Heliyon 10 (2024) e31515

Contents lists available at ScienceDirect

52 CelPress Heliyon

journal homepage: www.cell.com/heliyon

Research article

Comprehensive pan-cancer analysis reveals the versatile role of
GALNT?7 in epigenetic alterations and immune modulation
in cancer

Yan Liu, Yue Sun, Meixia Xiao, Shuang Li, Shengming Shi -

The First Affiliated Hospital of Huzhou Normal University, Huzhou First People’s Hospital, China

ABSTRACT

Cancer is a leading cause of mortality globally, characterized by intricate molecular alterations, including epigenetic changes such as glycosylation.
This study presents a comprehensive pan-cancer analysis of Polypeptide N-Acetylgalactosaminyltransferase 7 (GALNT7), an enzyme involved in
mucin-type O-linked protein glycosylation. GALNT7 has previously been linked to various cancers, but a unified analysis across cancer types is
lacking.

Leveraging data from TCGA, GTEXx, and other sources, we scrutinized GALNT7’s expression, prognostic relevance, links to immune-related genes,
immune cell infiltration, and its involvement in tumor genetic heterogeneity across 33 cancer types. GALNT7 exhibited diverse expression patterns
across cancer types, showcasing its potential as an oncogenic factor, with its expression levels linked to both positive and negative prognoses,
highlighting the context-specific nature of its role in cancer progression.

We delved into the intricate interplay between GALNT7 and immune genes, unveiling positive and negative correlations, underscoring complex
interactions in the tumor microenvironment. GALNT7 was found to impact immune cell infiltration, which could have implications for treatment
strategies. Additionally, GALNT7 displayed associations with genetic tumor aspects, encompassing genomic instability, DNA repair issues, and
genetic mutations, hinting at its pivotal role in shaping the genetic landscape of diverse cancers.

Enrichment analysis uncovered potential functions of GALNT7 beyond glycosylation, such as its participation in signaling pathways and its
association with various diseases, notably cancer.

This comprehensive analysis elucidates the multifaceted role of GALNT7 in cancer biology, underlining its potential as a therapeutic target and
biomarker across various cancer types. These findings provide valuable insights for future research and the development of personalized cancer
treatment strategies.

1. Introduction

As of today, cancer remains the second leading cause of mortality in humans [1]. The onset and progression of cancer exhibit a
multitude of characteristics, one of which is epigenetic changing [2-4]. Glycosylation is an epigenetic modification, which not only
directly influences cell growth and survival but also promotes tumor-induced immune modulation and eventual metastasis [5].

Cancer cells frequently express glycoproteins and glycolipids with altered glycan structures compared to normal cells. These
cancer-associated glycans influence tumor cell signaling, adhesion, motility, invasion, and immune surveillance. Specific glycan
changes associated with cancer include increased p1,6-branching, truncated O-glycans, accumulation of sialic acids, and expression of
fetal antigens. Glycosylation alterations in multiple proteins have been observed in various cancers, including breast cancer, pancreatic
cancer, liver cancer, colorectal cancer, and gastric cancer, among others. These modifications have a significant impact on cancer
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Fig. 1. The expression levels of GALNT7 in cancer and non-cancerous conditions. The differential expression of GALNT7 in cancer and normal
tissues compared through TCGA (A) and TCGA as well as GTEx databases (B). (C) Expression profile of GALNT7 in cancer cell lines. (D) Expression
profile of GALNT? in normal tissue organs. TCGA, The Cancer Genome Atlas; GTEX, Genotype-Tissue Expression.
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proliferation and treatment [6-10]. Furthermore, glycosylation holds immense potential in cancer therapeutics, serving as a target for
cancer drug treatment [11,12].

