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Abstract 

Background: Increased studies on the basis of bulk RNA-sequencing (RNA-seq) data of cancer identify 
numbers of immune-related genes which may play potential regulatory roles in the tumor 
microenvironment (TME) without in-depth validation.  
Methods: In the current study, the immunological correlation and cell subpopulation expression pattern 
of FMNL1 were analyzed using public data. In addition, the cell subpopulation expression pattern of 
FMNL1 was also deeply validated using single-cell RNA-sequencing (scRNA-seq) and multiplexed 
quantitative immunofluorescence (mQIF).  
Results: Bulk FMNL1 mRNA was related to better prognosis in hepatocellular carcinoma (HCC) and 
was able to identify immuno-hot tumor in not only HCC but also multiple cancer types. Bulk FMNL1 
mRNA also predicted the response to immunotherapy in multiple cancers. Further validation using 
scRNA-seq and mQIF revealed that FMNL1 was a biomarker for immune cells. 
Conclusions: FMNL1 is a biomarker for immune cells in not only hepatocellular carcinoma, but also 
multiple cancer types. Moreover, immune infiltration analysis using the bulk RNA-seq data would be 
further validated using scRNA-seq and/or mQIF to describe the cell subpopulation expression pattern in 
tumor tissues for more in-depth and appropriate understanding. 
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Background 
Increasing studies on the basis of bulk 

RNA-sequencing (RNA-seq) data of cancer have been 
conducted to investigate the features of the tumor 
microenvironment (TME) and identify numbers of 
immune-related genes that may play potential 
regulatory roles in TME, but only a few researchers 

provided in-depth insights into candidate genes [1, 2]. 
In fact, most immune-related genes are lowly 
expressed in tumor cells but specifically enhanced in 
immune cells. In other words, these genes were just 
novel biomarkers for immune cells, but not cancer 
immunological correlation genes. For example, PD-L1 
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is induced by IFN-γ released by cytotoxic T 
lymphocytes (CTLs) and promotes the immune 
escape of cancer cells. The expression of PD-L1 is 
highly correlated with the TME features. However, 
CD8A, a cell biomarker for CTLs, is also highly 
correlated with TME features in bulk RNA-seq 
analysis. Obviously, the tight immunological 
correlation of CD8A makes no sense for cancer 
cell-mediated TME regulation because it is just a cell 
biomarker for CTLs. However, bulk RNA-seq fails to 
resolve cell subpopulations in tumor tissues [3], and 
can not effectively identify the function of candidate 
genes. 

 In our previous study, we uncovered that 
Formin-like gene 1 (FMNL1) was tightly related to 
immune infiltration in gastric cancer [4]. FMNL1 is 
highly expressed in leukocytes and overexpressed in 
lymphomas, but also expresses in epithelial cancer [5, 
6]. In terms of molecular functions, FMNL1 is a 
classical cytoskeleton regulator characterized by the 
FH2 structural domain, which mediates the assembly 
of actin filaments [7]. Consequently, FMNL1 has been 
summarized to be correlated with the aggressiveness 
of multiple cancers [8, 9]. Behind the tight 
immunological correlation, whether FMNL1 plays a 
critical role in regulating TME or it is just a biomarker 
for tumor-infiltrating immune cell (TIIC) should be 
further investigated.  

In this research, the bulk RNA-seq data from the 
Cancer Genome Atlas (TCGA) database was utilized 
to explore the correlation between FMNL1 and 
features of TME, and FMNL1 was found to be tightly 
correlated with features of TME in not only 
hepatocellular carcinoma (HCC) but also multiple 
cancer types. However, further validation using 
single-cell RNA-sequencing (scRNA-seq) and multi-
plexed quantitative immunofluorescence (mQIF) 
revealed that, FMNL1 was just a biomarker for 
immune cells. Thus, bulk RNA-seq analysis of 
immune-related genes should be further validated 
using sc-RNA-seq or mQIF to describe the cell 
subpopulation expression pattern in tumor tissues. 

