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Abstract
Background

NAT10 (also known as human N-acetyltransferase-like protein) is a critical gene that regulates N4-
acetylcytidine formation in RNA, similar to the multiple regulators of N6-methyladenosine. However, the
underlying functions and mechanisms of NAT10 in tumor progression and immunology are unclear.

Methods

In this study, we systematically analyzed the pan-cancer expression and correlations of NAT10, using
databases including Oncomine, PrognoScan, GEPIA, and Kaplan-Meier Plotter. The potential correlations
of NAT10 with immune infiltration stages and gene marker sets were analyzed using the Tumor Immune
Estimation Resource and GEPIA.

Results

Compared with normal tissues, NAT10 showed higher expression in 26 of 27 cancers based on combined
data from TCGA and GTEx. In different datasets, high NAT10 expression was significantly correlated with
poor prognosis in adrenocortical carcinoma, head and neck squamous cell carcinoma, liver
hepatocellular carcinoma, kidney renal papillary cell carcinoma, and pheochromocytoma and
paraganglioma. Moreover, there were significant positive correlations between NAT10 expression and
immune infiltrates, including B cells, CD8+ T cells, CD4+ T cells, neutrophils, macrophages, dendritic cells,
endothelial cells, and fibroblasts in LIHC. NAT10 expression showed strong correlations with diverse
immune marker gene sets in LIHC.

Conclusion

NAT10 expression affects the prognosis of pan-cancer patients and is significantly correlated with tumor
immune infiltration. Furthermore, it represents a potential target for cancer therapy.

1. Background
RNA modification was first discovered in 1956 by Cohn et al. (1) and Davis et al. (2). In recent years,
extensive research in RNA biology has revealed diverse modifications of RNA at the post-transcription
stage. More than 100 RNA modifications have been shown to have important roles in regulating RNA
stability (3), localization (4), transport, shearing (5), and translation (6). In particular, N6-methyladenosine
(m6A), the most abundant mRNA modification in eukaryotic cells, with its regulators have been a focus of
attention in recent years because of their extensive participation in various physiological and
pathological process, including development (7, 8), immunity (9), tumorigenesis and metastasis (10),
stem cell renewal (11), and adipogenesis (12). However, the roles of other RNA modifications in tumors
have not been identified, and the targeting regulatory proteins for all the modifications are yet to be
discovered and confirmed.
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N4-acetylcytidine (ac4C) is considered to be a conservative chemically modified nucleoside on tRNA and
rRNA (13). Recently, several studies proved that the presence of ac4C on tRNA, rRNA and mRNA is
important for increasing and maintaining the fidelity of protein translation (14-17). Furthermore, studies
by Thomale et al. (18) and Liebich et al. (19) found significant increases in modified nucleosides
(including ac4C) in the urine of tumor mice and cancer patients. Besides, increased levels of ac4C in urine
were observed in colorectal cancer (20), urogenital cancer (21), ovarian epithelial cancer (22), and breast
cancer (23). These findings suggest that ac4C is a potential biomarker for cancer.

NAT10 (also known as hALP, human N-acetyltransferase-like protein), which was first reported in 2003, is
a protein with histone acetylation activity that can enhance telomerase activity by stimulating
transcription of hTERT (24). Tuan et al. first showed that NAT10 was associated with cancer by
demonstrating that it could significantly promote cell growth in epithelial ovarian cancer (25). NAT10 also
has a potential role in increasing melanogenesis and melanoma growth (26). In addition, high NAT10
expression was found to be related to poor survival in human hepatocellular carcinoma (27) and to
promote colorectal cancer progression by increasing micronuclei (28). These findings suggest that
NAT10 has multifaceted functional roles in cancers. Several studies have also shown that levels of ac4C
are associated with inflammatory responses(29, 30). However, the underlying functions and mechanisms
of NAT10 in tumor progression and tumor immunology remain unclear.

