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Abstract
Background: Stromal and immune cells are major components of tumor microenvironment (TME) and
affect the growth and development of thyroid carcinoma (THCA). However, data on the exact
mechanisms that de�ne the relationship between the TME and THCA remains scant.

Results: Here, we calculated stromal and immune cells scores and the proportion of tumor-in�ltrating
immune cells (TICs) by CIBERSORT and ESTIMATE based on the THCA gene expression data from The
Cancer Genome Atlas database (TCGA). In addition, we evaluated differentially expressed genes (DEGs)
from high- and low-score groups and then preformed Gene Ontology (GO) as well as Kyoto Encyclopedia
of Genes and Genomes (KEGG) enrichment analysis. Besides, we carried out protein-protein interaction
(PPI) analysis and COX regression on the DEGs. Our data showed a signi�cant correlation between
plasma complement factor B (CFB) and PTC development and prognosis. In addition, Gene Set
Enrichment Analysis (GSEA) demonstrated that the CFB was mainly enriched in immune response
pathways. Further dissection showed that the expression of CFB was positively correlated with T cells
CD8, Macrophages M1, Plasma cells, T cells CD4 memory activated, T cells follicular helper and T cells
regulatory (Tregs), whereas negatively correlated with Eosinophils, Macrophages M0, Macrophages M2,
Mast cells resting, T cells CD4 memory resting in the TME. Finally, the expression level of CFB was
veri�ed by other cohorts form Gene Expression Omnibus (GEO) database.

Conclusions: Taken together, our data demonstrated that the CFB could be a prognostic marker for THCA
and its expression in�uences the in�ltration of immune cells.

Background
Thyroid carcinoma (THCA), derived from follicular thyroid cells, is the most common endocrine system
malignancy worldwide1–3. The morbidity of THCA has been increasing in the recent decades4. Of all the
THCA subtypes, papillary thyroid carcinoma (PTC) is the most common, and accounts for approximately
90% of all the THCA cases5. However, compared to other forms of cancer, the course of PTC remains
indolent and has low mortality6. Besides, most patients experience relatively better prognosis following
the standard treatment (surgery followed by either radioactive iodine or observation)7. Nevertheless, some
patients might develop cervical lymph node metastasis, which leads to locoregional recurrence8. It is,
therefore, crucial to identify patients with aggressive disease in order to administer timely treatment9.
Thus, understanding the THCA carcinogenesis would help inform the development of effective diagnostic
and therapeutic strategies.

Increasing evidences have shown the TME is of great importance in the tumor progression, treatment and
clinical outcome10,11. TME is a complex and continuously evolving system. The occurrence, growth and
metastasis of tumors is strongly dependent on the internal environment of tumor cells. It not only
includes the structure, function and metabolism of tumor tissues, but also relates to the internal
environment of tumor cells themselves 12,13. Accordingly, the TME signi�cantly in�uences tumor
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therapeutic response and clinical outcomes14. The TME is mainly composed of stromal cells, soluble
molecules and immune cells15. Both the immune and stromal cells have been proposed to be valuable in
tumor diagnosis and evaluation of disease prognosis16. However, data on the role of the TME stromal
cells on tumor progression remains scant. Besides, previous studies have indicated that tumor-in�ltrating
immune cells (TICs) in TME could serve as prognostic markers in cancer with various bioinformatics
tools. The interaction has been valuable for developing innovative THCA-directed immunotherapies.
Recent studies show that TME components signi�cantly affect THCA growth and progression17.
Therefore, it is imperative to �nd out TME-related biomarker to improve the survival and prognosis of
THCA.

Here, we obtained 570 transcriptome data and 509 clinical datasets from TCGA database. We then
employed ESTIMATE and CIBERSORT algorithms to compute TME-speci�c immune and stromal scores
in THCA. The proportion of the TIC in THCA samples was also calculated from The Cancer Genome Atlas
(TCGA) database. We demonstrate that the plasma complement factor B (CFB) is a TME-related
biomarker for THCA18. High CFB expression indicated better clinical prognosis and in�ltration of TICs.
Therefore, TME-speci�c CFB gene might provide a potential prognostic marker in patients with THCA.

Methods
Materials
Transcriptome RNA-seq data (FPKM) from 570 THCA cases (58 normal thyroid samples and 512 thyroid
tumor samples) and the corresponding clinical data were downloaded from The Cancer Genome Atlas
(TCGA) (https://tcga-data.nci.nih.gov/tcga/).

