+0.030 0.890+0.035 0.959+0.048 0.994+0.006 0.529+0.094 0.939+0.018
LGBMClassifier 0.731+0.027 0.120 +0.007 0.957 +0.021 0.505 + 0.073 N/A 0.120 + 0.007 N/A
AdaBoostClassifier 0.976 +0.007 0.881+0.020 0.877 +0.024 0.977 +0.031 0.996 +0.005 0.500+0.057 0.932+0.013
MLPClassifier 0.822 +0.061 0.705+0.090 0.691+0.107 0.832+0.058 0.968+0.010 0.285+0.077 0.802+0.073
SVM 0.908 +0.016 0.873+0.011 0.882+0.012 0.840+0.0837 0.976+0.006 0.480+0.036 0.926 +0.007

HCC, hepatocellular carcinoma; AUC, area under curve; PPV, positive predictive value; NPV, negative predictive value; SVM, support vector machine; N/A, not

available.

the classification and diagnosis model established in our
present study might be highly reliable. Duan et al'" used
the biological processes (BP) neural network to establish
an auxiliary diagnosis model of lung cancer with genes of
P16, RASSF1A, and FHIT, and the AUC of this model was
0.76. Sherafatian and Arjand et al'? used the decision
tree method and lung adenocarcinoma and lung squa-
mous cell carcinoma data sets from TCGA to construct
a diagnostic model for classifying the sample as lung
squamous cell carcinoma, and the AUC of this model

was 0.916. Yu et al® used computed tomography imag-
ing data combined with machine learning methods to
diagnose lung cancer patients and determine their path-
ological stages, and the AUC of the final model ranged
from 0.69 to 1.00. It can be seen that the machine learn-
ing method can solve the classification problem of lung
cancer very well. In our present study, the HCC diagnosis
model established by AdaBoostClassifier had an AUC
of 0.976 + 0.007 in the training set, 0.934 + 0.033 in
the testing set, and 0.932 in the external validation set,
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Table 2. Performance of the Classification and Diagnosis Models Based on 5 Machine Learning Algorithms in the Testing Set

Model AUC Accuracy Sensitivity Specificity PPV NPV F1
XGBClassifier 0.901+0.048 0.844 +0.065 0.853+0.081 0.854+0.105 0.975+0.019 0.470+0.114 0.907 +0.046
LGBMClassifier 0.699 +0.051 0.113+0.017 0.946 +0.036 0.451+0.124 N/A 0.113 +£0.017 N/A
AdaBoostClassifier 0.934 +0.033 0.863 +0.059 0.881+0.077 0.886 +0.090 0.981+0.016 0.489+0.128 0.926 + 0.042
MLPClassifier 0.867 +0.085 0.788 +0.148 0.785+0.179 0.865+0.118 0.980+0.015 0.429+0.195 0.859+0.120
SVM 0.866 + 0.064 0.867 +0.062 0.886 +0.068 0.791+0.118 0.970+0.017 0.487 +0.127 0.925 + 0.040
HCC, hepatocellular carcinoma; AUC, area under curve; PPV, positive predictive value; NPV, negative predictive value; SVM, support vector machine; N/A, not
available.
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which suggested that our presented study has certain
advantages and reliability compared with similar models.

Studies have shown that the downregulation of LAMA4
expression can inhibit the proliferation and migration of
breast cancer, renal cell carcinoma, gastric cancer, and
ovarian cancer.'*'® Qur study showed that LAMA4 was
highly expressed in HCC tumor tissues. Considering that
LAMAA4 is closely related to the migration of cancer cells
and tumor progression in a series of tumors, the latest
research describes LAMA4 as “oncolaminin."'” The cross-
talk between Notch and TGF-p1 has been reported many

times. It has been reported that LAMA4 could affect
the level of Notch ligand and its receptor by regulating
TGF-p1,"® thereby inducing the expression of some key
proteins related to the occurrence and development of
HCC. Cir_POLA2 has been reported as an oncogene of
lung cancer.” It has been found that overexpression
of Cir_POLA2 can promote the proliferation of acute
myeloid leukemia cells.?® Circ_LPOLA2 may upregulate
the G protein subunit beta 1 (Notch pathway-related
molecules) by serving as an endogenous competing RNA
for miR-326.14.2" Guanine nucleotide regulatory protein
(G protein) is the core of normal liver cell function and is
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Figure 5. (A) Graphs depicting significant associations between 22 immune cells infiltration; (B) correlation between LAMA4 and immune
cells infiltration; (C) correlation between POLA2 and immune cells infiltration; (D) correlation between RAD51 and immune cells infiltration;
(E) correlation between TYMS and immune cells infiltration.
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Figure 6. (A) Difference analysis of TIDE between low and high risk of HCC; (B) difference analysis of MSI between low and high risk of
HCC; (C) difference analysis of exclusion between low and high risk of HCC; (D) difference analysis of dysfunction between low and high
risk of HCC. TIDE, Tumor Immune Dysfunction and Exclusion; HCC, hepatocellular carcinoma.