Polypeptide N-Acetylgalactosaminyltransferase 7 (GALNT7), the enzyme encoded by this gene governs the pivotal initiation phase
of mucin-type O-linked protein glycosylation, overseeing the transfer of N-acetylgalactosamine to serine and threonine amino acid
residues. GALNT?7 has been identified as a potential biomarker for prostate cancer, and its overexpression has been shown to promote
prostate cancer growth [13,14]. In colorectal cancer, GALNT7 serves as a microRNA target and promotes the progression and
development of cancer [15,16]. Additionally, in glioma, cervical carcinoma, esophageal squamous cell carcinoma, and nasopharyn-
geal carcinoma, GALNT?7 appears to play a pro-carcinogenic role [17-20]. To summarize, GALNT7 demonstrates associations with the
onset and advancement of diverse cancers, underscoring its potential as an oncogenic factor. Nevertheless, it is important to note the
absence of a comprehensive pan-cancer analysis for GALNT7 at present. We assert that conducting a comprehensive and exhaustive
pan-cancer analysis of GALNT?7 is imperative to foster deeper insights and promote further exploration in this domain.

2. Result
2.1. GALNTY7 is abnormally expressed in various cancers

We initially retrieved the expression profiles of GALNT?7 in 33 different types of cancers from the TCGA database. The abbreviation
list of cancers is in Supplementary Table 1. As depicted in Fig. 1A, upon contrasting the expression levels between cancerous and
normal tissues, we observed that GALNT?7 exhibited significantly elevated expression in LUAD, BRCA, ESCA, STES, KIRP, STAD, PRAD,

UCEC, LUSC, THCA, and CHOL. Conversely, its expression was diminished in COAD, READ, KIRC, and KICH.
Given the limited availability of normal tissue samples in the TCGA database, which may potentially lead to statistical biases when
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Fig. 2. Immunohistochemistry of GALNT?7. Figures A to J represent the immunohistochemical results for BRCA, CESC, COAD, GBM, LUSC, PAAD,
SKCM, THCA, UCEC, and PRAD. The two images on the left show immunohistochemistry of cancer tissues, while the image on the right corresponds
to immunohistochemistry of the respective normal tissues.
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Fig. 3. The relationship between GALNT7 and cancer prognosis. (A-B) Forest plots for GALNT?7 in relation to OS and PFI. (C) Kaplan-Meier survival
curves in different cancers. OS, overall survival; PFI, progression free interval.
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contrasting normal and cancerous tissues, we augmented our analysis by incorporating normal tissue expression matrices from the
GTEX database, merging them with the TCGA data for differential analysis. Furthermore, both GTEX and TCGA data have been
corrected for batch effects, allowing for direct comparisons. As illustrated in Fig. 1B, we identified further instances of aberrant
GALNT?7 expression. Notably, GALNT7 displayed significantly elevated expression in GBM, LGG, UCEC, BRCA, LUAD, ESCA, STES,
KIRP, COAD, PRAD, STAD, LUSC, WT, SKCM, THCA, PAAD, ALL, LAML, and CHOL, while its expression remained relatively low in
KICH, UCS, and READ compared to normal tissue in cancerous tissues. It is worth noting that the comparison in COAD shifted from
relatively low expression to relatively high expression after including more normal tissue samples, while KIRC showed no statistically
significant difference. Next, through an analysis of CCLE data, we observed a relatively consistent distribution of GALNT7 expression
across various cancer cell lines (Fig. 1C). By exclusively analyzing GTEX data, we found that GALNT7 exhibited significantly low
expression levels in liver, muscle, and heart tissues, while demonstrating higher expression levels in salivary gland, bone marrow, and
prostate tissues (Fig. 1D). Considering that both TCGA and GTEX datasets pertain to mRNA levels, we employed the HPA database to
validate the protein expression of GALNT7 in cancerous and normal tissues. Fig. 2A-J presents the immunohistochemical results of
GALNT?7 across various cancers. Consistent with mRNA-level observations, we noted that GALNT7 exhibited higher expression at the
protein level in cancer.

In summary, Fig. 1 illustrates the expression profiles of GALNT?7 in cancerous tissues, normal tissues, and cell lines. Our findings
indicate a tendency for GALNT? to exhibit elevated expression levels in cancer, suggesting a potential oncogenic role for GALNT7.

2.2. GALNTY7 is associated with prognosis in various cancers

In this study, prognostic information was acquired from TCGA, and subsequent survival analysis was conducted based on GALNT7
expression levels, with patients stratified into high and low expression groups using the median as the cutoff point. The relationship
between GALNT7 expression and patient Overall Survival (OS) and Progression-Free Interval (PFI) was visually illustrated in
Fig. 3A-B. The findings revealed distinct patterns across different cancer types.

