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Abstract: Hepatocellular carcinoma (HCC) is associated with poor prognosis and fluctuations in immune status.

Although studies have found that secreted phosphoprotein 1 (SPP1) is involved in HCC progression, its independent

prognostic value and immune-mediated role remain unclear. Using The Cancer Genome Atlas and Gene Expression

Omnibus data, we found that low expression of SPP1 is significantly associated with improved survival of HCC

patients and that SPP1 expression is correlated with clinical characteristics. Univariate and multivariate Cox

regression confirmed that SPP1 is an independent prognostic factor of HCC. Subsequently, we found that T cell CD4

memory-activated monocytes, M0 macrophages, and resting mast cells showed significant differences in penetration

in the high and low SPP1 expression groups. Next, we used the Weighted Gene Co-Expression Network and Least

Absolute Shrinkage Sum Selection Operator algorithms to construct a risk score for the 9-immune-related genes

signature. The risk score showed a good ability to identify high and low-risk patients and improved survival

prediction. We also used multivariate Cox regression to validate that risk score was significantly correlated with SPP1

and overall survival. Lastly, the Back-Propagation Neural Network confirmed the reliability of the results of multiple

algorithms. In conclusion, the findings suggest that SPP1 is an independent marker of HCC survival and immunotherapy.

Introduction

Hepatocellular carcinoma (HCC) ranks among the top
malignant tumors in terms of both morbidity and mortality
(Armstrong and He, 2020), and the five-year survival rate of
patients at various stages of HCC is less than 10% (Siegel et al.,
2020). Surgical resection and orthotopic liver transplantation
are the most effective treatments for early HCC. However, due
to the insidious onset of HCC, it is typically at an advanced
stage when discovered, which poses a challenge to surgical
treatment (Ogasawara et al., 2019). In the past 10 years, anti-
angiogenesis-targeted drugs (e.g., sorafenib, lenvatinib) have
brought hope to patients with advanced HCC (Rimassa et al.,
2019). However, due to high relapse and drug resistance, the
prognostic resistance of HCC patients remains poor (Sim and
Knox, 2018). Therefore, developing new treatments is essential
for prolonging the survival of HCC patients.

Recent research on various tumor immune escape
mechanisms has enabled immunotherapy to suppress the
development of malignant tumors (Eggermont et al., 2016).
The liver is a well-known immune tolerance organ, and its
immunosuppressive microenvironment promotes the immune
escape of HCC cells (Huang et al., 2018). For example, high
expression of cytotoxic T lymphocyte-associated antigen 4
(CTLA-4) in patients with HCC may promote tumor immune
escape (Yin and Li, 2020). Thus, an immunotherapy that
activates tumor-specific immune responses to achieve anti-
tumor effects has become a new treatment direction for HCC.
Among immunotherapies, the well-studied programmed cell
death protein 1 (PD-1) and PD ligand-1 (PD-L1)
immunosuppressants have been successfully used to treat
advanced HCC (Obeid et al., 2018). While immunotherapy
does significantly prolong survival time for HCC patients (Ma
et al., 2019), it still has two important limitations: (1) no
established markers for predicting efficacy and (2) most
patients still have disease progression after 7 to 8 months of
treatment, and the selection of subsequent treatment options is
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a challenge. Therefore, determining reliable immune markers is
key to improving the prognosis of HCC patients.

The gene that encodes secreted phosphoprotein 1
(SPP1), also known as osteopontin (osteopontin), is located
on human chromosome 4q22.1 (Singh et al., 2018). It is
secreted by various cells, including osteoclasts and T cells
(Anborgh et al., 2010). SPP1 is an extracellular matrix
protein closely associated with tumor invasion, metastasis,
apoptosis inhibition, and angiogenesis. Many tumors
express high levels of SPP1. Patients with HCC are known
to have significantly increased serum HCC levels which are
related to the clinical stage of the tumor (Song et al., 2020).
In recent studies, SPP1 was the only common gene reported
in the four-gene models (CENPA, SPP1, MAGEB6, HOXD9;
KPNA2, CDC20, SPP1, TOP2A) that predicted the prognosis
of HCC (Chen et al., 2019c; Long et al., 2018). In addition,
SPP1-mediated blocking of CSF1/CSF1R can prevent TAM
transport, thereby enhancing the efficacy of PD-L1 in
treating HCC (Zhu et al., 2019). Studies have reported the
prognostic value of SPP1 in other cancers (Chen et al.,
2019a; Li et al., 2018) and its role in the pathogenesis of
HCC (Nardo et al., 2020; Wang et al., 2019). However, to
date, the immune function of SPP1 in the prognosis of HCC
has not yet been explored. An in-depth exploration of the
immune characteristics driven by SPP1 may thus guide
improvement in HCC treatment and survival.