In the current study, we systematically analyzed the pan-cancer expression of NAT10 and its correlations,
using databases including Oncomine, PrognoScan, GEPIA, and Kaplan-Meier Plotter. We then investigated
the potential correlations of NAT10 with immune infiltration stages using the Tumor Immune Estimation
Resource (TIMER) and GEPIA. The findings from our study indicate that NAT10 expression affects the
prognosis of pan-cancer patients as well as being significantly correlated with tumor-immune infiltration.
Furthermore, it may serve as a potential target for cancer therapies.

2. Results
2.1 Pan-cancer NAT10 mRNA expression levels

The mRNA expression levels of NAT10 were analyzed in Oncomine over a cancer-wide range. NAT10
expression was higher in cancer groups compared with the respective normal groups, including bladder,
breast, colorectal, esophageal, gastric, liver, lung, kidney, and prostate cancers, as well as leukemia and
myeloma. Interestingly, lower expression of NAT10 was found in one leukemia dataset (Fig. 1A). The
NAT10 expression data for multiple cancers from Oncomine are summarized in Supplementary Table 1.

The GTEx database was also used to examine different tissues from healthy individuals; the mRNA
expression levels of NAT10 were similar across all tissues (Fig. 1D), with the notable exceptions of bone
marrow and blood. More significantly, in different cancer cell lines from the CCLE database, not only were
NAT10 expression levels widely increased, but there was a narrower range of expression compared with
that in normal tissues. (Fig. 1E). Furthermore, the pan-cancer expression of NAT10 was examined based
on RNA sequencing data from TCGA using TIMER. Details of expression in tumor tissues and adjacent
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normal tissues are shown in Fig. 1B. NAT10 expression was significantly increased in 17 of 23 cancer
types. Based on combined data from TCGA and GTEx, the expression of NAT10 was significantly
elevated in 26 of 27 cancers (Fig. 1C).

2.2 Analysis of the pan-cancer link between NAT10 expression and multifaceted prognostic value

We assessed the correlation between the respective expression levels of NAT10 and OS, PFS, DFS, and
DSS in different cancer types using a single-variate Cox regression analysis based on TCGA. The results
are summarized in Fig. 2A-D. Nine of the 33 cancer types showed significant relationships between
NAT10 expression levels and OS, seven showed significant relationships with PFS, five with DFS, and
seven with DSS. Overall, the HRs for NAT10 were significant for LIHC, HNSC, ACC, KIRP, and PCPG with
respect to OS, PFS, DFS, and DSS. In addition, survival curves comparing high and low expression of
NAT10 in different types of cancer in the TCGA database were shown in supplementary figure 1.

 Using Kaplan-Meier Plotter and GEPIA, high expression of NAT10 in HNSC, KIRP, LIHC and PCPG had
worse outcomes from Kaplan-Meier Plotter in OS and RFS (Fig. 3A-H). For ACC, HNSC, KIRP and LIHC,
NAT10 significantly decreased the OS in GEPIA (Fig. 3I-M). In addition, compared with low expression
levels, high expression levels of NAT10 were correlated with poorer DFS in ACC, KIRP and LIHC in GEPIA
(Fig. 3N-P). Using PrognoScan, we analyzed the role of NAT10 in each cancer type (number of cancer
types = 12) and the relationships between NAT10 expression and prognosis in different cancers. The
results are shown in Supplementary Table 2. Therefore, these results suggest that NAT10 expression is an
independent risk factor for poor prognosis in these cancers.