ESTIMATE

We used ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues using
Expression data) in R language (version 4.0.3) to predict the tumor purity and presence of in�ltrating
stromal/immune cells in the tumor tissues using gene expression data19. We generated stromal scores
(amount of stroma cells in tumor tissues), immune scores (the in�ltration of immune cells in tumor
tissues) as well as estimate scores (tumor purity) 20.

Generation of differentially expressed genes (DEGs) between the high-score and low-score groups

A total of 570 tumor samples were sorted into high- or low-score based on the median ImmuneScores or
StromalScores. Using “limma” package in R language (version 4.0.3), we generated DEGs between the
high- and low- immune/stromal score groups. DEGs with a false discovery rate (FDR) <0.05 and fold
change ≥1, after transformation (log2FC) (high-score group/low-score group) were considered
signi�cant. We then constructed Venn plots to screen the intersected DEGs.

GO And KEGG Enrichment Analysis

https://tcga-data.nci.nih.gov/tcga/
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Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analyses were performed using clusterPro�ler, org.Hs.eg.db, enrichplot and ggplot2 packages in R
language version 4.0.3. Enrichment data with a P-value<0.05 and q-value<0.05 were considered to be
statistically signi�cant.

Heatmaps

Heatmaps for the DEGs were generated using heatmap package in R language.

Clinical relevance of the scores

The THCA clinical samples were downloaded from the TCGA database. All the statistical analyses were
performed using R language. We used the Wilcoxon rank sum test (for ranked data with two categories)
or Kruskal–Wallis test (three or more categories) to evaluate the signi�cance of the clinical stages
against pathological stages. The data was compared with the immune scores, stromal scores or
ESTIMATE scores.

PPI Network Analysis

The protein-protein interaction (PPI) network was analyzed using STRING database (https://string-
db.org), followed by reconstruction with Cytoscape version 3.8.2. We used nodes with a highest
con�dence of interaction score of no less than 0.99 to build the PPI network.

COX Regression Analysis

COX regression analysis was performed by survival package in R language, then we screened out the
statistically signi�cant genes by the univariate COX regression analysis (P-value < 0.05).

Gene Set Enrichment Analysis (GSEA)

C2.cp.kegg.v7.1.symbols.gmt [Curated] and c5.all.v7.2.symbols.gmt [Gene ontology] were downloaded
from Molecular Signatures Database as the target sets for the execution of GSEA. The GSEA of the whole
transcriptome from the tumor sample was performed using gsea-4.1.0 (Number of permutations: 1000;
Phenotype labels: h _versus _l). Gene sets with FDR q < 0.05 were considered as signi�cant.

CIBERSORT

CIBERSORT, a deconvolution algorithm, was used to estimate the composition of 21 immune cells in all
the tumor samples. We performed 1,000 permutations and retained samples with a p-value < 0.05, which
were considered statistically signi�cant. The sum of various immune cells was 1.

GEO database veri�cation

The datasets of PTC patients were downloaded from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/). We selected four mRNA datasets (GSE33630, GSE29265,

https://string-db.org/
https://www.ncbi.nlm.nih.gov/geo/
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GSE35570, GSE27155) of PTC to verify the expression level of CFB in this study.

Results
Analysis Process
The analysis process of this study is shown in Supplementary Fig. 1. The transcriptome RNA-seq data
from 570 samples and clinical information of the THCA patients were downloaded from TCGA database
and used to estimate immune and stromal components. DEGs were extracted by dividing into high- and
low-score groups based on the median stromal and immune scores. DEGs were used to constructed PPI
network and univariate COX regression analysis. We performed intersection analysis between PPI
networks core nodes and the top signi�cant factors gained from the analysis of univariate COX
regression. Our data showed the presence of only one intersection gene, the CFB. Subsequently, we
evaluated the role of the CFB in the patient survival, as well as its clinical relevance.

Characterization of THCA patients and clinical correlation with stromal or immune scores

A total of 570 THCA samples were obtained from the TCGA database. Stromal scores, immune scores
and ESTIMATE scores in the TME were generated based on the ESTIMATE algorithm. Our univariate
analysis demonstrated that the clinicopathological characteristics were signi�cantly associated with the
stromal scores and immune scores (Fig. 1). Besides, the Stromal score of the M0 stage was higher than
that of the M1 stage (Fig. 1B, p = 0.027). On the other hand, the immune score differed signi�cantly
between the N0 and the N1 stage (Fig. 1C, p = 0.00014). The estimate score varied across the different M
stages (Fig. 1A, p = 0.035). However, there were no statistically signi�cant differences between stromal
score, immune score and estimate score in T2 patients from that in T1 or T3 patients. Furthermore,
whereas there was signi�cant difference between the scores in stage  and stage ,  or , other clinical
stages did not show any signi�cant differences. Besides, no statistically signi�cant differences were
observed in the stromal score, immune score and estimate score between the patients’ age and gender
(Fig. 1A, 1B, 1C). However, there were signi�cant differences in the N stage (Fig. 1A, 1B, 1C; p = 0.0034,
0.00014, 0.0003). These data showed that the proportion of immune and stromal cells was associated
with the growth and progression of THCA.