In our previous studies, we identified various biomarkers
and potential therapeutic targets that modulate inflammation
using experimental and bioinformatics methods. This
approach relies on literature searches (PubMed) and online
software (Gene Expression Profiling Interactive Analysis,
GEPIA2, and Encyclopedia of RNA Interactomes) to
determine the SPP1 gene for research. In the present study, we
applied the ESTIMATE and Cell-type Identification by
Estimating Relative Subsets of RNA Transcripts (CIBERSORT)
algorithms to evaluate the immune characteristics of different
expression groups of SPP1. The weighted gene co-expression
network analysis (WGCNA) algorithm constructs a co-
expression network of differentially expressed genes (DEGs)
based on SPP1 to define immune-related genes (IRGs).
Subsequently, univariate Cox regression and the LASSO
algorithm were used to describe risk characteristics. We also
used multivariate Cox analysis to determine candidate features
for constructing an artificial neural network (ANN). Lastly, we
further verified the results of e multiple algorithms based on
the back propagation neural network (BPNN) model.

Materials and Methods

Patient information collection
HCCseq-Counts and clinical information were downloaded
from the Cancer Genome Atlas (TCGA) database
(cancergenome.nih.gov/; July 2020). After excluding patients
with no or time <0 information, we retained 365 HCC and
50 normal samples. At the same time, GSE14520 was
retrieved from Gene Expression Omnibus (GEO) (www.
ncbi.nlm.nih.gov/geo) as an external verification data set.
We have retained 242 HCC and 241 normal samples by
integrating GPL3921 and GPL571. All expression values
undergo log2 conversion.

Identification of immune cells
The ESTIMATE algorithm can evaluate the immune abundance
and tumor purity of the tumor microenvironment. The
CIBERSORT conversion method uses the CIBERSORT
function to perform statistical analysis on the transcriptome
sequencing expression profile of complex tissues (such as large
solid tumors). It uses the anti-stacking method to remove the
unknown mixture content to estimate the relative proportion
of 22 immune cell subpopulations. In this study, we used the
CIBERSORT analysis tool (cibersort.stanford.edu) to calculate
the composition of 22 immune cells in HCC tissue. First, the
HCC expression profile data was compiled using standard
annotation files and uploaded to the CIBERSORT website.
Subsequently, we used the white blood cell characteristic
matrix (LM22) to run 1,000 times to predict the scores of 22
immune cells. Finally, Wilcoxon was used to test the
differences in immune cell infiltration between different
groups (p < 0.05).

Weighted gene co-expression network analysis
For DEGs screening and WGCNA analysis, we first used the
Limma package to screen DEGs (SPP1 high expression group vs.
low expression progenitor) with |log 2FC| ≥1 and false discovery
rate <0.05 as the threshold. Subsequently, the expression profile
of DEGs was selected to construct the co-expression network.
Then, we used average-linkage to cluster the DEGs and
calculate the eigengenes of each module in turn. Finally, the
mergeCutHeight was set at 0.25, and minModuleSize was set at
30 to calculate the correlation between the feature vector of the
module and the immune traits. The module with a correlation
coefficient >0.5 was selected as the module significantly related to
the immune status. The specific steps of the algorithm are as
follows: The similarity between genes was calculated using the
Pearson correlation coefficient, and then the correlation matrix
was constructed.