In several cancer types, including LGG, KIRC, MESO, PAAD, KIRP, and UVM, patients with high GALNT7 expression exhibited
relatively favorable prognoses, while contrasting trends were observed in LAML, UCEC, ACC, THYM, COREAD, and THCA. These
observations were consistent with the forest plot analysis for PFI, which showed that high GALNT7 expression was associated with
worse prognosis in LGG, KIRC, PAAD, UVM, CESC, SKCM, LUAD, MESO, and TGCT, but with better outcomes in ACC, PRAD, UCEC,
and COREAD. Importantly, high GALNT7 expression was statistically correlated with poorer OS and PFI in LGG, KIRC, UVM, PAAD,
and MESO.

Furthermore, it was noted that in LUAD, LGG, SKCM, and PAAD, GALNT7 expression was not only markedly upregulated in
cancerous tissues but was also associated with worse prognoses. This observation warrants further investigation by experts in the
relevant field.

Subsequently, the study employed the optimal cutoff method to stratify each type of cancer based on GALNT7 expression levels and
conducted survival difference analysis. The use of cutoff values allowed for the identification of distinct risk groups within each cancer
type, emphasizing the significance of GALNT7 in 11 different types of cancer (Fig. 3C). These findings suggest that GALNT7 may play a
crucial role in the prognosis of these cancers, providing valuable insights for future research and potential therapeutic interventions.

3. The relationship between GALNT7 and immune genes

Currently, the scientific literature offers a limited number of articles discussing the interplay between GALNT7 and the immune
system. Nonetheless, we contend that GALNT?7’s significance in the realm of tumor immunity has been notably underestimated. In light
of this, we conducted an extensive examination of the association between GALNT7 and various immune-related genes across 33
distinct cancer types.

Fig. 4A visually represents a correlation heatmap elucidating the connections between GALNT7 and genes responsible for stim-
ulating the immune response. Notably, our analysis revealed a substantial positive correlation in several cancer types, namely LIHC,
KICH, THCA, UVM, GBM, LGG, and OV, with a contrasting negative correlation pattern predominating in BRCA, ESCA, and TGCT.
Additionally, we observed consistent positive correlations between GALNT7 and TMEM173, TNFSF18, ENTPD1, IL6R, TNFSF15,
NT5E, and TNFSF4 across most cancer types.

Fig. 4B delineates the relationship between GALNT7 and genes associated with immune inhibition. Interestingly, we found a
prevailing positive correlation in UVM, GBM, OV, LIHC, THCA, and KIRC, with statistically significant correlations in OV and LIHC.
Conversely, negative correlations predominated in CESC, ESCA, BRCA, and TGCT.

Subsequently, we conducted an in-depth examination of GALNT7’s correlation with chemokine genes, major histocompatibility
complex (MHC)-related genes, and immune receptor genes, as illustrated in Fig. 4C, D, and 4E, respectively. Our analysis unveiled
varying patterns of correlation in different cancer types. Multiple chemokine genes displayed positive correlations with GALNT7 in
LIHC, CHOL, THCA, UVM, ACC, DLBA, and KICH, whereas negative correlations were noted in ESCA, CESC, THYM, LUSC, LUAD,
BLCA, STAD, and BRCA, with a particularly pronounced negative trend in BRCA. Likewise, GALNT7 exhibited positive correlations
with MHC-related genes in UVM, ACC, KICH, PCPG, THCA, LIHC, LGG, PAAD, GBM, COREAD, and OV, while negative correlations
were evident in BRCA, TGCT, BLCA, LUSC, and THYM. Furthermore, Fig. 4E indicated a predominantly positive correlation between
GALNT7 and immune receptor genes across most tumors, with the exception of BRCA, BLCA, CESC, TGCT, and THYM, where negative
trends were observed. Notably, CXCR5 displayed a consistent negative correlation with GALNT7 in most cancer types. It is worth
mentioning that, unfortunately, we did not identify a strong association between GALNT7 expression and prognosis in these specific
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tumor types.

