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Abstract

Background
The role of M0 macrophages and their related genes in the prognosis of hepatocellular carcinoma (HCC)
remains poorly characterized.

Methods
Multidimensional bioinformatic methods were used to constructed a risk score model using M0
macrophage-related genes (M0RGs).

Results
In�ltration of M0 macrophages was signi�cantly higher in HCC tissues than in normal liver tissues (P = 
2.299e-07). Further analysis revealed 35 M0RGs that were associated with HCC prognosis; two M0RGs
(OLA1 and ATIC) were constructed and validated as a prognostic signature for overall survival of patients
with HCC. Survival analysis revealed the positive relationship between the M0RG signature and
unfavorable prognosis. Correlation analysis showed that this risk model had positive associations with
clinicopathological characteristics, somatic gene mutations, immune cell in�ltration, immune checkpoint
inhibitor targets, and e�cacy of common drugs.

Conclusions
The constructed M0RG-based risk model may be promising for the clinical prediction of prognoses and
therapeutic responses in patients with HCC.

1 Introduction
Hepatocellular carcinoma (HCC) ranks sixth in terms of incidence among all types of tumors worldwide
and has a high mortality rate[1]. The 5-year survival rate of patients is only 5–7%, and the recurrence rate
of HCC is up to 60–70% [2]. HCC tumorigenesis is driven by intrinsic factors, such as mutations in liver
parenchymal cells, and external factors, including interactions between tumor cells and surrounding
stromal cells, immune cells, and noncellular components [3]. Tumor cells and adjacent immune cells,
stromal cells, and the extracellular matrix constitute a complex and dynamic network of the tumor
immune microenvironment (TIME). The components of the TIME interact to produce growth factors,
cytokines, and chemokines that participate in immunosuppression, thereby promoting the development,
recurrence, and metastasis of HCC cells [4, 5].
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Various immune cells in the TIME, such as tumor-associated macrophages (TAMs), tumor-associated
neutrophils, tumor-in�ltrating lymphocytes, regulatory T cells (Tregs), CD8+ cytotoxic T lymphocytes, and
natural killer cells, are active players in HCC pathogenesis. TAMs, as a critical factor of tumor-related
in�ammation, can be polarized into disparate functional phenotypes, among which M1 macrophages,
which are induced by interferon alone or with lipopolysaccharide, and M2 macrophages, which are
induced by IL-4 and IL-13, are the most studied subgroups. Classically activated macrophages with the
M1 phenotype can stimulate antitumor immune responses by presenting antigens to adaptive immune
cells, producing proin�ammatory cytokines, and phagocytosing tumor cells [6–9][10]. TAMs polarized into
the M2 phenotype can promote HCC progression by upregulating cytokine secretion and protein
expression. Resting-state macrophages (M0), derived from the bone marrow, are usually considered
precursors of polarized macrophages. The prevailing view is that both M1 and M2 macrophages are
generated from M0, and M0 is only a resting state of macrophages, without a speci�c function before
their polarization. However, a recent study on immunophenotyping of glioma-associated macrophages
versus matched blood monocytes, health donor monocytes, normal brain microglia, nonpolarized M0
macrophages, and polarized M1 and M2 macrophages has indicated that macrophages that in�ltrate
into glioma tissues maintain a continuum state between the M1- and M2-like phenotypes and resemble
M0 macrophages [11]. Further analysis of glioma data from The Cancer Genome Atlas (TCGA) and the
Chinese Glioma Genome Atlas databases con�rmed that differentiation of M0-like macrophages, rather
than M1 or M2 macrophages, is associated with a high-grade tumor and a poor prognosis in glioma [12].
These studies indicated the tumorigenic role of M0 macrophages.