2.3 High NAT10 expression affects the prognosis of LIHC with different clinicopathological features

In order to determine the relevance and underlying mechanisms of NAT10 expression in LIHC, we first
analyzed NAT10 expression at different stages of LIHC, ACC, KIRP, and HNSC using TIMER. The
expression of NAT10 at stage III showed a significant increase compared with stage I (Fig. 4A-D). The
relationships between NAT10 expression and clinicopathological features were investigated by
combining clinical and pathological data in Kaplan-Meier Plotter. With respect to OS and PFS, almost all
characteristics showed a detrimental role of NAT10 in patients with LIHC, except for grade 2 (N =174, HR
= 1.92, 95% CI = 0.97 to 3.97, P = 0.0564), AJCC_T 1 (N = 180, HR = 1.6, 95% CI = 0.89 to 2.89, P =0.1146),
and micro-vascular invasion (N = 90, HR =2.02, 95% CI =0.9 to 4.57, P =0.0833) for OS; and stage 2 (N =
84, HR = 1.87, 95% CI = 0.99 to 3.54, P = 0.0501), grade 2 (N = 175, HR =1.51, 95% CI = 0.98 to 2.35, P =
0.0619), non-vascular invasion (N = 204, HR = 1.54, 95% CI = 0.96 to 2.49, P = 0.0721), and micro-
vascular invasion (N = 91, HR = 1.76, 95% CI = 0.97 to 3.19, P = 0.0583) for PFS (Supplementary Table 3).
Therefore, the expression of NAT10 seems to be an independent risk factor in prognosis of LIHC.

2.4 NAT10 expression is correlated with pan-cancer immune infiltration levels

Previous studies have proved that tumor-infiltrating lymphocytes can affect patient survival (31), and the
above results demonstrate a powerful pan-cancer effect of NAT10 on prognosis. Thus, we explored the
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relationships between inflammatory infiltration and NAT10 expression. Using TIMER datasets, we
calculated the coefficients of NAT10 expression and immune infiltration levels in 40 cancer types. The
results show that NAT10 expression has significant positive correlations with tumor purity in 15 types of
cancer. In addition, NAT10 expression had significant correlations with infiltrating levels of B cells in 15
types of cancer, CD8+ T cells in 17 types of cancer, CD4+ T cells in 20 types of cancer, macrophages in 13
types of cancer, neutrophils in 23 types of cancer, and DCs in 19 types of cancer (Supplementary Table
4).

To investigate the distinct types of cancers in which NAT10 was associated with prognosis and immune
infiltration, and considering that tumor purity influences the analysis of immune infiltration, we first
assessed the relationships between NAT10 expression and tumor purity in the above five types of cancer.
Two types (ACC and HNSC) of the five showed significant positive correlations with tumor purity in
TIMER. In addition, consistent positive correlations with different types of infiltrating immune cells were
seen in LIHC: neutrophils (R = 0.162, P = 0.009) and DCs (R = 0.129, P = 0.039) in KIRP; B cells (R = 0.243,
P = 0.002) and macrophages (R = 0.221, P = 0.004) in PCPG; B cells, CD4+ T cells, neutrophils, and DCs in
ACC; and CD8+ T cells, neutrophils and DCs in HNSC showed positive correlations with NAT10 expression
(Fig. 5A-E). These findings strongly suggest that NAT10 affects patient survival via interactions with
immune cell infiltration in cancers including LIHC.

2.5 Relationships between NAT10 expression and immune markers

To further investigate the correlations between NAT10 and different types of infiltrating immune cells, we
analyzed the relationships between NAT10 and immune cell markers using TIMER and GEPIA. In TIMER,
after adjustments for tumor purity, NAT10 expression was significantly associated with 42 of 45 immune
cell markers in LIHC; however, it was significantly correlated with only 22 gene markers in KIRP, eight gene
markers in ACC, 28 gene markers in HNSC and 21 gene markers in PCPG (Table 1).