related to the occurrence and progression of liver disease.  cell life cycle. It has been reported that the DNA repair
It was reported that the G protein family was involved in  system in most HCC cells is extraordinarily active, result-
the development of HCC.22 In our present study, when we ing in poor therapeutic effect of HCC.2> RAD51 is a key
performed the comparison between liver tumor tissueand  protein for DNA double-strand repair. Highly expressed
paracancerous tissue, it was found POLA2 was relatively RAD51 promotes the repair of HCC.2* Chen et al?*® have
lower in the normal paracancerous tissues. As we know, reported that in female ovarian cancer, knocking down
the DNA repair protein RAD51 mainly plays an important  the expression of RAD51 can significantly reduce the pro-
role in maintaining genome stability and regulating the liferation rate of ovarian cancer cells. It has been found
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that the high expression of RAD51 is related to the higher
pathological grade and clinical stage of HCC, and it is an
independent risk factor affecting the overall survival and
prognosis of HCC.26 TYMS is the key rate-limiting enzyme
that controls the synthesis of dTMP. The synthesis of
dTMP is closely related to functions such as DNA synthe-
sis, replication, and repair. Therefore, TYMS is currently
considered to be the next anti-tumor target that is most
likely to be successfully developed.?” Studies have shown
that the activity of thymidylate synthase in many patients
with malignant tumors is significantly higher than that in
normal tissues.?” TYMS can regulate the growth of tumor
cells by affecting the expression and expression cycle
of P53, so TYMS is related to the proliferation status of
malignant tumors.?® Studies have shown that in most of
the tumor cells with growth advantages, TYMS is over-
expressed, and the higher the expression of TYMS is, the
worse the prognosis of patients is.2® A study showed that
the positive expression rate of TYMS in liver cancer tissues
was significantly higher than that in the control group and
adjacent tissues, and the high expression of TYMS indi-
cated that the tumor was more aggressive.?®

Immune infiltrating cells are an important part of the
tumor microenvironment (TME) which are closely related
to the progression of HCC.% In this study, we used the
CIBERSORT algorithm to evaluate patients’ immune cell
infiltration. Further analysis found that there were dif-
ferences in T cells regulatory (Tregs), monocytes, macro-
phages MO, and neutrophils between normal tissues and
tumor tissues (P <.05). The proportion of Tregs and mac-
rophages MO in tumor tissues is higher than that in normal
tissues, and Tregs are strongly positively correlated with
macrophages MO, while the proportion of monocytes and
neutrophils in tumor tissues is lower than that in normal
tissues, and monocytes are strongly negatively correlated
with neutrophils. The increase of macrophages MO is sig-
nificantly correlated with OS and tumor stage of HCC.%'
Macrophages MO can stimulate the production of TAM
and Kupffer cells in the presence of carcinogenic fac-
tors, thereby inhibiting the progression of HCC caused by
immunity.®? This may be related to the malignant behav-
ior of the highly expressed genes from our research and
analysis. The correlation analysis of our present study also
confirmed the significant positive correlation between
LAMA4, RAD51, and TYMS and macrophages MO. It has
been reported that TGF-p1 is strongly positively corre-
lated with macrophage in HCC.3® Macrophages MO can
secrete a large amount of TGF-p1.%% In our study, it was
found that LAMAA4 affected the progress of HCC by reg-
ulating TGF-p1. This also shows the correctness of this

research. Under normal circumstances, Tregs inhibit the
anti-autoimmune response and play an important role
in balancing immune tolerance and inflammation. It has
been reported that the upregulation of Tregs is a predic-
tor of adverse outcomes in HCC patients.®* It has been
reported that Tregs promote the migration and invasion
of liver cancer cells through epithelial-to-mesenchymal
transition induced by TGF-f1.2° Neutrophils are the most
common white blood cells in circulation. They play an
important role in host defense, immune regulation, and
tissue damage. Neutrophils are considered to be one of
the first immune cells that enter the TME and interact
with cancer cells. Thus, it plays an important role in the
progression of cancer. Our research findings are similar to
other studies. The content of neutrophils in normal tis-
sues is high, and it is significantly negatively correlated
with LAMP4, RAD51, and TYMS. In our present study, we
found that RAD51 was strongly positively correlated with
TYMS, and this interrelationship further strengthens the
immune function of neutrophils.

The liver has a special population of immunosuppressive
cells, which can avoid liver damage caused by autoimmu-
nity and chronic inflammation under normal physiological
conditions. But for patients with liver cancer, these spe-
cial cells can cause tumor immune escape and promote
disease progression. Our present study found that TIDE
in the low-risk population of HCC was all higher than
those in the high-risk population of HCC (P <.05). This
showed that immune escape was prone to occur in the
low-risk population. The previous analysis showed that
Tregs cells are abundant in HCC tumors and are a subset
of CD4+ T cells, a type of lymphocyte with high immu-
nosuppressive properties.®® They suppress the immune
response by inhibiting CD8+ T cell effector functions
and directly promote tumor escape through a variety of
contact-dependent and non-contact mechanisms.®’ In
HCC, neutrophils can recruit macrophages and Tregs into
HCC by releasing cytokines, thereby promoting tumor
progression and developing resistance to sorafenib.®

There are some limitation to our study. The biological
functions of LAMA4, POLA2, RAD51, and TYMS need to
be further explored by experiments. The construction and
validation of our established model are only based on the
public databases, and thus it is necessary to use more
clinical research data to further validate clinical efficacy
of this model.

In conclusion, the classification and diagnosis model of
HCC based on NSRGs in our presente study showed

768



Zhou et al. Diagnosis model of hepatocellular carcinoma

Turk J Gastroenterol 2023; 34(7): 760-770

that the Notch signal was related to the occurrence
and development of HCC. The classification diagnosis
model might effectively distinguish HCCs from healthy
patients. This study also suggested the role of immune
infiltrating cells in the occurrence and development of
HCC. Our findings provide a new method for the diag-
nosis and prognosis of HCC from the perspective of
immune cell infiltration.
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