However, cellular in�ltration and molecular features of M0 macrophages and their association with
clinicopathological characteristics of HCC have not been explored. Bioinformatics tools can facilitate the
e�cient prediction of the composition of and changes in the TIME [13]. Therefore, in this study, we used
bioinformatic tools to explore the clinical signi�cance of M0 macrophages, association between the TIME
and tumorigenesis, and the effects of immunotherapy and chemotherapy on HCC [14, 15]. This study may
help advance our understanding of the role of M0 macrophages in HCC, and the constructed risk model
may be promising for clinical prediction of the prognosis and therapeutic e�cacy in patients with HCC.

2 Materials And Methods

2.1 Data acquisition
The gene expression pro�les and clinical parameters of patients with HCC were obtained from TCGA and
International Cancer Genome Consortium (ICGC) datasets. Somatic mutation and copy number variation
(CNV) pro�les were obtained from TCGA data portal (https://portal.gdc.cancer.gov/). Somatic mutation
data were analyzed using “maftools” in the R package. Signi�cant ampli�cations or deletions of the copy
number variant were detected using GISTIC 2.0 with a false discovery rate threshold of < 0.05. As the
study used only publicly available data from TCGA, there was no requirement for an ethical approval.

2.2 Analysis of in�ltrating immune cells in HCC
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Data on in�ltrating immune cells in HCC were obtained using CIBERSORT. Differences in levels of
in�ltrating immune cells between high- and low-risk HCC samples were examined using the Wilcoxon test.
The expression of M0-related genes (M0RGs) was calculated using Pearson’s correlation analysis with |R|
> 0.3 and P < 0.05. Gene ontology (GO) enrichment analysis was used to reveal the M0RGs-related
biological functions in HCC.

2.3 Establishment of M0RG signatures
Cox analysis and LASSO regression analysis were performed to establish M0RG signatures in TCGA
dataset, and then, the results were veri�ed in the ICGC dataset. The risk score was calculated using M0RG
expression and coe�cient values as follows: coe�cient 1 × M0RG 1 expression + coe�cient 2 × M0RG 2
expression + coe�cient 3 × M0RG 3 expression.

The best cutoff value derived from the receiver operating characteristic (ROC) curve was used to divide
the patients with HCC into low-risk and high-risk groups (Figure S3). For survival analysis, Kaplan–Meier
survival curves were constructed for both the low- and high-risk groups in both the cohorts using the R
package “survival.” A two-sided log-rank test was used with P < 0.05 considered signi�cant. The
prognostic value of the M0RG signatures was examined using “survival.” Using the R package
“survivalROC,” a survival ROC curve was constructed to verify the prognostic performance.

A nomogram was constructed using the risk score and other clinical parameters for each cohort. ROC
curves were used to compare the prognostic value of risk scores with that of other clinical features using
the “ROC” package in the R software 4.0.5.

2.4 Gene set enrichment analysis (GSEA)
Enrichment terms were analyzed in the entire TCGA cohort using the GSEA software version 4.1.0
(http://www.gsea-msigdb.org/gsea/index.jsp, Cambridge, MA, USA) to reveal M0RG-related pathways.
The gene sets of “c2.cp.kegg.v7.4.symbols.gmt” were selected for GSEA. Signi�cance was indicated by P 
< 0.05 and a false discovery rate of < 0.05.

2.5 Expression of risk M0RGs in immune cells
tSNE analysis was performed using web tools (http://hcc.cancer-pku.cn/) to examine the expression of
risk genes in immune cells in HCC.

2.6 E�cacy analysis of immune checkpoint inhibitors (ICIs)
in HCC
The correlations between known ICI targets (TIM-3, IDO1, CTLA4, PD-1, PD-L1, and PD-L2) and our
signature were analyzed to explore the possible roles of M0RGs and the risk signature in ICI e�cacy in
HCC.

2.7 Evaluation of potential model signi�cance in clinical
treatment
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To evaluate the potential signi�cance of the model in the clinical treatment of HCC, we calculated the
half-maximal inhibitory concentrations (IC50s) of commonly used chemotherapeutic drugs (etoposide,
A.443654, doxorubicin, gemcitabine, cisplatin, dasatinib, ge�tinib, metformin, and rapamycin ) using
TCGA- liver hepatocellular carcinoma (LIHC) project dataset. The differences in the IC50 values between
the high- and low-risk groups were evaluated using the Wilcoxon signed-rank test, and the results are
shown as box drawings obtained using the “pRRophetic” and “ggplot2” tools in the R software.