Materials and methods 
Acquisition of public transcriptome data 

The RNA-seq data and clinical annotation in the 
Cancer Genome Atlas (TCGA) were obtained from the 
Xena (http://xenabrowser.net/datapages/). All 
abbreviations for tumor types were shown in Table 
S1. The single-cell RNA sequencing (scRNA-seq) 
datasets (GSE98638, GSE125449, and GSE140228) 
from hepatocellular carcinoma (HCC) patients were 
collected from previously published datasets [10-12]. 

Assessment of immunological characteristics 
of the tumor microenvironment 

The immunological features of the tumor 
microenvironment (TME) in HCC contained 
immunomodulators, the activities of the cancer 
immunity cycle, infiltration levels of tumor- 
infiltrating immune cells (TIICs), and the expressions 
of inhibitory immune checkpoints. First, the 
ESTIMATE algorithm was apllied to calculate Tumor 
Purity, ESTIMATE Score, Immune Score, and Stromal 
Score [13]. In addition, we studied the expressions of 
122 immune modulators, including MHC, receptors, 
chemokines, and immuno-stimulating factors [14]. 
Furthermore, the correlations between FMNL1 
expression and immune checkpoints levels were 
assessed. We used five independent algorithms to 
calculate TIICs levels to prevent calculation errors 
brought on by different techniques: TIMER [15] EPIC 
[16], MCP-counter [17], quanTiseq [18], and TISIDB 
[19]. The single-sample gene sets enrichment analysis 
(ssGSEA) [20] was used to estimate the infiltration 
levels of various immune cell populations as well as 
the activity of immune-related pathways and 
functions of each patient in order to better understand 
the immunological status of each patient using a set of 
signature genes of 29 immune cell types and 
immune-related pathways [21]. We also calculated the 
T cell inflamed score using the weighting coefficient 
and expression levels of 18 genes [22]. Given that the 
anti-cancer immune response was mirrored by a 
cancer immunity cycle with seven phases, the 
activation score of each stage was determined by the 
expression of particular biomarkers in each stage by 
ssGSEA [20]. According to previous studies [23-26], 
immuno-hot tumors could be defined as tumors with 
high expression immunomodulators, high activities of 
the cancer immunity cycle, high levels of TIICs, and 
high expression of inhibitory immune checkpoints. 
We split the patients into high and low FMNL1 
groups at the median expression of FMNL1 in order 
to explore the function of FMNL1 in controlling 
anti-tumor immunity in HCC. We next analyzed the 
differences in immunological characteristics of TME 
in these aspects. 

Single-cell RNA sequencing data analysis 
The standard workflow of the python-based 

toolkit Scanpy (version 1.5.1) [27] was used to carry 
out unsupervised clustering and dimension 
reduction. In short, highly variable genes (HVGs) 
were found utilizing dispersion-based approaches by 
setting flavor = “seurat”, where the normalized 
dispersion is created by scaling with the mean and 
standard deviation of the dispersions for genes falling 
into a specific bin for mean expression of genes. The 
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variable gene matrix underwent Principal Component 
Analysis (PCA) to decrease noise, and the top 50 PCs 
were used in subsequent analyses. A batch-balance k 
nearest neighbor (KNN) graph was created using 
BBKNN to correct the technical batch effects from 
heterogeneous datasets by identifying the top 
neighbors of each cell in each batch independently as 
opposed to the full cell pool [28]. The Leiden 
technique was then used on these nearest neighbor 
graphs to identify cell clusters and identify 
communities [29]. The same PCs recommended using 
uniform manifold approximation and projection 
(UMAP) for visualization [30]. In earlier 
investigations, the cell type for every cell was 
annotated. 

The scRNA-seq database Tumor Immune 
Single-cell Hub (TISCH, http://tisch.comp-genomics 
.org/gallery/) [31], which focuses on the exploration 
of the TME features, offers thorough single-cell level 
cell-type annotation. The cell subpopulation patterns 
of FMNL1 in human malignancies were examined 
using the TISCH. All settings were set to their default 
values.  

Cell-cell communication analysis 
Cell-cell communications mediated by ligand- 

receptor complexes were critical to diverse biological 
processes, such as inflammation and tumorigenesis. 
To investigate the molecular interaction networks 
between different cell types, we used the 
“CellPhoneDB” [32], a software to infer cell-cell 
communication from the combined expression of 
multi-subunit ligand-receptor complexes, to analyze 
the interactions between tumor cells and 
microenvironment cell subpopulations. The 
ligand-receptor pairs with a P value < 0.05 were 
remained for the assessment of relationship among 
different cell clusters. 