As shown in Fig. 5, B cells, CD4+ T cells, and macrophages were the three immune cell types most
strongly correlated with NAT10 expression in LIHC. However, these correlations were not found in KIRP.
The relationships between NAT10 expression and B cells, CD4+ T cells, and macrophage markers also
showed differences between LIHC and KIRP. First, as for B cells and macrophage markers, we analyzed
the correlations of NAT10 expression in tumor and normal tissues for LIHC and KIRP based on the GEPIA
database. Notably, the correlations between NAT10 and TAMs were similar to those found using TIMER,
suggesting that NAT10 is correlated with TAM infiltration in LIHC. Second, NAT10 expression in LIHC and
KIRP showed partial difference in its relationships with CD8+ T cells, Tfh cells, Th2 cells, Th9 cells, Th17
cells, Th22 cells, neutrophils, and NK cells. In addition, NAT10 in LIHC had significant correlations with T
cell exhaustion markers including PD-1 and CTLA4, and monocyte markers including CD14 and CD16,
whereas NAT10 in KIRP showed no such relationships. We also used MCPcounter datasets to analyze the
correlations between NAT10 expression and other immune cells; the results, shown in Supplementary Fig.
2, revealed strong positive correlations of endothelial cells and fibroblasts with NAT10 expression in KIRP
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and LIHC. Therefore, these results further confirm the findings that NAT10 is specifically correlated with
immune infiltrating cells in LIHC, demonstrating that NAT10 has a vital role in immune escape in LIHC.

2.6 Pan-cancer correlation of NAT10 expression with expression of immune checkpoint genes

Tumor immunotherapy is a novel treatment that involves restarting and maintaining the tumor-immune
cycle to restore the body’s normal anti-tumor immune response. Immune checkpoint genes are the main
direction for monoclonal antibody inhibitors, cancer vaccines, cell therapies, and small-molecule
inhibitors (32). Thus, we analyzed the relationships between NAT10 expression and 47 immune
checkpoint genes in the above five types of cancer. Figure 6 shows the most significant positive
correlations in KIRP (15 of 47) and LIHC (31 of 47); no such strong relationships were found in HNSC
(three of 47), ACC (three of 47), or PCPG (seven of 47), but there were positive correlations. Therefore,
these results further suggest that NAT10 expression has a vital role related to immune checkpoint genes
in KIRP and LIHC (Fig. 6A).

2.7 Relationships between NAT10 expression and immune neoantigens, TMB and MSI

Neoantigens are new unnatural proteins encoded by mutated genes in tumor cells, which can be used to
synthesize new antigen vaccines to activate immunity and achieve a therapeutic effect (33). Hence, we
counted the number of new antigens in the above five types of cancer and analyzed the relationships
between NAT10 expression and these antigens. The results are shown in Fig. 6B. Surprisingly, there was
no relationship between NAT10 expression and antigens.

Tumor mutation load (or TMB) (34), a quantifiable biomarker used to reflect the number of mutations
contained in tumor cells, and MSI (35), the emergence of a new microsatellite allele in the tumor, are valid
prognostic biomarkers and indicators of immune therapy response in many tumor types. Therefore, we
analyzed the correlations of NAT10 expression with TMB and MSI in the above five types of cancer, using
Person correlation. As shown in Fig. 6C, NAT10 expression was positively correlated with low TMB in
KIRP (P = 0.0061). In addition, the coefficient values for MSI indicated that NAT10 expression is positively
correlated with high MSI in LIHC (P = 0.0092, Fig. 6D). Overall, these results show that the relationships of
NAT10 expression with TMB and MSI are diverse among these five types of cancer.

2.8 Interactions and correlations of predicted proteins with NAT10 in LIHC

NAT10, the only confirmed regulator of mRNA acetyltransferase, shows remarkable correlation with LIHC.
However, as in the case of m6A RNA methylation regulators which change the levels of m6A, the details
of the compounds involved in the acetylation of mRNA are not clear. To further explore the mechanism of
NAT10 in liver cancer, STRING tools were used to predict the proteins interacting with NAT10 (Fig. 7A);
these included NOL10 (nucleolar protein 10, NOL10), HEATR1 (HEAT repeat-containing protein 1), BMS1
(ribosome biogenesis protein), TBL3 (transducin beta-like protein 3), WDR46 (WD repeat-containing
protein 46), NOL6 (nucleolar protein 6), IMP4 (U3 small nucleolar ribonucleoprotein protein IMP4), UTP20
(small subunit processome component 20 homolog), NOP14 (nucleolar protein 14), and UTP18 (U3 small
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nucleolar RNA-associated protein 18 homolog). The interaction network was further supported by the
correlation analysis in LIHC. Interestingly, NAT10 expression was strongly positively correlated with the 10
predicted genes (Fig. 7B). Furthermore, relationships between prognosis and expression of the 10 genes
were investigated in LIHC with respect to OS and RFS. As shown in Supplementary Table 5, in almost all
cases, higher expression of the 10 genes was associated with poor prognosis in LIHC patients, similar to
NAT10. Therefore, it is reasonable to conclude that the interactions between NAT10 and these 10 genes
influence the prognosis of LIHC patients.