2.8 Statistical analysis
The Wilcoxon signed-rank test was used for analysis of correlation between M0RGs and clinical
characteristics of patients with HCC. The correlations among M0RGs, immune cells, and ICIs were
analyzed using Spearman’s correlation coe�cient. Kaplan–Meier curves were used for survival analysis.

3 Results

3.1 M0RGs in HCC
First, in�ltration of M0 macrophages was analyzed in HCC using TCGA dataset. As shown in Figure S1A,
in�ltration of M0 macrophages was signi�cantly higher in HCC tissues than in normal liver tissues. The
patients with HCC with high in�ltration of M0 macrophages showed a poor overall survival (OS) (Figure
S1B). Next, the relationships between in�ltration of M0 macrophages and clinical characteristics of HCC
were analyzed. The results showed that in�ltration of M0 macrophages was associated with the survival
status, stage, and T stage (Figure S1C).

Subsequently, we identi�ed 99 M0RGs using Pearson’s analysis (Table S1), of which 35 M0RGs were
associated with the prognosis of patients with HCC in both TCGA and ICGC datasets (Table S2). The
correlation network involving the 35 M0RGs and M0 macrophages in TCGA cohort is shown in Fig. 1A
and 1B. GO analysis showed that the 35 M0RGs were enriched in DNA damage and cell cycle-related
signaling pathways (Fig. 1C and 1D). Figure S2 shows the CNVs and mutation statuses of the 35 M0RGs.

3.2 Establishment and validation of a M0RG prognostic
signature for OS of patients with HCC
The LASSO Cox algorithm was used to identify the most robust prognostic genes among the 35
candidate genes (Fig. 2A), and multivariate Cox regression analysis was performed to build prognostic
signatures based on two M0RGs, Obg-like ATPase 1 (OLA1) and 5-aminoimidazole-4-carboxamide
ribonucleotide formyl transferase/inosine monophosphate cyclohydrolase (ATIC) (Fig. 2B). The risk score
was calculated as follows: risk score = OLA1 × 0.0671 + ATIC × 0.0241. Next, the best cutoff value of the
ROC curve was adopted to distinguish between the high- and low-risk groups (Figure S3). Survival
analysis showed striking differences between the two groups in both the training TCGA and test ICGC
datasets (Fig. 3A and 3B). The mRNA expression of the two M0RGs in each sample is shown in Fig. 3A
and 3B. The accuracy was evaluated based on the area under the curve (AUC) of the ROC curve, with AUC
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values of 0.714 at 1 year, 0.674 at 2 years, and 0.673 at 3 years in TCGA dataset and 0.681 at 1 year,
0.739 at 2 years, and 0.716 at 3 years in the ICGC dataset.

3.3 Association between clinicopathological characteristics
and the prognostic risk score
To further verify the prognostic value of the risk signature, we explored the correlations between
clinicopathological characteristics of patients with HCC and the risk signature. The univariate Cox
regression analysis showed that the risk score and stage were signi�cantly correlated with OS in the
training set. Multivariate Cox regression analysis revealed that the risk score and stage were independent
factors of HCC prognosis (Fig. 4A). Moreover, the AUC value for the riskScore was much higher than that
for the other clinical characteristics (Fig. 4A). These results were also con�rmed in the test set (Fig. 4B)
and indicated that the risk model established based on the two M0RGs could be used as an independent
prognostic factor for patients with HCC.

Furthermore, patients with HCC in the high-risk group showed a poor prognosis in terms of progression-
free interval (PFI), disease-free interval (DFI), and disease-associated survival (DSS) (Fig. 5). Patients with
HCC with a high risk also showed a poor prognosis in terms of the OS, PFI, DFI, and DSS for the male,
female, age > 55 years, and age ≤ 55 years groups (Figs. 5 and S4).