Clinical samples 
The HCC tissue microarray (Cat. HLivH18 

0Su17) was provided by Outdo BioTech (Shanghai, 
China). The tissue microarray included 88 para-tumor 
tissues and 92 HCC tissues. Outdo BioTech provided 
comprehensive clinico-pathological details and 
follow-up information for the cohorts. In this study, 
the tissue microarray was used for multiplexed 
quantitative immunofluorescence (mQIF). The 
Clinical Research Ethics Committee of Outdo Biotech 
(Shanghai, China) gave its approval for the research of 
tissue microarray. 

Multiplexed quantitative immunofluorescence 
Using a previously established procedure, the 

mQIF was immediately carried out on the tissue 
microarray to quantify the levels of FMNL1, CD45, 

and CK8 in the HCC samples and simultaneously 
detecting DAPI [33]. The primary antibodies were as 
follows: anti-FMNL1 (1:4000 dilution, Cat. 
27834-1-AP, ProteinTech, Wuhan, China), anti-CD45 
(1:10 dilution, Cat. GM0701, GeneTech, Shanghai, 
China), and anti-CK8 (1:5 dilution, Cat. GT2035, 
GeneTech, Shanghai, China). For stratification, 
samples were classified into high/low at the 
50-percentile of the cohort scores as stratification 
cut-point. CK8 staining was used to distinguish the 
tumor and stromal regions. Using HistoQuest 
software (TissueGnostics), positive/negative cells 
were identified in 3-5 typical locations (0.23 mm2 
each). In the representative locations, the rates of 
positive cells were calculated. 

Predictive value of FMNL1 in the response to 
immunotherapy 

To check whether the bulk FMNL1 mRNA level 
could predict the response to immunotherapy, the 
GSE100797, GSE126044, MEDI4736, and PRJEB23709 
cohorts [34-37] were downloaded. The expression of 
FMNL1 in samples with different responses was 
compared. In addition, the prognostic value of 
FMNL1 in the PRJEB23079 cohort was assessed. 

Human Protein Atlas database analysis 
The Human Protein Atlas (http://www 

.proteinatlas.org/) dataset is launched to describe all 
the human proteins in cells, tissues, and organs 
utilizing the integration of multi-omics [38]. All 
researchers can obtain the online data for free on the 
HPA platform. In this study, the protein levels of 
FMNL1 in tumor tissues across cancer types were 
examined using data programmed from the HPA 
dataset. 

Statistical analysis 
R version 4.0.0 was used to conduct all statistical 

analyses. The difference between two groups was 
assessed using the parametric Student's t-test or 
non-parametric Mann Whitney test, and the 
difference between several groups was examined 
using the parametric one-way ANOVA or the 
non-parametric Kruskal-Wallis test. The log-rank test 
was used for the survival analysis. The Pearson test 
was used to examine the correlation between the two 
variables. If not otherwise specified, a two-paired 
P-value < 0.05 was considered statistically significant 
for all analyses. 

Results 
Bulk FMNL1 mRNA expression predicts better 
prognosis in HCC 

The clinical parameters of the TCGA-HCC 
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cohort were exhibited in Supplementary Table S2. 
Firstly, the prognostic value of FMNL1 mRNA was 
assessed in HCC. As Figure 1A showed that patients 
with high FMNL1 mRNA expression exhibited 
prolonged disease-free survival (DFS) and 
progression-free survival (PFS), but had no significant 
correlation with overall survival (OS) and 
disease-specific survival (DSS). We also examined the 
correlation between FMNL1 expression and clinical 
parameters, and found that FMNL1 was correlated 
with gender (Supplementary Table S3). Given the 
oncogenic role of FMNL1 in human cancers [8, 9], the 
contradictory prognostic phenotype was puzzling. 
Generally, patients with immuno-hot tumors 
exhibited a better prognosis [39]. Based on previous 
research [4], we speculated that FMNL1 was 
correlated with immuno-hot tumors in HCC, and then 
the immunological role of FMNL1 was investigated in 
the TCGA cohort.  