3.1. GALNT7 and immune infiltration

Based on the aforementioned analysis of GALNT7 and immune-related genes, we have identified a potential correlation between
GALNT7 and immunity in cancer. Furthermore, we employed various algorithms to further analyze the relationship between GALNT7
and immune infiltration. ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) is a
computational algorithm used in cancer immunology research to estimate the composition of stromal and immune cells within tumor
tissues based on gene expression data. It was developed to gain insights into the tumor microenvironment and understand how the
immune system interacts with cancer cells. Fig. 5A displays the correlation between immune infiltration scores calculated by the
ESTIMATE algorithm and GALNT?. In STAD, UCEC, CESC, PRAD, BLCA, and LUSC, GALNT?7 exhibits a negative correlation with all
three immune scores. In BRCA, LAML, LUAD, KIRP, and TGCT, GALNT? is negatively correlated with immune scores and ESTIMATE
scores. In LIHC and LGG, GALNT7 shows a positive correlation trend with all three immune scores.

TIMER (Tumor Immune Estimation Resource) is a computational algorithm used in cancer immunology research to estimate the
abundance of immune cell populations within tumor tissues based on gene expression data. Fig. 5B represents the relationship between
GALNT7 and immune cell infiltration scores obtained using the TIMER algorithm. The results indicate that in THYM, KIRC, LIHC, LGG,
PCPG, OV, and KICH, GALNT7 exhibits a positive correlation trend with various immune cell types. Conversely, in BRCA and CESC, the
trend is negative. CD8™ T cells and neutrophils show a positive correlation trend with GALNT7 in multiple tumors.

In addition to the TIMER algorithm, we utilized the EPIC algorithm to compute the correlation between GALNT7 and various
immune cells. As depicted in Fig. 5C, NK cells, B cells, and macrophages exhibit a negative correlation trend with GALNT7 across most
tumors. Notably, CD4 " T cells display a significant positive correlation with GALNT7 in tumors such as UVM, KICH, THCA, PRAD, and
UGS. CD4™ T cells are closely associated with the efficacy of immunotherapy [21].

3.2. GALNT7 and tumor heterogeneity

HRD, MSI, LOH, and tumor purity are key markers used in cancer research to evaluate genetic and molecular aspects of tumors.
They have significant implications for treatment decisions, patient prognosis, and our understanding of the underlying biology of
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different cancer types.

HRD is a measure of genomic instability, particularly in the context of DNA repair mechanisms. As illustrated in Fig. 6A, the
correlation between GALNT?7 expression levels and HRD is presented. We observed a significant correlation in 19 different tumors.
Notably, in BRCA, the correlation coefficient is R = —0.43, while in CHOL, it is R = 0.40.

MSI is a marker for DNA mismatch repair (MMR) deficiency. Tumors with MSI exhibit alterations in the lengths of microsatellite
repeats due to the accumulation of errors in DNA replication. MSI-high tumors are often associated with a better response to
immunotherapy, as they tend to have a higher mutation load, making them more recognizable to the immune system. Fig. 6B illustrates
the correlation between GALNT7 and Microsatellite Instability (MSI). We observed a significant correlation in 13 different tumors,
with a positive correlation in 8 of them and a negative correlation in 5. However, in DLBC, the correlation coefficient is particularly
notable at R = —0.54, while in other tumors, the correlation values are approximately around 0.2. Therefore, we may focus on
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Fig. 6. The relationship between GALNT7 and various tumor heterogeneity indicators. A-D respectively display the associations of GALNT7 with
HRD, MSI, LOH, and tumor purity. The x-axis represents the correlation coefficient (R), the color indicates the p-value (blue for P < 0.05), and the
dot size corresponds to sample size. HRD, homologous recombination deficiency; MSI, microsatellite instability; LOH, loss of heterozygosity.
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exploring the relationship between GALNT7 and MSI in DLBC.