3.4 Construction and validation of a nomogram
A nomogram associated with the OS of patients with HCC was established using TCGA dataset (Fig. 6).
The calibration curve indicated a high reliability of the nomogram (Fig. 6). Similar results were obtained
for the DFI, PFI, and DSS of patients with HCC. These results suggested that the prognostic model might
be a good predictor of survival of patients with HCC.

3.5 Relationship between M0RGs and immune cell
in�ltration
GSEA results showed that cancer- and immune-related signaling pathways were enriched in the high-risk
group (Fig. 7A). To further understand the association between the risk signature and immune cell
in�ltration, CIBERSORT analysis was conducted. The different in�ltration of immune cells was observed
in the high- and low-risk group (Fig. 7B). Moreover, B memory cells, Tregs, and M0 macrophages were
positively associated with the risk score, according to Pearson’s analysis (Fig. 7C).

Next, we investigated the role of the M0RGs signature in predicting ICI therapeutic e�cacy in HCC by
evaluating the relationship between six well-known ICI targets, including CTLA-4, PD-1, PD-L1, IDO1, TIM-
3, and PD-L2.. We found that the riskScore was positively correlated with the expression of CTLA-4 and
TIM-3 (Fig. 7D). Moreover, we analyzed the relationships between the risk signature and mutations. A
higher number of mutations was observed in the high-risk group (Fig. 7E), and patients with HCC with
TP53 mutations showed higher risk scores than those without TP53 mutations (Fig. 7F).
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Furthermore, we analyzed the expression and role of the two risk genes in HCC. As shown in Figure S5A
and S5B, the two risk genes were associated with a poor prognosis in TCGA and ICGC datasets. Single-
cell sequencing analysis using the tSNE cluster web tool (mentioned previously in the Material and
Methods section) also revealed ATIC and OLA1 expression in immune cells. Figure S5C and S5D show
that the two genes were expressed more abundantly in the C8_CD4-CTLA4, C4_CD8-LAYN, C5_CD8-GZMK,
and C10_CD4-CXCL13 bundles of HCC tissues than in normal liver tissues. Immunohistochemistry
analysis using the HPA database (https://www.proteinatlas.org/) further showed that OLA1 protein level
was increased in HCC tissues (Figure S5E). No data for ATIC expression were available in the HPA
database.

3.7 Correlation between the risk model and drug sensitivity
of HCC
In addition to ICI therapy, we identi�ed the associations between the risk score and e�cacy of common
drugs that were used against HCC in TCGA-LIHC project dataset. The data showed that a high-risk score
was associated with lower IC50 values for drugs such as etoposide (P < 0.001), A.443654 (P < 0.001),
doxorubicin (P = 0.026), gemcitabine (P < 0.001), and cisplatin (P < 0.001) and with higher IC50 values for
dasatinib (P < 0.001), ge�tinib (P < 0.001), metformin (P < 0.001), and rapamycin (P < 0.001). These
�ndings indicated that the model could be a predictor for drug sensitivity of HCC (Fig. 8).

4 Discussion
Our comprehensive integrated analysis of M0RGs in HCC enhances the understanding of the molecular
events relevant to HCC progression and treatment. The bioinformatics tools used in the current study
have facilitated e�cient prediction of the composition and changes in the TIME of HCC. The robust
statistical power provided by relatively large sample sizes in TCGA and ICGC databases enabled the
identi�cation and validation of an M0RG prognostic signature. This is the �rst M0 macrophage-related
risk score model for HCC; the model exhibited a good potential for the evaluation of HCC prognosis and
the selection of a therapeutic strategy for HCC. Systematic analysis revealed that high risk scores were
associated with a poor prognosis, immune in�ltration, and gene mutations, and multivariate analysis
con�rmed that the risk model was an independent prognostic factor for patients with HCC.