3. Materials And Methods
3.1 Data mining for NAT10 in public databases

First, to investigate the pan-cancer differential expression of NAT10 mRNA, several databases were
mined, including: Oncomine (http://www.oncomine.org/resource/login.html) with thresholds of P-value
0.05 and fold change 1.5; The Cancer Genome Atlas (TCGA); the Broad Institute Cancer Cell Line
Encyclopedia (CCLE); and GEPIA (http://gepia.cancer-pku.cn/).

3.2 Survival analysis in GEPIA, PrognoScan, and Kaplan-Meier Plotter

Cox regression analysis was performed to test the correlations between NAT10 expression and patients’
overall survival (OS), disease-free survival (DFS), disease-specific survival (DSS), and progression-free
survival (PFS) in each cancer type using TCGA in the R environment. PrognoScan
(http://dna00.bio.kyutech.ac.jp/PrognoScan/index.html) microarray datasets were used to examine the
relationships of NAT10 expression levels with prognosis. The threshold was adjusted to Cox P-value <
0.05. GEPIA, an interactive online platform with information from TCGA and GTEx, was used to assess
the effects of NAT10 expression on OS and DFS in each available cancer type (total number = 34).
Kaplan-Meier Plotter is a relatively comprehensive online tool that can be used to analyze the effects of
54,675 genes on survival in 21 cancer types. We analyzed the relationships of NAT10 with OS and
relapse-free survival (RFS) in liver hepatocellular carcinoma (LIHC), Head and neck squamous cell
carcinoma (HNSC), adrenocortical carcinoma (ACC), kidney renal papillary cell carcinoma (KIRP), and
pheochromocytoma and paraganglioma (PCPG). Hazard ratios (HRs) with 95% confidence intervals (CIs)
and log-rank P-values were calculated.

3.3 Correlation between NAT10 expression and immune status in TIMER and GEPIA

TIMER, a powerful online platform for the systematic analysis of immune infiltration in abundant cancer
types, contains 10,897 samples spanning 32 cancer types from the TCGA database, which can be used to
evaluate the diversity of immune infiltration. Therefore, we analyzed NAT10 expression with all six types
of immune infiltrates: B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells
(DCs). Correlations between expression levels of NAT10 and tumor purity were also analyzed.

http://www.oncomine.org/resource/login.html
http://dna00.bio.kyutech.ac.jp/PrognoScan/index.html
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Furthermore, the correlations between immune cell markers and NAT10 expression were identified using
correlation modules. The gene markers included markers of B cells, CD8+ T cells, follicular helper T cells
(Tfh), T-helper 1 (Th1) cells, T-helper 2 (Th2) cells, T-helper 9 (Th9) cells, T-helper 17 (Th17) cells, T-helper
22 (Th22) cells, regulatory T cells (Tregs), exhausted T cells, M1 macrophages, M2 macrophages, tumor-
associated macrophages (TAMs), monocytes, natural killer (NK) cells, neutrophils, and DCs. Correlation
scores were calculated for LIHC, HNSC, ACC, KIRP, and PCPG using the Spearman method.

3.4 PPI network construction and correlation analysis

To explore the proteins potentially interacting with NAT10, the STRING database (http://string-db.org)
was used to infer protein-protein interactions (PPIs). Pearson correlation analysis was used to determine
the associations of proteins with NAT10.