S ¼ Sij
�� �� ¼ 1þ cor xi þ yið Þ

2

����
���� (1)

A β value that conforms to the law of a scale-free network
was set with R^2 = 0.85, and the adjacency matrix A was
constructed.

A ¼ aij
� � ¼ power Sij; b

� �� � ¼ Sbij
h i

(2)

Subsequently, the adjacency matrix was converted into a
topological overlap matrix TOM.

TOM ¼
P

k6¼ij Aik � Akj þ Aij

min
P

k Aik þ
P

k Ajk
� �þ 1� Aij

" #
(3)

Finally, hierarchical clustering of the representative genes
in all modules-feature vector genes (ME) was performed to
construct module membership (MM).

ME ¼ princomp Xq
ij

� �h i
(4)

MMq
i ¼ cor Xi;MEqð Þ½ � (5)

COX regression and LASSO analysis
Univariate COX regression was used to initially screen
candidate genes closely related to patient survival (p < 0.05).
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Subsequently, the candidate genes were input into LASSO COX
to construct a risk model. The LASSO model uses an L1-norm
penalty mechanism to avoid over-fitting algorithms, which can
be expressed as a constraint on the target vector.

RS ¼
Xn
i¼1

Expi � Coefij j (6)

Subsequently, the model gene signature combination
establishes a risk score (RS) to determine the risk
characteristics of the patient. Among them, n represents the
number of genes, COEF represents the multi-variable COX
regression coefficient of gene I, and EXP represents the
expression value of gene I.

L x; yð Þ �
Xn

i¼1
yi � hh xið Þð Þ2 þ k

Xk

i¼1
hij j

h i
(7)

Back propagation neural network construction
We incorporated immune features and RS obtained by different
algorithms into multivariate COX analysis to screen for
significant candidate features. Subsequently, through the
artificial neural network function of MATLAB, candidate
features were reverse-verified in-depth. BPNN is a hierarchical
neural network comprising input, hidden, and output layers.
This study used BPNN to change the weights to reduce the
error between the predicted results and the determined
output. The output result adopts the forward propagation, and
the error adopts the backward propagation method. The
process was repeated in an iterative mode until the error fell
below the set threshold. The algorithm process was as follows:

(1) Normalization of eigenvalues.

Y ¼ 2 � x �minð Þ
max �min

� 1

	 

(8)

(2) The input function of the neuron is as follows:

Input ¼ Zj xð Þ� � ¼ Xn
i¼1

wjixi
� �þ bj

" #
(9)

Among them, w is the weight of connecting the two
layers of neurons before and after, and b is the bias of the
hidden layer.

(3) The output function of the neuron is as follows:

Output ¼ 1
1þ e�Input

	 

(10)

(4) To find the parameter with the smallest error, BPNN
must find the smallest error according to the direction of the
negative gradient. The error formula was expressed as follows:

Cost ¼ 1
2

Xn
i¼1

soi � toið Þ2
" #

(11)

where s refers to the actual value (target value), t refers to the
output value of the neural network, and o_i refers to i output
layers.

Statistical analysis
We performed all bioinformatics analyses using the R v3.6.1
environment. p < 0.05 was considered statistically
significant. The “ggplot2 v3.3.2” data package draws the

volcano map of DEGs, and the regression of Kaplan-Meier
(K-M) and COX depends on the “survival v3.2-3” package.
The tROC and LASSO algorithms were implemented by
“timeROC v 0.4” and “glmnet v4.0-2”, respectively.

Results

Clinical performance of secreted phosphoprotein 1
The prognostic performance and clinical value of the
expression of SPP1 in HCC were significantly higher than in
normal tissues (p = 2.6e-14; Fig. 1A). Survival analysis
demonstrated that reduced SPP1 expression was
significantly associated with improved patient survival (p <
0.001; Fig. 1B). In addition, tROC showed that the 1, 3, and
5-year area under the curve (AUC) values of SPP1 were
0.700, 0.645, and 0.659, respectively (Fig. 1C). Interestingly,
the GEO cohort demonstrated that SPP1 has a good
prognostic value (Fig. 1). Fig. 1D shows that as the
expression of SPP1 increases, the T, grade, and stage show
an upward trend. This implies a correlation between the
high expression of SPP1 and the degree of malignancy of
HCC.