Bulk FMNL1 mRNA expression identifies 
immuno-hot tumors in HCC 

According to the results of the ESTIMATE 
algorithm in HCC, tumors with high FMNL1 
expression had lower tumor purity but higher TIIC 
infiltration (Figure 1B). Bulk FMNL1 mRNA 
expression was positively correlated with ESTIMATE 
Score, Immune Score, and Stromal Score but 
negatively correlated with Tumor Purity. The 
majority of chemokines, immunostimulators, major 
histocompatibility complex (MHC) components, and 
receptors were overexpressed in the high FMNL1 
group, according to further expression level analysis 
(Figure 1C). In addition, we assessed the gene 
biomarkers of common immune cells and found that 
these biomarkers were upregulated in the high 
FMNL1 group (Supplementary Figure S1A). 
Subsequently, the infiltration levels of TIICs were 
estimated using five independent algorithms, and the 
results revealed that the infiltration levels of most 
TIICs were significantly upregulated in the high 
FMNL1 group (Figure 1D). Simultaneously, we 
discovered that FMNL1 was positively linked with 
the majority of immune cell types and the activity of 
immune-related pathways except type II IFN 
response (Supplementary Figure S1B), by utilizing the 
ssGSEA algorithm. FMNL1 expression was positively 
correlated with the T-cell inflamed score, an 
alternative indicator to evaluate the clinical response 
to immunotherapy, and the activities associated with 
most steps of cancer immunity cycle were 
significantly upregulated in the high FMNL1 group 
(Supplementary Figure S1C-D). More meaningfully, 
FMNL1 in HCC was found to be positively correlated 

with most inhibitory immune checkpoints, which 
were uncovered to be highly expressed in the 
inflamed TME (Figure 1E). Overall, FMNL1 mRNA is 
highly correlated with the immuno-hot TME in HCC 
and could be used as a novel biomarker to predict 
better prognosis. 

Pan-cancer immunological analysis of bulk 
FMNL1 mRNA expression 

Whether bulk FMNL1 mRNA expression was 
correlated with the immuno-hot TME in pan-cancer 
was next assessed. As Figure 2A showed that FMNL1 
was positively correlated with chemokines, 
immunostimulators, MHC molecules, and receptors 
in most types of cancer except PCPG. The FMNL1 
expression was substantially linked with the majority 
of TIICs in pan-cancer, with the exception of PCPG, 
according to the results of the computation of TIICs in 
the TME using the ssGSEA method (Figure 2B). 
Additionally, the associations between FMNL1 and 
immune checkpoint expressions in various cancer 
types were examined, and the results were equally 
encouraging (Figure 2C). 

As a matter of course, patients with high FMNL1 
expression should exhibit better responses to 
immunotherapy due to the tight immunological 
correlations of FMNL1 in pan-cancer. We collected 
three datasets which included RNA-seq data from 
patients receiving immunotherapy. In the GSE100797, 
GSE126044, MEDI4736, and PRJEB23079 datasets, 
FMNL1 was also related to most immune checkpoints 
expressions (Figure 3A, 3C, 3E, 3G). In addition, 
FMNL1 was highly expressed in the patients with 
higher response to immunotherapy (Figure 3B, 3D, 3F, 
3H). Moreover, patients with high FMNL1 expression 
exhibited prolonged OS and PFS in the PRJEB23079 
dataset (Figure 3I-J). Collectively, these findings 
suggest that bulk FMNL1 mRNA expression is a 
pan-cancer classifier that identifies immuno-hot 
tumors and forecasts immunotherapy response. 