3.5 Statistical analysis

Low and high NAT10 expression groups were established using normalized NAT10 mRNA expression
values from the various datasets, based on P-values determined by t-tests. The Spearman correlation test
was used to assess the correlations between NAT10 expression and targets of interest, including
neoantigens, tumor mutational burden (TMB), and microsatellite instability (MSI). We used log-rank tests
to calculate HRs and log-rank P-values in Kaplan-Meier Plotter, PrognoScan, and GEPIA. P-values less
than 0.05 were considered significant. All graphs were produced using the R software (version 4.0.2,
www.r-project.org) with the ggplot2 and forestplot packages.

4. Discussion
NAT10 was the first acetylation regulator to be proved to maintain effective translation and stabilize
mRNA by forming ac4C on mRNA (17). Although studies of NAT10 have been limited, increased levels of
ac4C in urine are known to be correlated with four types of cancer (20-23). In addition, several studies
have shown that overexpression of NAT10 could promote tumor progression in cancers including
colorectal cancer, epithelial ovarian cancer, and melanoma (25, 26, 29). Here, we report that a higher level
of NAT10 was comprehensively found in multiple cancers according to several different databases.
Meanwhile, using OS, PFS, DFS, and DSS data from TCGA, we discovered that three of 33 cancers (ACC,
KIRP, LIHC) showed consistent correlations between unfavorable prognosis wtih NAT10 expression;
NAT10 expression in HNSC and PCPG showed significant correlations with OS, PFS, and DSS but not
DFS. in particular, there were significant correlations with NAT10 expression in LIHC and KIRP. Prognosis
can vary according to characteristics such as gender, race, tumor grade, and tumor stage. First, we found
significant increased NAT10 expression at stage III compared with stage I in LICH, KIRP, and ACC. Second,
high levels of NAT10 expression were shown to be almost consistently correlated with poor prognosis in
liver cancer across gender, race, alcohol consumption, hepatitis virus, tumor stage, tumor grade and
AJCC_T, with the highest HRs for poor OS and PFS. In KIRP and HNSC, these correlations were found in
our study. Together, these findings strongly suggest that NAT10 represents an independent prognostic
biomarker for liver cancer.

http://www.r-project.org/
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The tumor microenvironment (TME) contains various cells including a large proportion of infiltrating
immune cells (36). Conventionally, the infiltration of immune cells in the TME is a component of an
antitumor strategy to avoid tumor cells being killed (32, 37). Furthermore, in two (ACC and HNSC) of the
above five types of cancer, NAT10 expression showed a significant positive correlation with tumor purity
in TIMER and a significant correlation with prognosis in GEPIA, whereas KIRP, LIHC, and PCPG had no
correlation of NAT10 with tumor purity in TIMER. In addition, the types of infiltrating immune cells in five
types of cancer were as follows: B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and DCs in
LIHC; B cells, CD4+ T cells, neutrophils, and DCs in ACC; CD8+ T cells, neutrophils, and DCs in HNSC;
neutrophils and DCs in KIRP; B cells and macrophages in PCPG. Moreover, the relationships between
NAT10 expression and immune cell markers reveal the role of NAT10 in regulating tumor immunology in
the above five cancers. In particular, NAT10 expression was significantly associated with 42 of 45
immune cell markers in LIHC, that is, all markers except MRC1 for M2 macrophages, KIR3DL1 for NK
cells, and MPO for neutrophils. However, only 20 gene markers in PCPG, 22 gene markers in KIRP, 28 gene
markers in HNSC, and eight gene markers in ACC showed significant correlations with high NAT10
expression. Interestingly, most gene markers in these five types of cancer were involved in B cell, T cell
exhaustion, and TAM. Otherwise, endothelial cells and fibroblasts were strongly positively correlated with
NAT10 expression in KIRP and LIHC, whereas moderate or weak correlations with NAT10 expression were
found in ACC, HNSC, and PCPG using MCPcounter datasets. These results reveal that NAT10 plays an
important part in recruitment and regulation of immune infiltrating cells in LIHC.