LOH analysis is essential in cancer genetics, as it can identify tumor suppressor genes that have undergone inactivation due to the
loss of one functional copy. We found statistically significant correlations between GALNT7 and LOH in 19 different tumors, with 8
showing positive correlations and 11 exhibiting negative correlations (Fig. 6C). Notably, in BRCA, COAD, and THYM, the correlation
coefficient (R) is around —0.4, particularly in the case of BRCA. In BRCA, GALNT7 not only displays a significant negative correlation
with LOH but also a significant negative correlation with Homologous Recombination Deficiency (HRD). Similarly, in CHOL, GALNT7
shows significant positive correlations with both HRD and LOH.

Finally, we analyzed the correlation between GALNT7 and tumor purity (Fig. 6D). GALNT7 displayed a positive correlation with
tumor purity in 10 types of tumors and a negative correlation in 9 types of tumors. Notably, CHOL exhibited a correlation of —0.40 with
tumor purity, while TGCT had a correlation of 0.48. This is consistent with the results in Fig. 5A, where a positive correlation between
high GALNT7 and tumor purity suggests lower immune infiltration, and the opposite holds true.

3.3. GALNT7 mutations in tumors

Tumor heterogeneity and genetic mutations are intricately interlinked in the domain of oncology. Tumor heterogeneity denotes the
existence of a myriad of cell subpopulations within a neoplasm, each endowed with its unique genetic and molecular attributes. The
origin of these divergent cell subpopulations can be ascribed to genetic mutations, and they wield significant influence in the trajectory
of tumor genesis and advancement. As discerned from Fig. 6, an association between GALNT7 and tumor heterogeneity has been
unveiled, notably within neoplasms such as BRCA and CHOL. Consequently, we undertook an examination of mutations involving
GALNT?7.

Firstly, we analyzed the relationship between GALNT7 and CNV mutations (Fig. 7A). We observed that samples with CNV loss
generally exhibited lower GALNT7 expression, whereas patients with CNV gain displayed higher GALNT7 expression compared to the
neutral group. This suggests that CNV variations in the loss group lead to a decrease in the copy number of the GALNT7 gene. This
decrease in copy number is significantly correlated with the substantial reduction in GALNT?7 expression, indicating that a reduced
copy number may impair GALNT7 function, resulting in decreased expression levels. Conversely, CNV variations in the gain group
result in an increase in the copy number of the GALNT7 gene. Corresponding to this increase in copy number, GALNT7 expression
levels also significantly increase. This implies that an increased copy number may lead to the overexpression of GALNT7.

Next, we conducted an analysis of GALNT7’s CNV mutations across different tumors (Fig. 7B). We found that the primary mutation
type of GALNT?7 is heterozygous deletion, with proportions exceeding 50 % in OV, TGCT, LUSC, UCS, ESCA, and CHOL. In ACC and
KICH, heterozygous amplification of GALNT7 accounts for over 30 %. However, whether homozygous amplification or homozygous
deletion, the proportions remain extremely low. Furthermore, in THCA, LAML, THYM, and UVM, the overall CNV mutation pro-
portions all remain below 10 %.

Subsequently, we employed the cbioportal platform to conduct an in-depth examination of the frequency of alterations and the
specific mutation loci within the GALNT7 gene. In general, the data indicates a relatively modest incidence of GALNT7 mutations, with
frequencies surpassing 6 % documented in the context of endometrial cancer, while hovering around 4 % in melanoma, sarcoma, and
esophagogastric cancer. Conversely, in the case of other malignancies, the mutation frequency consistently resides below the 4 %
threshold. Notably, in CHOL, the incidence of GALNT7 mutations stands at 0 % (refer to Fig. 7C). The primary mutation archetypes
predominantly encompass deep deletion events and point mutations.

Finally, we analyzed the mutation sites of GALNT7 (Fig. 7D). The results indicate that among the known mutation cases, nonsense
mutations are the most prevalent, with a smaller number of splice mutations and truncation mutations. Furthermore, R273Q/* is the
most frequently occurring mutation site (10 occurrences), followed by R284Q/* (4 occurrences), R284Q/* (4 occurrences), and E541K
(4 occurrences).

3.4. Enrichment analysis of GALNT7

Based on the previous results, we believe that GALNT7 may be associated with tumor immunity and tumor heterogeneity. Previous
studies have found that GALNT7 primarily functions in glycosylation processes, and we hypothesize that it may play a role in various
cellular functions. Therefore, we further conducted enrichment analysis to identify its potential additional functions. Fig. 8A depicts
the protein-protein interaction network related to GALNT7 obtained from the STRING database. These genes interact with or are
similar to GALNT7, suggesting potential synergistic roles in biological processes.