Independent prognostic analysis validated the prognostic
performance of secreted phosphoprotein 1
To infer the independent prognostic value of SPP1, we
included clinical information (age, gender, and stage) and
SPP1 in the Cox regression analysis. Univariate Cox
regression using the TCGA dataset showed that SPP1
(hazard ratio (HR) = 1.127, p < 0.001) and stage (Stage I,
HR = 0.458, p < 0.001; Stage III, HR = 2.098, p < 0.001;
Stage IV, HR = 3.660, p = 0.027) were prognostic risk
factors for HCC. The multivariate results showed that SPP1
(HR = 1.117, p < 0.001) and stage (Stage I, HR = 0.372, p =
0.006; Stage II, HR = 0.462, p = 0.040) were independent
markers for assessing HCC survival (Fig. 2A). The GEO
cohort further confirmed the independent prognostic value
of SPP1 (Fig. 2B).

Immune cell characteristics of high and low expression groups
of secreted phosphoprotein 1
To understand immune fluctuations in HCC, we evaluated the
composition of immune cells in different expression groups of
SPP1. The TCGA results showed that CD4 naïve T cells (p =
0.023), CD4 memor-activated T cells (p = 0.004), regulatory T
cells (Tregs) (p = 0.001), monocytes (p = 0.01), and M0
macrophages (p < 0.001). There were significant differences
in penetration levels of M1 macrophages (p = 0.031), M2
macrophages (p = 0.014), resting mast cells (p < 0.001), and
neutrophils (p = 0.001) (Fig. 3A). Interestingly, the GEO
cohort analysis revealed similar results (Fig. 3B). We also
identified four target immune cell types (CD4 memory-
activated T cells, monocytes, M0 macrophages, and resting
mast cells) by cross-linking the differential tumor-
infiltrating immune cells (DTICs) of TCGA and GEO
(Fig. 3C). Fig. 3D shows that the expression of SPP1 is
negatively correlated with monocytes (r = −0.18) and resting
mast cells (r = −0.25) but is significantly positively
correlated with CD4 memory-activated T cells (r = 0.11)
and M0 macrophages (r = 0.31).
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Definition of immune-related genes related to secreted
phosphoprotein 1
Using the level of SPP1 expression as grouping information, we
identified 819 up-regulated and 128 down-regulated genes
(Fig. 4A). Subsequently, we used the WGCNA algorithm to
construct a co-expression network of 947 DEGs. We used the
β = 4 scale-free network law (Fig. 4B) to identify six gene
modules, except the gray module (Fig. 4C). Fig. 4D is a
network heat map based on hierarchical gene and sample
data clustering. The module-trait correlation analysis results
show that the turquoise module and StromalScore (r = 0.55,
p = 3e-27), ImmuneScore (r = 0.52, p = 4e-24),
ESTIMATEScore (r = 0.60, p = 2e-33), and M0 macrophages
(r = 0.24, p = 8e-6) are significantly positively correlated. It is
worth noting that the turquoise module is negatively
correlated with TumorPurity (r = −0.59, p = 2e-32) and
resting mast cells (r = −0.38, p = 8e-13) (Fig. 4E). Therefore,
the 453 genes in the turquoise module were used as the IRGs
in the subsequent analysis.

Construction and validation of the prognostic risk score model
We identified 263 IRGs significantly related to overall survival
(OS) through univariate Cox regression analysis. Subsequently,
LASSO Cox in-depth analysis obtained 10 prognostic
signatures of IRGs (Fig. 5). Except for the HOMER1 gene (p

= 0.068), low expression of the other nine IRGs significantly
improves the survival of HCC patients (Fig. 6). Therefore, we
established risk characteristics with nine IRG signatures. The
resulting formula is: RS = 0.0137 * C5orf30 + 0.0082 *
DNAJC6 + 0.0582 * MMP1 + 0.0286 * RGS20 + 0.0314 *
S100A9 + 0.0443 * SLC1A5 + 0.0462 * SLC2A1 + 0.0355 *
SOX11 + 0.0024 * STC2.