DEGs and Functional Enrichment Analysis

To identify the exact alterations in gene expression in the TME, the THCA patients were categorized into
high- and low-score groups based on the stromal/immune cells. After performing the differential
expression analysis of the groups as categorized by the stromal scores, we obtained a total of 1031
DEGs. Among them, 79 genes were down-regulated while 952 genes were up-regulated (Figure 2A, 2B).
Similarly, differential analysis of the high- and low- immune score patients showed 1294 DEGs consisting
of 318 downregulated genes and 976 upregulated genes. In addition, the Venn diagrams, drawn from an
intersection of the DEGs between stromal and immune score groups, showed a total of 72 downregulated
genes and 818 upregulated genes (Figure 2C, 2D). The DEGs might have been responsible for the TME
status. All the 890 DEGs were used to conduct GO and KEGG functional enrichment analysis via the
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clusterPro�ler R package in R language. GO enrichment data showed that the DEGs were signi�cantly
mapped into T cell activation and lymphocyte differentiation (Figure 2E, 2F, 2G). In addition, the KEGG
enrichment analysis suggested that most of the pathways were associated with immune responses, such
as cytokine–cytokine receptor interaction and chemokine signaling pathway (Figure 2H, 2I, 2J).

PPI Network Analysis and Univariate COX Regression Analysis

To further explore the relationship between the DEGs, we used STRING online tool and Cytoscape
software (version 3.8.2) to perform a PPI network (Figure 3A, 3B). The top 30 genes with maximum
number of nodes in the PPI network were presented as bar plots (Figure 3C). Univariate COX regression
analysis of the 890 immune-related DEGs showed that 4 genes were potential prognostic or risk factors
for THCA (Figure 3D). Furthermore, an intersection analysis of the top 100 genes in PPI network and the 4
prognostic genes showed CFB as the only one core target gene (Figure 3E).

CFB Expression Levels, Survival and Clinical Correlation Analysis

To evaluate the role of CFB expression in clinical disease manifestations, we pro�led the expression of
CFB in normal and tumor tissues using “limma” package in R language (Wilcoxon rank sum test,
P<0.001). The CFB expression in normal tissues was signi�cantly lower than in tumor tissues (Figure 4A).
Furthermore, the CFB expression in paired tumor tissues was signi�cantly higher than the expression level
in adjacent normal tissues (Figure 4B). To perform survival analysis, all the THCA cases were divided into
CFB high and CFB low-expression groups based on the CFB median expression value. The survival
analysis indicated that THCA patients with higher CFB expression had a longer survival compared to
those with lower CFB expression (Figure 4C). Besides, our clinical correlation analysis of CFB showed
that, except for the low CFB expression in stage  compared to stage I or , there was no signi�cant
difference in the other clinical stages (Figure 4D). In addition, the expression level in N1 was higher than
that in N0 (Figure 4G). M0 and M1 did not show any signi�cant differences in the CFB protein expression
(Figure 4F). Furthermore, our data showed that there was signi�cant difference between the T2 and T3 or
T4 groups (Figure 4E).

GSEA

To determine signi�cantly enriched signaling pathways, we performed GSEA in the high-expression and
low-expression groups and then used FDR q-value, nominal p-value and FWER p-value for data
interpretation. Our KEGG enrichment data showed that the CFB gene was highly expressed in signaling
pathways such as antigen processing and presentation, autoimmune thyroid disease, cell adhesion
molecules cams, intestinal immune network for IGA production, leishmania infection, natural killer cell
mediated cytotoxicity, Escherichia coli infection, systemic lupus erythematosus, type 1 diabetes mellitus
or viral myocarditis (Figure 5A). On the other hand, the GO enrichment analysis showed upregulated CFB
expression in pathways such as adaptive immune response, interferon gamma mediated signaling
pathway, positive regulation of T cell mediated cytotoxicity, positive regulation of T cell mediated
immunity, regulation of leukocyte mediated cytotoxicity, regulation of syncytium formation by plasma



Page 7/19

membrane fusion, regulation of T cell mediated cytotoxicity, regulation of T cell mediated immunity, T cell
activation involved in immune response or T cell mediated immunity (Figure 5B). These results indicated
that CFB may be a potential indicator for the TME status.