Systematic analysis of the correlations between NAT10 expression and immune checkpoint genes (32),
immune neoantigens (33), TMB (34), and MSI (35) is conducive to a more comprehensive understanding
of TME, which could be used to synthesize new antigen vaccines for antitumor therapies. First, in our
study of immune checkpoint genes, we found the most significant positive correlations with NAT10
expression in KIRP (15 of 47) and LIHC (31 of 47), whereas HNSC (three of 47), ACC (three of 47), and
PCPG (seven of 47) did not show these strong relationships, although there were still positive
correlations. Second, no relationship was found between NAT10 expression and antigens. Third, NAT10
expression was positively correlated with low TMB in KIRP (P = 0.0061), and with high MSI in LIHC (P
=0.0092). Overall, these results show that the relationships of NAT10 expression with TMB and MSI are
diverse in these five types of cancer.

STRING tools showed that 10 genes (NOL10, HEATR1, BMS1, TBL3, WDR46, NOL6, IMP4, UTP20, NOP14,
and UTP18) were strongly positively correlated with NAT10. Furthermore, our results show that poor
prognosis with respect to OS and RFS was associated with expression of these 10 genes in LIHC.
Therefore, it is reasonable to believe that the interactions between NAT10 and these 10 genes could
influence the prognosis of LIHC patients. Recent studies have raised concerns about the function of
NAT10 (38). However, there were limitations to our study. First, systematic bias may have been generated
because of the large proportion of microarray and sequencing data used in our study; higher-resolution
methods such as single-cell RNA sequencing could be used to overcome this issue in future studies.
Second, although NAT10 plays an important part in ac4C formation in mRNA, there was no information in
the databases about the detailed changes in ac4C in these cancers. Third, this study only conducted a
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bioinformatics analysis of NAT10 expression and patient survival across several databases; further
experiments in vivo and in vitro should be performed in future studies. Fourth, we used STRING tools to
predict the 10 genes most strongly correlated with NAT10, but future prospective studies focusing on the
precise genes that interact with NAT10 in cancer could help to provide a definitive answer to the question
of the function of NAT10.

5. Conclusion
In summary, increased NAT10 expression was correlated with poor prognosis in 12 types of cancer,
especially ACC, KIRP, LIHC, HNSC, and PCPG, and with increased immune infiltration levels of CD8+ T
cells, CD4+ T cells, macrophages, neutrophils, and DCs in various cancers. In addition, NAT10 expression
may contribute to regulation of TAMs, B cells, exhausted T cells, and other immune cells in LIHC.
Therefore, NAT10 is likely to have an independent role in immune cell infiltration and could represent a
unique prognostic biomarker in patients with liver cancers.

6. Abbreviations
ACC, adrenalcortical carcinoma; BLCA, bladder urothelial carcinoma; BRCA, breast invasive carcinoma;
CCLE, Cancer Cell Line Encyclopedia; CHOL, cholangiocarcinoma; COAD, colon adenocarcinoma; DFI,
disease-free interval; DLBC, lymphoid neoplasm diffuse large B-cell lymphoma; DSS, disease-specific
survival; ESCA, esophageal carcinoma; GBM, glioblastoma multiforme; GTEx, The Genotype-Tissue
Expression; International Cancer Genome Consortium; HNSC, Head and Neck squamous cell carcinoma;
KICH, kidney chromophobe; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal papillary cell
carcinoma; LAML, acute myeloid leukemia; LGG, brain lower grade glioma; LIHC, liver hepatocellular
carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; MESO, mesothelioma;
MSI, microsatellite instability; OS, overall survival; OV, ovarian serous cystadenocarcinoma; PAAD,
pancreatic adenocarcinoma; PCPG, pheochromocytoma and paraganglioma; PD-1, programmed cell
death protein 1s; PRAD, prostate adenocarcinoma; READ, rectum adenocarcinoma; ROC, Receive
Operating Characteristic; SARC, sarcoma; SKCM, skin cutaneous melanoma; STAD, stomach
adenocarcinoma; TCGA, The Cancer Genome Atlas; TGCT, testicular germ cell tumor; THYM, thymoma;
TIMER, Tumor IMmune Estimation Resource; TMB, tumor mutation burden; UCEC, uterine corpus
endometrial carcinoma; UVM, uveal melanoma.
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Figure 1