We used the median risk score (RS) value to divide
TCGA (Nhigh-risk = 183, Nlow-risk = 182) and GEO
(Nhigh-risk = 121, Nlow-risk = 121) patients into high-risk
and low-risk groups. In the TCGA cohort, low-risk patients
had a significantly longer lifespan (p < 0.0001). The 1, 3,
and 5-year AUCs of RS were 0.777, 0.729, and 0.723,
respectively (Fig. 7A). The GEO cohort achieved consistent
results with 1, 3, and 5-year AUCs of 0.618, 0.643, and
0.644 (Fig. 7B).

Validation of the risk score model by the back propagation
neural network
Next, we incorporated the immune features and risk features
obtained by the different algorithms into the multivariate Cox
regression analysis. The results showed that ImmuneScore
(HR = 0.99918, p = 0.018), TumorPunity (HR = 0.00012, p
= 0.035), M0 macrophages (HR = 0.18084, p = 0.003), and
RiskScore (HR = 0.15655, p < 0.001) significantly affect

FIGURE 1. Analysis of clinical manifestations of secreted phosphoprotein 1 (SPP1) in the Cancer Genome Atlas (TCGA) cohort. (A) Relative
expression of SPP1 in normal and tumor samples; (B) Kaplan-Meier (K-M) curves of high and low SPP1 expression groups of the Cancer
Genome Atlas (TCGA) cohort; (C) Receiver operating characteristic curves of TCGA cohort 1, 3, and 5 years; (D) shows Boxplots of
relative expression of SPP1 in different disease stages and tumor grades. The center marker is the median.
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FIGURE 2. Prognostic significance of secreted phosphoprotein 1 (SPP1). (A)Multivariate Cox regression of the Cancer Genome Atlas (TCGA) cohort
revealed that SPP1 was an independent prognostic marker for hepatocellular carcinoma (HCC); (B) SPP1 significantly affected patient survival.

FIGURE 3.Analysis of secreted phosphoprotein 1 (SPP1)-driven immune cells. (A, B) Differences in the infiltration of 22 immune cells in high
and low expression of SPP1; (C) Venn diagram identifying three types of immune cells; (D) SPP1 and immune cells and immune checkpoint
inhibitors (programmed cell death protein 1 (PD-1) and PD)-ligand (L1)) correlation analysis.
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SPP1 expression (Fig. 8A). In addition, StromalScore (HR =
0.998, p = 0.0077), ImmuneScore (HR = 0.998, p < 0.001),
TumorPunity (HR = 9.61e-9, p = 0.0097), monocytes (HR =
194, p = 0.0469), and RiskScore (HR = 7.490, p < 0.001)
were identified as key to predicting overall survival of HCC
patients (Fig. 8B). Therefore, we identified ImmuneScore,
TumorPunity, and RiskScore as candidate features.

We used the BPNN model to further validate the risk
score of multiple algorithms (ESTIMATE, CIBERSORT,

WGCNA, and LASSO Cox). We first used the candidate
features as input and the corresponding expression of SPP1
as output for BPNN prediction analysis. Subsequently, we
divided the 365 samples into a training set (N = 255),
validation set (N = 55), and test set (N = 55) to implement
the neural network. The mean square error (MSE) was
0.00019679, and the best performance of the BPNN model
was obtained at 5 epochs (Fig. 9A). Fig. 9B shows that the
prediction error range is −0.02463 to 0.03088. We also

FIGURE 4.Weighted gene co-expression network analysis (WGCNA) analysis. (A) Volcano plot of differentially expressed genes (B) Unscaled
fit index of soft threshold power. The graph on the left shows the relationship between the soft threshold and R2. The right panel shows the
relationship between soft threshold and average connectivity. (C) Dendrogram of differentially expressed gene clusters based on different
metrics. Each branch in the graph represents a gene. (D) Heatmap of correlations between gene modules and clinical features. (E) The
correlation coefficient for each cell represents the correlation between gene modules and clinical features.
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found that training (R = 0.99989), validation (R = 0.99988),
and testing (R = 0.9999) had higher regression values, which
further increased the accuracy of the results (Fig. 10).
Therefore, the BPNN prediction model further validated the
reliability of the risk score of the multiple algorithms.