Our results showed that the risk model was positively correlated with CTLA4, PD-L1, and TIM-3
expression, suggesting a potential role of the risk model in evaluating the e�cacy of ICI therapy. The liver
is the largest immune organ in the human body. Carcinogenic factors, such as persistent hepatitis B and
C viral infections [16, 17], can compromise the immune defense or balance, rendering the immune cells
unable to remove carcinogens [18, 19]. In early stages of tumor initiation, immune suppression decreases
immune surveillance [20]. Thus, ICIs, such as PD-1/PD-L1 inhibitors, have become a promising treatment
for HCC as they activate and restore immune functions for the optimal ablation of tumor cells [21–23].
Identifying a predictive model is of great importance for improving HCC immune therapy. We identi�ed
the associations between the risk model and drug sensitivity in HCC. A high risk score was associated
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with lower IC50 values of several drugs, which indicated that this model could be a predictor for drug
sensitivity in HCC as a clinical reference. For example, the potential antitumor effects of metformin can
be further investigated using the “new uses of old drugs” strategy for drug repositioning.

The signi�cance of our study lies not only in the revelation of the composition of in�ltrating immune cells
in HCC but also in the demonstration of a systematic association of the M0 phenotype and gene clusters
with genomic characteristics and clinical features. To this end, we identi�ed biomarkers for potential
clinical application. These biomarkers were further used to construct a risk model to predict the prognosis
of patients with HCC. Analysis of TCGA datasets revealed that M0 macrophages and relevant genes were
unfavorable factors that correlated with clinical features and prognosis of HCC. These results contrasted,
to some extent, with previous �ndings, which suggested that the differentiation of polarized M1 or M2
macrophages was associated with functional properties of tumors [24, 25]. The canonical M1 versus M2
dichotomy has been challenged by recent evidence supporting abundant differentiation of nonpolarized
M0 macrophages, rather than that of M1 or M2 macrophages, in tumors [11, 12]. M0 macrophages are
de�ned as undifferentiated macrophages with the potential to polarize into speci�c macrophage
subtypes. Different subtypes of liver macrophages, especially Kupffer cells and TAMs, exhibit diverse
ontogeny, differentiation, and function [26, 27]. TAMs have been signi�cantly implicated in HCC initiation,
progression, immune evasion, invasion, angiogenesis, and metastasis, as well as in response to therapy
[28]. Liver macrophages exhibit highly variable phenotypes that are modulated by signals derived from the
liver microenvironment. M1 and M2 macrophages coexist in the tumor microenvironment of various
cancers, which may be because of a continuous, rather than isolated, process of M0 macrophage
polarization into M1 and M2 macrophages [29]. Based on our �ndings, it is hypothesized that the
in�ltration and differentiation of TAMs in the liver are possibly stimulated in response to carcinogenic
factors, thus promoting chronic in�ammation, suppressing immunity, and leading to HCC progression.

Single-cell analysis of in�ltrating immune cells allows in-depth understanding of the landscape of these
cells in the highly complicated tumor microenvironment. Recently, single-cell transcriptome technology
has been applied to cancerous and immune cells from patients with HCC, resulting in the identi�cation of
11 T cell subsets based on their molecular and functional properties, which delineate their developmental
trajectory [30]. In the present study, we analyzed the expression of M0RGs using single-cell sequencing
data, and the results revealed that two M0RGs, ATIC and OLA1, were expressed more abundantly in
speci�c subgroups of T cells with signature markers, such as the CD4-CTLA4, CD8-LAYN, CD8-GZMK, and
CD4-CXCL13 bundles of HCC tissues. Based on these results, we can propose two scienti�c hypotheses.
First, these speci�c subgroups might be activated in the HCC microenvironment. The status of T cell
in�ltration and their characteristics are usually associated with different prognostic outcomes [31]. Several
studies have also revealed the association of LAYN, CTLA4, and GZMK expression with tumor-in�ltrating
exhausted CD8+ T cells and a poor prognosis [30]. Therefore, inhibiting these speci�c cells might be
another strategy for cancer immunotherapy. Second, there may be a crosstalk between macrophages and
T cells in the HCC microenvironment, which plays a role in in�uencing HCC progression and therapeutic
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e�cacy. The polarization and function of HCC-associated macrophages are possibly regulated via these
speci�c subgroups of T cells, which still requires further elucidation.