Single-cell analysis and mQIF revealing FMNL1 
is a biomarker for immune cells 

Subsequently, the expression pattern of FMNL1 
in HCC was investigated. The merged scRNA-seq 
data of HCC was utilized to describe the expression 
pattern of FMNL1 at the single-cell level (Figure 
4A-B). As Figure 4C-E revealed, FMNL1 was highly 
expressed in various immune cells but lowly 
expression in tumor cells, HPC-like cells, fibroblasts, 
and endothelial cells. Considering that FMNL1 was 
expressed in various immune cells, we hypothesized 
that FMNL1 may be a pan-immune cells marker.  
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Figure 1. FMNL1 identifies the immuno-hot TME and better prognosis in the TCGA-LIHC cohort. (A) Prognostic values of FMNL1 mRNA in HCC in terms of OS, 
DSS, DFS, and PFS. (B) Correlations between FMNL1 mRNA expression and Tumor Purity, ESTIMATE Score, Immune Score and Stromal Score estimated by ESTIMATE 
algorithm in HCC. (C) Expression levels of 122 immunomodulators in HCC between the high and low FMNL1 groups in HCC. (D) The difference of TIICs levels between high 
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and low FMNL1 groups calculated by five independent algorithms in HCC. (E) Correlations between FMNL1 and inhibitory immune checkpoints in HCC. The color reveals the 
Pearson correlation coefficient. 

 
Figure 2. Pan-cancer analysis of the immunological correlation of FMNL1 in the TCGA pan-cancer cohort. (A) Correlations between FMNL1 and 122 
immunomodulators (chemokines, immunostimulators, MHC, and receptors). The color indicates the correlation coefficient. The asterisks indicate significant differences assessed 
by Pearson analysis. (B) Correlations between FMNL1 and 28 TIICs calculated using the ssGSEA algorithm. The color indicates the correlation coefficient. The asterisks indicate 
significant differences assessed by Pearson analysis. (C) Correlation between FMNL1 and 4 immune checkpoints, LAG3, TIGIT, CTLA4, and CD274. The dots represent cancer 
types. The y-axis represents the Pearson correlation coefficient, while the x-axis represents -log10 (P-value). 

 
Then, mQIF was employed to validate the 

expression pattern of FMNL1 using co-staining of 
FMNL1, CD45 (a biomarker for most immune cells), 
and CK8 (a biomarker for glandular epithelium and 
adenocarcinoma cell). The clinical parameters of the 
in-house cohort were exhibited in Supplementary 
Table S2. The results showed that, FMNL1 was highly 
expressed and co-localized with CD45 in the stromal 
region (Figure 4F-H). Moreover, the prognostic value 
of FMNL1 in HCC was explored. As Figure 4I 

exhibited that, the positive rates of FMNL1 in the 
tumor region, FMNL1 in the stromal region, and 
CD45 in the stromal were not associated with 
prognosis. However, the positive rate of FMNL1 in 
CD45+ cells was associated with prolonged OS (Figure 
4I-J). We also examined the correlation between 
FMNL1 expression and clinical parameters. The 
results were similar to the findings from the TCGA 
cohort, namely FMNL1 was correlated with gender 
(Supplementary Table S3). 
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Figure 3. Predictive value of FMNL1 in the response to immunotherapy. (A, B) Correlations between FMNL1 and immune checkpoints expressions and predictive 
value of FMNL1 in the response to immunotherapy in the GSE100797 cohort. (C, D) Correlations between FMNL1 and immune checkpoints expressions and predictive value 
of FMNL1 in the response to immunotherapy in the GSE126044 cohort. (E, F) Correlations between FMNL1 and immune checkpoints expressions and predictive value of FMNL1 
in the response to immunotherapy in the MEDI4736 cohort. (G, H) Correlations between FMNL1 and immune checkpoints expressions and predictive value of FMNL1 in the 
response to immunotherapy in the PRJEB23709 cohort. (I, J) Prognostic value of FMNL1 in the PRJEB23709 cohort in terms of OS and PFS. 

 
To further explore the role of FMNL1 in 

formation of the inflamed tumor microenvironment 
(TME) in HCC patients, we firstly divided the 
immune subpopulations into FMNL1+ and FMNL1- 
based on the expressed count of FMNL1. Then, 
CellPhoneDB software was performed to dissect the 
interactions among various subpopulations. Results 
showed that compared with FMNL1- immune cells, 
FMNL1+ immune cells presented significantly more 
interactions with other cell subpopulations (Figure 
S2A-B). Notably, we calculated the difference in 
interaction numbers among T/NK (FMNL1+ and 

FMNL1-) and other subpopulations. Compared with 
T/NK (FMNL1-) cells, T/NK (FMNL1+) cells showed 
the highest communication strength with other T cells 
and malignant cells (Figure S2C), which potentially 
take part in the formation of an inflamed TME. 