We conducted a Gene Ontology (GO) analysis of the potential functions of the genes in Fig. 8A. The GO Biological Process (GOBP)
results reveal that GALNT7, in addition to its involvement in glycosylation, also plays a role in processes such as Ganglioside
biosynthesis, Protein sialylation, and the ERBB2 signaling pathway. Furthermore, the primary cellular localization of these genes is in
the Mucus layer and the Golgi apparatus. Additionally, these proteins participate in the activation of various enzymes (Fig. 8B).

In comparison to GO analysis, both KEGG analysis and REACTOME analysis emphasize the annotation of metabolic pathways and
cellular signaling pathways. Therefore, we further used these two annotation libraries to analyze the proteins in the PPI network. As
shown in Fig. 8C, KEGG pathways also enrich several glycosylation-related entries. In addition, pathways related to prostate cancer,
bladder cancer, pancreatic cancer, gastric cancer, endometrial cancer, and various metabolic pathways are enriched. This suggests that
GALNT7 may play multiple roles in cancer beyond its involvement in glycosylation processes (Fig. 8C). Similarly, REACTOME results
include various metabolic pathways, including Metabolism of carbohydrates and Glycolysis (Fig. 8D). These enrichment analysis
results warrant our attention, as GALNT7 may have undiscovered functions that are worth further research and exploration. Finally,
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Fig. 8E displays disease enrichment results based on the PPI network proteins. We found that multiple cancers exhibit significant
statistical significance in the results.

4. Discussion

Our investigation provides compelling evidence implicating GALNT?7 in cancer progression and underscores its potential as a novel
therapeutic target. We observed consistent overexpression of GALNT7 across various cancer types compared to normal tissues, with
higher expression levels correlating with poorer patient outcomes. The oncogenic properties of GALNT7 likely stem from its modu-
lation of O-linked glycosylation pathways, a phenomenon well-documented in cancer biology. Aberrant glycosylation, a hallmark of
cancer, contributes significantly to crucial processes including epithelial-mesenchymal transition, metastasis, and resistance to
chemotherapy [22-28]. As a member of the polypeptide N-acetylgalactosaminyltransferase family, GALNT7 assumes a pivotal role in
orchestrating the initial addition of galactose residues during protein O-linked glycosylation. Consequently, glycosyltransferases like
GALNT7 emerge as plausible drivers of oncogenesis by reprogramming the glycoproteome. Furthermore, GALNT7 exhibits heightened
expression across multiple solid tumor types as evidenced by cancer genome databases, a finding validated through our comparative
analysis of cancer versus normal tissue samples, indicative of its oncogenic potential. It is worth noting that overexpressed genes often
present viable targets for therapeutic intervention in cancer. Given the central role of aberrant glycosylation in cancer pathogenesis,
we postulate that GALNT7, functioning as a central regulator of protein glycosylation, may act as a “master switch” modulating
multiple tumorigenic pathways. Its widespread upregulation across diverse cancer types underscores the potential of GALNT7 as a
universal therapeutic target in cancer, transcending the confines of individual tumor types.

In the Results section, our initial focus was on revealing the behavior of the GALNT7 gene across various cancer types. Our analysis
revealed heterogeneous expression patterns of GALNT7, with heightened activity observed in certain cancers (notably excluding KICH,
UCS, and READ) and diminished activity in others. To enhance the accuracy of our findings, we combined data derived from both
cancerous and normal tissues. This comprehensive approach served to corroborate the elevated activity of GALNT7 across multiple
cancer types. Furthermore, we extended our investigation to ascertain the protein levels of GALNT7, which were consistently elevated
in cancer cells compared to their non-cancerous counterparts.