To our knowledge, this is the �rst study to construct a risk model based on M0RGs in HCC; the model
showed that a low risk score re�ected a good prognosis, whereas a high risk score indicated a poor
prognosis, suggesting that the risk model is a robust prognostic biomarker. Further analysis revealed that
cancer- and immune-related signaling pathways were enriched in the high-risk group. B memory cells,
Tregs, and M0 macrophages were positively associated with the risk score. These results are in
agreement with the prevailing knowledge that pathological division of cells is the basis of tumorigenesis
and that immune tolerance can facilitate tumor development [29, 32]. Additionally, we observed that our
risk model was associated with known somatic mutations in TP53. These alterations in a somatic gene
may inactivate tumor suppressor genes and cause mutations in protooncogenes, resulting in
tumorigenesis [33]. Therefore, our study contributes to the identi�cation of immunotherapeutic targets to
inhibit the pathways involved in tumorigenesis.

The major limitation of our study is the lack of biological validation of immune cell in�ltration in vitro and
in vivo in HCC tissues because of a delayed arrival of antibodies due to the coronavirus disease
pandemic. Unlike other studies on immune in�ltration in HCC [34], our analysis mainly focused on M0
macrophages using a large number of HCC samples from public databases. In addition to the function of
immune cells in the TIME, we comprehensively mapped the landscape of interactions involving M0
macrophage-associated immune cells, genes, and clinicopathological features. Moreover, we con�rmed
that the prognostic value of the risk model was superior to that of other clinical signatures. This precise
and simple model of two M0RGs will contribute to evaluating the prognosis of and treatment e�cacy in
HCC. We also revealed promising immune-based candidate biomarkers for the diagnosis, prognosis, and
therapy of HCC.

5 Conclusions
In conclusion, our comprehensive integrated analysis of M0RGs in HCC enhances the understanding of
molecular events relevant to HCC progression and treatment. A risk model was constructed based on
M0RGs and validated in clinical cohorts, which exhibited robust prognostic value for patients with HCC.
We also revealed promising candidate immune-based biomarkers for diagnosis, prognosis, and therapy in
HCC.
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Page 10/20

Obg-like ATPase 1; OS. overall survival; PFI, progression-free interval; ROC, receiver operating
characteristic; TAM, tumor-associated macrophage; TCGA, The Cancer Genome Atlas; TIME, tumor
immune microenvironment; Treg, regulatory T cell

Declarations
Funding: This work was supported in covering the page charge by the National Natural Science
Foundation of China [grant number 81703149], National Natural Sciences Foundation of Hunan province
[grant number 2019JJ30041], and Innovation-Driven Project of Central South University [grant number
2020CX044].

Availability of data and materials: All data generated or analyzed during this study are included in the
published article.

Competing interests: The authors declare that there are no con�icts of interest.

Ethics approval and consent to participate: Not applicable

Consent for publication: Not applicable

Permission to reproduce material from other sources: Not applicable

References
1. Chen R, Zhang Y. EPDR1 correlates with immune cell in�ltration in hepatocellular carcinoma and can

be used as a prognostic biomarker. J Cell Mol Med. 2020. 24(20): 12107–12118.

2. Torre LA, Bray F, Siegel RL, Ferlay J, Lortet-Tieulent J, Jemal A. Global cancer statistics, 2012. CA
Cancer J Clin. 2015. 65(2): 87–108.

3. Ladányi A, Tímár J. Immunologic and immunogenomic aspects of tumor progression. Semin Cancer
Biol. 2020. 60: 249–261.

4. Locy H, de Mey S, de Mey W, De Ridder M, Thielemans K, Maenhout SK. Immunomodulation of the
Tumor Microenvironment: Turn Foe Into Friend. Front Immunol. 2018. 9: 2909.