Tumor-in�ltrating immune subsets in the TME

CIBERSORT algorithm be used to calculate the proportion of the tumor-in�ltrating immune cells in the
TME among the THCA cases. Our data suggested that the proportion of the 21 immune cells in every
case, as well as the sum of various immune cells was 1 (Figure 6A). Besides, the correlation analyses
indicated that CD8 T cells displayed a strong positive correlation with Plasma cells (Cor=0.57) (Figure
6B). On the contrary, plasma cells were negatively correlated with Macrophages M0 (Cor=-0.58).

Effect of the expression of CFB on TIC levels and the Correlation between the CFB expression and the
TICs

To explore the potential functions of CFB in the TME, we classi�ed the patients into high- and low-
expression groups based on the expression of CFB. Our analysis showed that a total of 10 TICs were
perturbed by the expression of CFB (Figure 7A). B cells naïve (p=0.034), plasma cells (p<0.001), T cells
CD4 memory activated (p<0.001), T cells follicular helper (p=0.004), T cells regulatory (p=0.019) and
Macrophages M1 (p<0.001) were positively correlated with high CFB expression. However, Macrophages
M0 (p<0.001), Macrophages M0 (p=0.002), Mast cells resting (p=0.003) and Eosinophils (p=0.030) were
signi�cantly upregulated in the low-expression group.

In addition, the data indicated a correlation between the CFB expression and TICs in the THCA patients
(Figure 7B). The CFB gene was positively correlated with T cells CD8, Macrophages M1, Plasma cells, T
cells CD4 memory activated, T cells follicular helper or T cells regulatory (Tregs), but negatively correlated
with Eosinophils, Macrophages M0, Macrophages M2, Mast cells resting or T cells CD4 memory resting.

Consequently, to identify the most closely related immune cells, we performed the intersection analysis
based on both the difference analysis and correlation tests with Venn diagram. Our data showed positive
correlation between the Plasma cells, T cells CD4 memory activated, T cells follicular helper, T cells
regulatory (Tregs), Macrophages M0, Macrophages M1, Macrophages M2, Mast cells resting or
Eosinophils with CFB expression (Figure 7C).

GEO database veri�cation

We downloaded four datasets from GEO to further verify the accuracy of the previous results from TCGA
analysis. The expression of CFB was signi�cantly higher in PTC compared with than that in normal
thyroid samples in GSE33630, GSE29265, GSE35570 and GSE27155 (Figure 8, P < 0.05). The results of
GEO datasets were essentially in agreement with the �ndings of the TCGA database. The survival
information of CFB in PTC could unfortunately not be obtained from GEO datasets. 
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Discussion
Previous studies showed an association between TME and the tumor development21,22. Besides, TME
was shown to promote tumor in�ammation and angiogenesis23,24. The prognosis of cancer patients
depends on the purity of tumor TME, which is dependent on the individual components25. Stromal and
immune cells are two main types of tumor TME components and have been proposed to aid in tumor
diagnosis, prognosis and survival analysis26–28.

In this study, we intend to explore TME-related gene signature associated with THCA patient survival and
outcomes. We performed ESTIMATE to acquire the stromal and immune scores in TME, then identi�ed
TME-related genes from TCGA database to determine the correlation with clinical information. The data
showed that the genes were signi�cantly associated with clinical stage and TNM stages. We then
employed GO and KEGG enrichment analysis to evaluate the potential roles of 2325 DEGs in the high- or
low-score groups of stromal and immune cells. The GO analysis showed that most of the DEGs regulated
biological processes, such as T cell activation and lymphocyte differentiation in the TME. On the other
hand, the KEGG analysis suggested that most of the DEGs triggered immune responses. In addition, to
understand the interactions of the DEGs, we constructed the PPI network. The COX regression analysis
was performed to understand predictive values for prognosis in the THCA patients. We obtained 4 related
genes that were thought to have signi�cant predictive values. The genes could be considered as potential
biomarkers for THCA. The intersection of the 4 genes with the top 100 genes in the PPI network nodes
resulted into the identi�cation of plasma Complement Factor B (CFB). Unlike in normal tissues, the CFB
gene was signi�cantly upregulated in the TME of THCA patients. Besides, the high expression of the CFB
gene was associated with longer survival and considerably better prognosis. On the other hand, to further
dissect the functions of the CFB in the TME, we performed GSEA analysis. The 10 most enriched
signaling pathways in the high or low expression phenotypes of CFB were determined. The data showed
that CFB could be a potential marker in the TME status. Additionally, 9 kinds of TICs were associated with
CFB expression. The TICs included plasma cells, T cells CD4 memory activated, T cells follicular helper, T
cells regulatory (Tregs), Macrophages M0, Macrophages M1, Macrophages M2, Mast cells resting and
Eosinophils. Other reports have shown high expression of CFB in pancreatic cancer and cutaneous
squamous cell carcinoma, thus con�rming the association between the CFB expression and
carcinogenesis31,32.