mRNA expression levels of NAT10 in different human cancers. (A) Increased or decreased expression of
NAT10 in datasets for different cancer tissues, compared with normal tissues from the Oncomine
database. The number in each cell is the size of the dataset. (B) Human NAT10 expression levels in
different tumor types from TCGA database determined by TIMER. (C) Human NAT10 expression levels in
normal, peri-tumor, and tumor samples, combining data from TCGA and GTEx. (D) Normal mRNA
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expression levels of NAT10 in different tissues from GTEx database. (E) NAT10 expression in various
tumor cell lines from CCLE database. (*P < 0.05, **P < 0.01, ***P < 0.001).
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different tumor types from TCGA database determined by TIMER. (C) Human NAT10 expression levels in
normal, peri-tumor, and tumor samples, combining data from TCGA and GTEx. (D) Normal mRNA
expression levels of NAT10 in different tissues from GTEx database. (E) NAT10 expression in various
tumor cell lines from CCLE database. (*P < 0.05, **P < 0.01, ***P < 0.001).
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Figure 2

Association between NAT10 expression levels and patient prognosis based on multiple tumors from
TCGA database. (A) Relationship of NAT10 expression with OS. (B) Relationship of NAT10 expression
with progression-free interval (PFI). (C) Relationship of NAT10 expression with disease-free interval (DFI).
(D) Relationship of NAT10 expression with DSS. Cox regression analysis; P < 0.05 was considered
significant.
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Figure 3

Kaplan-Meier survival curves comparing NAT10 expression in ACC, HNSC, KIRP, LIHC, and PCPG in GEPIA
and Kaplan-Meier Plotter. (A-D) Differences in OS among groups in HNSC (A), KIRP (B), LIHC (C), and
PCPG (D) in Kaplan-Meier Plotter. (E-H) Differences in RFS among groups in HNSC (E), KIRP (F), LIHC (G),
and PCPG (H) in Kaplan-Meier Plotter. (I-M) Differences in OS among groups in ACC (I), HNSC (J), KIRP
(K), LIHC (L), and PCPG (M) in GEPIA. (N-R) Differences in DFS among groups in ACC (N), HNSC (O), KIRP
(P), LIHC (Q), and PCPG (R) in GEPIA.
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Figure 4

Correlation of NAT10 expression levels with stage in ACC, HNSC, KIRP, and LIHC. Relationships of NAT10
expression with stage in ACC (A), HNSC (B), KIRP (C), and LIHC (D).
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Figure 5

Correlation of NAT10 expression with immune infiltration levels in ACC, HNSC, KIRP, LIHC, and PCPG. (A)
Correlations of NAT10 expression with immune infiltration levels in ACC (A), HNSC (B), KIRP (C), LIHC (D),
and PCPG (E).
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Figure 6

Relationship between NAT10 expression and immune checkpoint gene expression, immune neoantigens,
TMB, and MSI in ACC, HNSC, KIRP, LIHC, and PCPG. (A) Correlations of NAT10 expression with immune
checkpoint gene expression. The lower triangle in each tile indicates coefficients calculated by Pearson’s
correlation test, and the upper triangle indicates the log10-transformed P-value. (B) Correlations between
immune neoantigens and NAT10 expression. (C) Correlations between TMB and NAT10 expression. (D)
Correlations between MSI and NAT10 expression. *P < 0.05, **P < 0.01, ***P < 0.001.
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Figure 7

Potential NAT10-interacting proteins and correlations among them. (A) PPI network constructed using the
STRING database. (B) Pearson correlation analysis was used to determine the correlations among NAT10
and 10 potential interacting proteins.
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