We then analyzed how GALNT7’s activity is related to the prognosis (how well patients do) in different types of cancer. In some
cancers, high GALNT?7 activity is associated with better outcomes, while in others, it’s linked to worse outcomes. Notably, in cancers
like LUAD, LGG, SKCM, and PAAD, high GALNT7 activity is not only associated with cancer but also with poorer outcomes, high-
lighting the need for further research. An investigation has revealed a notable elevation of GALNT7 expression within PRAD tissues, in
accordance with our findings [14]. However, whereas this inquiry posits that the heightened GALNT7 expression fosters PRAD pro-
liferation, a contention incongruent with our study’s findings regarding PFI. Glioma represents a malignancy of high aggression. Our
investigation unveils a pronounced elevation in GALNT7 expression within both GBM and LGG, concomitant with a notably adverse
prognosis. This observation finds validation in a study demonstrating that heightened GALNT7 expression facilitates the proliferation
and invasion of glioma cells [29]. In CESC, research has also confirmed the oncogenic capability of GALNT7. MicroRNA-30e has been
identified as a regulator of GALNT7 expression, with knockdown of GALNT7 resulting in inhibited cell proliferation while over-
expression promotes cell proliferation [18]. Our study corroborates these findings by demonstrating that high GALNT7 expression in
CESC is associated with poorer prognosis, aligning with the results of this research.

We also studied how GALNT? is connected to genes related to the immune system in various cancers. We found that GALNT7 has
both positive and negative connections with different immune-related genes in different cancers, suggesting a complex relationship
between GALNT7 and the immune system. In colorectal cancer, a glycosylation-based risk prediction model can forecast patient
immune checkpoint inhibitor response, with GALNT7 emerging as a pivotal factor within this predictive framework [30]. Notably, in
OV, LICH, and UVM, GALNT?7 exhibits a predominantly positive and statistically significant correlation with nearly all immune-related
genes. The underlying reasons for this phenomenon merit in-depth investigation. Conversely, in the case of BRCA, GALNT?7 displays a
negative correlation with immune-related genes. This unique characteristic of BRCA is further emphasized in subsequent analyses of
tumor heterogeneity. This suggests that GALNT7 may simultaneously influence tumor heterogeneity and tumor immunity in the
context of BRCA. A study has elucidated an association between GALNT7 and the estrogen receptor, progesterone receptor, and human
epidermal growth factor receptor 2 (HER2) in breast cancer. Furthermore, heightened GALNT7 expression correlates with favorable
outcomes in recurrence-free survival and distant metastasis-free survival among HER2-dependent breast cancer patients [31]. Syn-
thesizing our findings, a plausible link emerges: GALNT7 may exert an influence on the tumor microenvironment or patient prognosis
across various subtypes of breast cancer. An additional investigation has unveiled that GALNT7 is modulated by SPDEF in luminal-type
breast cancer, where it serves a dual function in both tumorigenesis and stemness processes [32].

Next, we looked at how GALNTY? is related to the presence of immune cells in tumors. In some cancers, GALNT7 was associated with
fewer immune cells, and in others, it was linked to more immune cells, which might have implications for treatment and cancer
behavior. In LIHC, GALNT7 exhibits not only a positive correlation with immune genes but also a significant positive correlation with
various tumor immune-infiltrating cells. This suggests that in LIHC, GALNT7 may potentially influence tumor development by
enriching immune cells through immune-related genes. However, disappointingly, high GALNT7 expression in LIHC does not lead to
either worse or better prognosis. In the context of lung cancer, miR-30c exhibits the capacity to target GALNT?7, thereby triggering the
cytotoxicity of NK cells against lung cancer cells [33].

We explored how GALNTY7 is associated with genetic aspects of tumors, such as genomic instability (HRD), DNA repair (MSI), and
genetic mutations. GALNT7’s activity was related to these markers in various ways, suggesting that it could influence the genetic
characteristics of cancer. Cancer types warranting further attention include BRCA, CHOL, and TGCT. In BRCA, higher GALNT?7
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expression corresponds to lower tumor heterogeneity. This indicates potential for GALNT7 to serve as a therapeutic biomarker in
treatments targeting DNA repair mechanisms. Conversely, in CHOL, higher GALNT?7 expression signifies higher tumor heterogeneity.
In CHOL, LIHC, and UVM, GALNT7 demonstrates a statistically significant negative correlation with tumor purity and an inverse
relationship with immune-related genes. This connection potentially suggests that GALNT7 may be associated with tumor immune
infiltration, leading to reduced tumor purity. Furthermore, GALNT? is linked to poorer prognosis in UVM, which highlights the need
for more in-depth research in this context.