Discussion

Immune regulation is vital in predicting tumor progression
and prognosis (Giannone et al., 2020). As a carcinogen,
SPP1 is dysregulated in various tumors (Assidi et al., 2019;
Chen et al., 2019b). However, abnormalities of the immune
components of the HCC microenvironment mediated by

SPP1 remain unknown. In the present study, the expression
of SPP1 in HCC tissues was significantly higher than that in
normal tissues and had a strong prognostic value, which is
consistent with previous experimental results (Lu et al.,
2020). It is worth noting that SPP1 is positively correlated
with T, grade, and stage, implying that high SPP1
expression is related to the degree of malignancy of HCC. In
addition, we found that SPP1 and stage are independent
factors that improve the prognosis of HCC. Currently, the
stage is one of the most widely used prognostic indicators of
HCC in clinical practice (Abdel-Rahman, 2018). The
matching selection of SPP1 and an appropriate treatment
plan may focus on the stage system. Therefore, SPP1 has the

FIGURE 5. Least absolute shrinkage sum selection operator (LASSO) analysis. (A, B) Determination of the number of genetic screenings.
(C) Prognostic risk score model analysis.

FIGURE 6. Kaplan-Meier curve of C5orf30, DNAJC6, MMP1, HOMER1, RGS20, S100A9, SLC1A5, SLC2A1, SOX11, STC2.
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potential to be used as a marker to predict the survival of HCC
patients.

To understand the relationship between SPP1 and tumor
immunity, we used an expression matrix to evaluate the level
of immune penetration in the HCC microenvironment. Based
on the analysis of immune data from different cohorts, we
found significant differences in CD4 memory-activated T
cells, monocytes, M0 macrophages, and resting mast cells.
Notably, these immune cells are significantly related to the
expression of SPP1. CD4 memory-activated T cells are the
primary surface marker of Th cells, which enhance the anti-
infective effect mediated by phagocytes and the humoral
immune response mediated by B lymphocytes. They also
play an essential role in assisting CD8+ T cells and B cells
in tumor immunity (Reynolds et al., 2016). Highly
infiltrating monocytes are significantly related to the survival
of HCC patients. The activated monocytes can mediate PD-
L1 to inhibit tumor-specific T-cell immunity (Kuang et al.,
2009). In addition, M0 macrophages are significantly

recruited in tumor tissues and promote angiogenesis in
HCC through MMP9 overexpression (Farha et al., 2020).
Interestingly, high concentrations of resting mast cells
produce interleukin 17, which participates in the
progression and migration of HCC and is significantly
related to poor prognosis (Tu et al., 2016). Therefore, SPP1
plays an essential role in the HCC microenvironment.

Based on the expression data of 947 DEGs, we identified
453 IRGs through the WGCNA analysis. We then constructed
the risk characteristics of 9-IRGs through the stepwise Cox
and LASSO algorithms to assess improvement in patient
survival. Pre-built models using high-dimensional
sequencing data may show over-fitting, and the LASSO
penalty mechanism can avoid this shortcoming (Gaines et
al., 2018). In the TCGA cohort, risk characteristics
effectively separated patients, and low risk improved patient
survival (p < 0.0001). The GEO cohort analysis confirmed
the reliability of the risk characteristics (p = 0.0047). To
date, several risk models similar to our research have been

FIGURE 7. Construction of the immune-
related gene (IRG) signature. (A) Kaplan-
Meier (K-M) curves of high-risk and
low-risk groups of The Cancer Genome
Atlas (TCGA) cohort. The low-risk group
significantly improved patient outcomes
compared with the high-risk group; (B)
K-M curves of the high- and low-risk
groups in the Gene Expression Omnibus
(GEO) cohort; and 1-, 3-, and 5-year
survival rates.
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FIGURE 8. Identification of candidate
features. (A) Multivariate Cox regression
determines the relationship between
candidate features and overall survival; (B)
Multivariate Cox regression determines
the relationship between candidate
features and secreted phosphoprotein 1.