5. Schreiber RD, Old LJ, Smyth MJ. Cancer immunoediting: integrating immunity's roles in cancer
suppression and promotion. Science. 2011. 331(6024): 1565–70.

�. Newman AM, Liu CL, Green MR, et al. Robust enumeration of cell subsets from tissue expression
pro�les. Nat Methods. 2015. 12(5): 453–7.

7. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome
Biol. 2017. 18(1): 220.

�. Li T, Fu J, Zeng Z, et al. TIMER2.0 for analysis of tumor-in�ltrating immune cells. Nucleic Acids Res.
2020. 48(W1): W509-W514.



Page 11/20

9. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Pro�ling Tumor In�ltrating Immune Cells
with CIBERSORT. Methods Mol Biol. 2018. 1711: 243–259.

10. Murray PJ, Allen JE, Biswas SK, et al. Macrophage activation and polarization: nomenclature and
experimental guidelines. Immunity. 2014. 41(1): 14–20.

11. Gabrusiewicz K, Rodriguez B, Wei J, et al. Glioblastoma-in�ltrated innate immune cells resemble M0
macrophage phenotype. JCI Insight. 2016. 1(2).

12. Huang L, Wang Z, Chang Y, et al. EFEMP2 indicates assembly of M0 macrophage and more
malignant phenotypes of glioma. Aging (Albany NY). 2020. 12(9): 8397–8412.

13. Zeng D, Zhou R, Yu Y, et al. Gene expression pro�les for a prognostic immunoscore in gastric cancer.
Br J Surg. 2018. 105(10): 1338–1348.

14. Lee K, Hwang H, Nam KT. Immune response and the tumor microenvironment: how they
communicate to regulate gastric cancer. Gut Liver. 2014. 8(2): 131–9.

15. Mariathasan S, Turley SJ, Nickles D, et al. TGFβ attenuates tumour response to PD-L1 blockade by
contributing to exclusion of T cells. Nature. 2018. 554(7693): 544–548.

1�. Xie Y. Hepatitis B Virus-Associated Hepatocellular Carcinoma. Adv Exp Med Biol. 2017. 1018: 11–21.

17. Li TY, Yang Y, Zhou G, Tu ZK. Immune suppression in chronic hepatitis B infection associated liver
disease: A review. World J Gastroenterol. 2019. 25(27): 3527–3537.

1�. Wang L, Wang FS. Clinical immunology and immunotherapy for hepatocellular carcinoma: current
progress and challenges. Hepatol Int. 2019. 13(5): 521–533.

19. Chen Y, Tian Z. HBV-Induced Immune Imbalance in the Development of HCC. Front Immunol. 2019.
10: 2048.

20. Owusu Sekyere S, Schlevogt B, Mettke F, et al. HCC Immune Surveillance and Antiviral Therapy of
Hepatitis C Virus Infection. Liver Cancer. 2019. 8(1): 41–65.

21. Makarova-Rusher OV, Medina-Echeverz J, Duffy AG, Greten TF. The yin and yang of evasion and
immune activation in HCC. J Hepatol. 2015. 62(6): 1420–9.

22. Yuan G, Song Y, Li Q, et al. Development and Validation of a Contrast-Enhanced CT-Based Radiomics
Nomogram for Prediction of Therapeutic E�cacy of Anti-PD-1 Antibodies in Advanced HCC Patients.
Front Immunol. 2020. 11: 613946.

23. He X, Xu C. Immune checkpoint signaling and cancer immunotherapy. Cell Res. 2020. 30(8): 660–
669.

24. Yuan A, Hsiao YJ, Chen HY, et al. Opposite Effects of M1 and M2 Macrophage Subtypes on Lung
Cancer Progression. Sci Rep. 2015. 5: 14273.

25. Qian BZ, Pollard JW. Macrophage diversity enhances tumor progression and metastasis. Cell. 2010.
141(1): 39–51.

2�. Tacke F. Targeting hepatic macrophages to treat liver diseases. J Hepatol. 2017. 66(6): 1300–1312.