 We further identified the significant ligand- 
receptor interactions among these cell types using 
CellphoneDB. Results showed that T/NK (FMNL1-) 
and myeloid (FMNL1-) cells rarely interacted with 
malignant cells, but T/NK (FMNL1+) and myeloid 
(FMNL1+) cells presented many unique interactions 
with malignant cells (Figure S2D-E).  
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Figure 4. Expression pattern of FMNL1 revealed by scRNA-seq and mQIF. (A) UMAP visualization of eleven cell types in HCC patients in the merged dataset of 
GSE98638, GSE125449, and GSE140228. (B) Heatmap of the expression of cell type-specific genes which were reported in previous studies. (C) Expression levels of FMNL1 
overlaid on the UMAP representation. (D) Boxplot displaying the expression levels of FMNL1 among cell types. (E) Stacked histogram showing the percentage of cells expressed 
FMNL1 (count > 0, pink) and unexpressed FMNL1 (count = 0, blue) in each cell type. (F) Representative images revealing FMNL1, CD15, and CK8 staining in HCC using mQIF 
in the HLivH180Su17 cohort. Magnification, 200×, Bar = 100μm. (G) Comparison of the positive rate of FMNL1 in the tumor and stromal regions. (H) Correlation between 
FMNL1 positive and CD45 positive rate in the stromal region in HCC. (I, J) The prognostic value of FMNL1 positive rate in the tumor region, FMNL1 positive rate in the stromal 
region, CD45 positive rate in the stromal region, and positive rate of FMNL1 in CD45+ cells in HCC. 



 Journal of Cancer 2023, Vol. 14 

 
https://www.jcancer.org 

2986 

For example, T/NK (FMNL1+) cells commu-
nicated with malignant cells via CCR6-CCL20 (Figure 
S2D), which involved in the recruitment of T/NK cells 
[40, 41] and promoted the invasion and metastasis of 
tumor cells [42]. Specifically, our results showed that 
some inhibitory interactions, such as PVR-CD226, 
SPP1-CD44, and PDCD1-FAM3C interactions, were 
detected between malignant cells and T/NK 
(FMNL1+) cells (Figure S2D). Notably, a recent study 
found that the intercellular communications between 
PVR+ malignant cells and CD226+ T cells can 
enhance the anti-tumor immune response [43]. In 
addition, malignant cells also had frequent 
interactions with myeloid (FMNL1+) cells via many 
ligand-receptor pairs, such as OSMR-OSM (Figure 
S2E), which took participate in the process and 
invasion of tumor cells [44-47]. Besides, some famous 
inhibitory interactions, such as CD74-MIF, also found 
between malignant and myeloid (FMNL1+) cells 
(Figure S2E). Totally, based on the interactions among 
cell types, we explained the formation of the inflamed 
TME of patients with high FMNL1 expression, and 
further explored the unique and potential targeted 
ligand-receptor pairs between the T/NK (FMNL1+) / 
myeloid (FMNL1+) and malignant cells.Furthermore, 
we also explored the various expression of FMNL1 in 
different cell types in pan-cancer. Based on the data 
from the TISCH database, we revealed that FMNL1 
was highly expressed in immune cells (Figure 5A). 
The immunohistochemistry data from the HPA 
database also supported that FMNL1 was highly 
expressed in the stromal region (Figure 5B). Overall, 
FMNL1 is a novel biomarker for immune cells, 
leading to the consequent immunological correlations 
in routine analysis using bulk RNA-seq data. 

Discussion 
Recently, cancer immuno-correlation analysis of 

candidates is a boom in bioinformatics [2, 48, 49]. 
However, some studies failed to draw more deeply 
meaningful conclusions just with superficial analysis. 
As an example of self-criticism, we revealed that 
FMNL1 was tightly related to immune infiltration in 
gastric cancer in our previous research [4], but no 
in-depth analysis was performed. In addition, genes 
expressed in tumor cells are preferred above those 
expressed in immune cells or other cells, as advised 
by a protocol to identify novel immunotherapy 
biomarkers. The expression of genes expressed in 
non-tumor cells may not be assessed due to the high 
purity of special tumors [23]. In this research, based 
on public data and biological validation, we found 
that FMNL1 was just a novel biomarker for immune 
cells in HCC, but was not an immunologically 
correlated gene in tumor cells. Due to the specific 

expression pattern of FMNL1, its obvious correlation 
with immune TME could be observed in routine 
analysis based on bulk RNA-seq data, and its function 
act as a cancer immunologically correlated gene may 
be irrelevantly speculate.  