FIGURE 9. Best validation performance of the back propagation neural network (BPNN) model. (A) Performance Evaluation (B) Mean
squared error distribution.
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reported. However, the gene signature model constructed by
Wang et al. (2018) and Chen et al. (2019c) lacked
quantitative analysis of the predictive ability of the risk
characteristics. Compared with previously developed multi-
gene signatures such as Liu et al. (2020) (4-gene model,
AUC 1-year = 0.724; AUC 3-years = 0.683; AUC 5-years =
0.650), Zhang et al. (2020) (14-gene model, AUC 1-year =
0.714; AUC 5-years = 0.635), Liu et al. (2019) (6-gene
model, AUC 1-year = 0.773; AUC 3-years = 0.702; AUC 5-
years = 0.673), our signature showed a better survival
improvement effect (AUC 1-year = 0.777; AUC 3-years =
0.729; AUC 5-years = 0.723).

The 9-IRGs (C5orf30, DNAJC6, MMP1, RGS20, S100A9,
SLC1A5, SLC2A1, SOX11, STC2) signatures we constructed
showed good survival prediction effects. Among them,
MMP1 had the most prominent predictive ability and is an
independent risk factor for HCC. Matrix metalloproteinase-
1 (MMP1) is a carcinogen associated with the progression
of HCC, and its high expression corresponds to a poor
prognosis (Sanchez-Lorencio et al., 2018). Studies reported
the knockdown of MMP1 blocked the proliferation and
invasion of HCC cells (Kim et al., 2018). Yu et al. (2020)
confirmed that PA mediates the down-regulation of MMP1
and activates the ERK signaling pathway to inhibit the
migration of HCC. In addition, Lai et al. (2017) found that
a polymorphism in the promoter region of MMP1 is highly
correlated with HCC. Notably, SPP1 and MMP1
simultaneously appear in the 5-gene HCC prognostic model
(Xiong et al., 2020). Fan et al. (2019) found that SPP1 can
affect the occurrence of diseases by increasing the
expression of MMP1. Therefore, we speculate that SPP1 and

MMP1 play a combined role in HCC, although more
experimental verification is needed.

With updating information generation methods and
diversification, single algorithms (such as WGCNA and
LASSO) often have unsatisfactory predictions and can no
longer meet demands (Toubiana et al., 2019; Waldmann et
al., 2019). Combined algorithms have achieved good results
in predicting the prognosis of liver cancer. For example,
Yang et al. (2021) used the WGCNA and LASSO algorithms
to establish a 4-gene signature for survival improvement in
HCC patients and achieved good results. However, the
results were not further verified using multiple algorithms.
Recently, neural network algorithms and other
bioinformatical approaches have been successfully applied
for the clinical prediction of tumors (Lin et al., 2020; Peng
et al., 2020; Qiu et al., 2021; Xie et al., 2022). Therefore, in
the present study, we first confirmed the good effect of SPP1
in improving the survival of HCC patients using multiple
algorithms (i.e., ESTIMATE, CIBERSORT, WGCNA, Cox
regression, and LASSO) and then further verified the
accuracy of these results through BPNN.

Conclusion

Our results support that SPP1 is an independent marker of
overall survival in HCC, with low expression being
significantly associated with improved survival. Using
various algorithms, we could confirm that SPP1 is
significantly related to the immune microenvironment.
Subsequently, based on the SPP1 expression grouping and
immune characteristics, the risk score of the 9-IRG

FIGURE 10. Regression analysis of the back
propagation neural network (BPNN) model.
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signature was established with excellent survival prediction
performance. The use of BPNN further validated the
reliability of the score of multiple algorithms. Therefore,
SPP1 is a potential marker for HCC survival prediction.
This was an exploratory study; therefore, the application
value of SPP1 should be further verified by prospective
multi-center clinical trials.
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