27. Hyun J, McMahon RS, Lang AL, et al. HIV and HCV augments in�ammatory responses through
increased TREM-1 expression and signaling in Kupffer and Myeloid cells. PLoS Pathog. 2019. 15(7):



Page 12/20

e1007883.

2�. Fu XT, Song K, Zhou J, et al. Tumor-associated macrophages modulate resistance to oxaliplatin via
inducing autophagy in hepatocellular carcinoma. Cancer Cell Int. 2019. 19: 71.

29. Azizi E, Carr AJ, Plitas G, et al. Single-Cell Map of Diverse Immune Phenotypes in the Breast Tumor
Microenvironment. Cell. 2018. 174(5): 1293–1308.e36.

30. Zheng C, Zheng L, Yoo JK, et al. Landscape of In�ltrating T Cells in Liver Cancer Revealed by Single-
Cell Sequencing. Cell. 2017. 169(7): 1342–1356.e16.

31. Sharma P, Allison JP. Immune checkpoint targeting in cancer therapy: toward combination strategies
with curative potential. Cell. 2015. 161(2): 205–14.

32. Wahab S, Islam F, Gopalan V, Lam AK. The Identi�cations and Clinical Implications of Cancer Stem
Cells in Colorectal Cancer. Clin Colorectal Cancer. 2017. 16(2): 93–102.

33. Wang E. Understanding genomic alterations in cancer genomes using an integrative network
approach. Cancer Lett. 2013. 340(2): 261–9.

34. Novikova MV, Khromova NV, Kopnin PB. Components of the Hepatocellular Carcinoma
Microenvironment and Their Role in Tumor Progression. Biochemistry (Mosc). 2017. 82(8): 861–873.

Figures



Page 13/20

Figure 1

M0 macrophages related genes in HCC. A and B, A correlation network involving the 35 prognosis-related
M0RGs and M0 macrophages in the TCGA cohort. C and D, GO analyzed of the 35 M0RGs.

M0RGs: M0 macrophages-related genes; TCGA: The Cancer Genome Atlas; Go: Gene Ontology.
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Figure 2

The M0RGs prognostic signature. A, Cross-validation for tuning parameter (lambda, screening in the
LASSO regression model. B, LASSO coefficient profiles of 35 prognostic M0RGs. C, Forest plot of the
seven DNA replication-related genes.

M0RGs: M0 macrophages-related genes
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Figure 3

Prognostic model of the train (TCGA) cohort and test (ICGC) cohort. (A) Train set (B) Test set. Risk score
of the high and low groups. Heatmap of the expression of 2 M0RGs. Survival analysis of the high and
low groups. The AUC of the ROC.

TCGA: The Cancer Genome Atlas; ICGC: International Cancer Genome Consortium; M0RGs: M0
macrophages-related genes; AUC: Area under curve; ROC: Receiver operating characteristic curve
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Figure 4

Association between the clinicopathological characteristics and prognostic risk score. A, Univariate and
multivariate Cox regression analyses and ROC value in training group. B, Univariate and multivariate Cox
regression analyses and ROC value in testing group.

ROC: Receiver operating characteristic curve
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Figure 5

The prognosis of HCC patients with high/low risk score.

HCC: Hepatocellular carcinoma
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Figure 6

Construction of the nomogram in the TCGA dataset. The nomogram to predict the 1-, 2- and 3-year
survival risk of osteosarcoma patients. The calibration curve of the 3-year survival.
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Figure 7

The Relationship between M0RGs and Immune in�ltration, mutation state. A, GSEA analysis. B, immune
cell in high/low groups. C, The relationship between immune cell and risk score. D, The relationship
between risk score and ICB. E, The mutation in high/low risk group. F, The relationship between risk score
and TP53, TTN, CTNNB1 mutation, TMB.
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Figure 8

Drug sensitivity of HCC patients with high/low risk.
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