To date, the correlation between THCA and the CFB expression remains unclear. Here, we evaluated TME
and TICs to identify the possible role of the CFB in the growth and progression of THCA33,34. However,
previous studies have reported gene signatures that de�ne the growth and progression of THCA. In this
study, we focused on the gene signatures in complex TME, which affected the progression and prognosis
of THCA. The expression of CFB was closely associated with the prognosis of THCA. Thus, CFB might be
used as a potential marker for the prognosis of THCA.

However, it was di�cult to precisely determine the mechanisms of CFB on TME or TICs in THCA patients.
Besides, clinical information from the TCGA database was incomplete, thus we did not perform
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comprehensive prognostic evaluation.

Conclusions
Taken together, our data demonstrated that the expression of CFB is strongly correlated with the
prognosis of THCA, thus could be used as a potential prognostic and therapeutic response marker for
patients with THCA.
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Figures

Figure 1

Correlation of StromalScore and ImmuneScore with clinicopathological staging characteristics. (A-C)
Distribution of estimate scores stromal scores and immune scores in tumor TNM stage.
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Figure 2

High score groups and low score groups and enrichment analysis of GO and KEGG for DEGs. (A, B)
Heatmaps for DEGs in stromal scores and immune scores. Venn diagrams drawn from up-regulated (C)
and down-regulated (D) DEGs in stromal scores and immune scores. (E, F, G) GO term enrichment
analysis results of DEGs. (H, I, J) KEGG term enrichment analysis results of DEGs.
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Figure 3

Protein-protein interaction network and univariate Cox regression analysis. (A) PPI network of the DEGs
based on STRING with interaction con�dence value > 0.99. (B) Visualized PPI analysis of DEGs based on
Cytoscape. (C) The top 30 genes with maximum ordered nodes. (D) Univariate Cox regression analysis of
DEGs, listing the genes with p < 0.05 in the forest plot. (E) Venn diagram showing the key gene (CFB) in
PPI and Univariate Cox regression analysis.
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Figure 4

CFB expression levels and the survival and clinical correlation analysis of THCA patients. (A) The
expression of CFB in the normal and tumor samples. (B) The expression level of CFB in paired normal
and tumor samples. (C) Survival analysis with different CFB expression in high expression and low
expression groups. The expression of CFB with stage (D), T classi�cation (E), M classi�cation F , N
classi�cation (G).
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Figure 5

GSEA for CFB with high expression and low expression. (A) The enriched gene sets in KEGG collection by
the high expression of CFB. Each line represents one particular gene set with different color. and up-
regulated genes and the down-regulated genes located in the left and right of x-axis, respectively. Only
gene sets with NOM p < 0.05 and FDR q < 0.05 were displayed. And only the top 10 leading gene sets
were displayed in the plot. (B) The enriched gene sets in GO collection by the high expression of CFB.
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Figure 6

TIC pro�le and correlation analysis in TME. (A) Bar plot showing the components of TICs in THCA
samples. (B) The proportions of TICs in THCA samples were displayed in correlation matrix.
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Figure 7

Correlation of immune cell in�ltration levels with CFB expression. Violin plot showing the ratio
differentiation of different TICs with high CFB expression and low expression relative to the median
expression level. (B) Scatter plot showing the correlation of 11 kinds of TICs with the CFB expression (p <
0.05). (C) Venn plot showed that 9 kinds of TICs correlated with CFB expression codetermined by
difference analysis which displayed in violin plot and correlation analysis which displayed in scatter
plots.

Figure 8
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Expression of CFB in different GEO datasets. The expression levels of CFB in normal and PTC tissues
from the GSE33630, GSE29265, GSE35570 and GSE27155.
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