 FMNL1 is a classic member of Formin proteins 
and mediates the polymerization of F-actin [50]. 
Given the significant role of FMNL1 in F-actin 
networks, FMNL1 is involved in podosome dynamics, 
phagocytosis, cell adhesion, and cell migration [51]. 
According to published reports, the oncogenic role of 
FMNL1 has been preliminarily established. FMNL1 
was elevated in multiple types of cancer and 
facilitated cell invasiveness [9, 52, 53]. In terms of 
mechanisms, in addition to mediating cytoskeletal 
remodeling, FMNL1 could promote tumor cell 
aggressiveness through multiple mechanisms. In 
nasopharyngeal carcinoma, FMNL1 promoted cell 
aggressiveness by epigenetically up-regulating MTA1 
[8]. In NSCLC, inhibition of FMNL1 could suppress 
bone metastasis via restraining TGF-β1 signaling [54]. 
Hovever, the expression pattern of FMNL1 in cancer 
has not been well explored. 

FMNL1 is mostly expressed in immune cells and 
tissues, including peripheral blood leukocytes, the 
spleen, and the thymus, while playing a crucial 
oncogenic role in numerous cancer types [6, 55, 56]. 
Additionally, FMNL1 is strongly expressed in a 
number of hematological malignancies, such as 
non-Hodgkin’s lymphomas, lymphoid and myeloid 
leukemias, and malignant lymphoid and myeloid cell 
lines [6, 55, 57]. As we all know, the tumor mass is 
complex and consists of malignant as well as 
anti-tumor immune cells [58]. As revealed in this 
research based on scRNA-seq and mQIF, FMNL1 is 
highly expressed in immune cells instead of tumor 
cells in HCC. In addition, several studies has 
uncovered that FMNL1 was highly expressed in TIICs 
in breast cancer [24, 59]. Due to this specific 
expression pattern, FMNL1 mRNA expression in 
tumor tissues was largely sourced from TIICs from 
bulk RNA-seq analysis.  

In this report, we revealed that higher FMNL1 
expression could predict well clinical outcome in 
HCC. However, prior studies showed that elevated 
FMNL1 expression was linked to poor prognosis in a 
number of malignancies, including clear cell renal cell 
carcinoma [60], gastric cancer [4], and glioblastoma 
[9]. According to previous research, FMNL1 
promoted the migration of T cells and macrophages 
[61, 62]. Simultaneously, based on high positive rate 
of FMNL1 in CD45+ cells predicting prolonged OS 
verified in this research, we speculated that FMNL1+ 
immune cells had stronger migration capability, 
increasing their propensity to act as anti-tumor roles. 
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In addition, FMNL1 was also could be detected in 
tumor cells, which acted as a critical oncogene in 
multiple cancers. As a result, we hypothesized that 
varied prognostic characteristics in diverse 
malignancies were caused by the balance of FMNL1 
expression in tumor and immune cells. 

Conclusions 
Overall, the in-depth analysis beyond bulk 

RNA-sequencing was prepormed involving the 
immunological correlation and cell subpopulation 

transcriptomic pattern of FMNL1. Although FMNL1 
was tightly correlated with immune infiltration in 
HCC, and even in pan-cancer, it was a novel 
biomarker for immune cells, but might not be a critical 
regulator in tumor cells to mediate tumor immunity 
due to the distinctive expression pattern of FMNL1. 
Thus, blind immune infiltration analysis based on 
bulk RNA-seq data should be further validated using 
scRNA-seq or mQIF for more deeply appropriate 
conclusions. 

 

 
Figure 5. Pan-cancer analysis of the expression pattern of FMNL1. (A) Expression of FMNL1 at the single-cell level in multiple datasets. The original data was obtained 
from the TISCH database. (B) Immunohistochemistry staining revealed the expression of FMNL1 across cancer types. The original data was obtained from the HPA database. 
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