We also checked for mutations in the GALNT7 gene in different types of cancer. Some cancers showed more genetic changes in
GALNT7, while others had fewer changes. These genetic changes could impact how GALNT?7 functions.

Lastly, we conducted an enrichment analysis to understand other potential functions of GALNT7 beyond glycosylation. We found
that GALNT7 might play roles in processes like ganglioside biosynthesis, signaling pathways, and diseases such as various cancers.

Certainly, this article has certain limitations. Firstly, the study lacks in vivo or in vitro validation. Additionally, this research
extensively discusses correlations, but it’s crucial to note that correlation does not imply causation; it represents a trend and can only
assist us in identifying potential directions. In summary, our results show that GALNT?7 is involved in cancer development, immune
system interactions, genetic characteristics of tumors, and possibly other functions. This suggests that GALNT?7 is an important gene
with various roles in cancer.

5. Method
5.1. Data acquisition and processing

We procured a standardized pan-cancer dataset from the Xena functional genomics explorer database (https://xenabrowser.net/)
[34]. To ensure uniformity and standardization, we subjected the expression values to a log2(x+1) transformation. Mitigating the
constraint imposed by limited sample sizes for normal tissues within the TCGA database, we supplemented our analysis with
expression data sourced from the GTEX database [35]. Furthermore, the dataset extracted from Xena, having undergone rigorous batch
effect correction, facilitates direct comparability and amenable analysis.

5.2. Gene expression and survival analysis

We obtained a robust prognostic dataset from the TCGA prognostic investigation conducted by Liu J et al. [36]. Subsequently, we
constructed a Cox proportional hazards regression model using the coxph function available within the “survival” R package. This
facilitated an in-depth exploration of the correlation between gene expression and prognostic outcomes across various tumor types. To
visually represent the statistical outcomes, we created forest plots using the “forestplot” R package. These plots effectively illustrated
the P values, hazard ratios (HR), and corresponding 95 % confidence intervals (CI) for each variable of interest. We obtained
immunohistochemical images of GALNT7 from the HPA website (https://www.proteinatlas.org/).

5.3. Immune analysis

We conducted an analysis involving the extraction of expression data pertaining to two categories of immune checkpoint pathway
genes, namely inhibitory and stimulatory, in addition to five categories of immune pathway genes encompassing chemokine, receptor,
MHC, immuno-inhibitor, and immuno-stimulator genes. This analysis was based on the TCGA dataset, with a stringent filtering process
that excluded all normal samples, focusing exclusively on tumor samples.

To explore the relationship between immune cells and the expression of GALNT7, we employed the deconvo_xCell method
available through the R package IOBR [37,38]. It is worth noting that the ESTIMATE algorithm furnishes three distinctive scores: the
immune score, which gauges the level of immune cell infiltration; the stromal score, which evaluates the stromal component’s
involvement in immunity; and the overall ESTIMATE score [39]. We employed the “Estimate” R package to calculate these three scores
for each TCGA sample. To maintain statistical rigor and validity, we employed the false discovery rate (FDR) method for p-value
correction during the correlation analysis.

5.4. Enrichment analysis and protein interaction analysis

The construction of the protein-protein interaction (PPI) network was facilitated through the utilization of the Search Tool for the
Retrieval of Interacting Genes (STRING) platform, accessible at https://cn.string-db.org/. We performed enrichment analysis using the
R package “clusterProfiler” for GO, KEGG, and RECTOME analyses [40]. For the genes acquired via PPI, we performed KEGG, REC-
TOME and GO enrichment analyses. Within each cancer type present in the TCGA dataset, we categorized the samples into high and
low-expression groups, stratified according to GALNT7 expression levels. Subsequently, we employed the “limma” R package to
conduct differential analysis. Specifically, we selected genes that exhibited a fold change (FC) of >2 and a p-value less than 0.05 for
further enrichment analysis. For disease enrichment analysis, we used two dateset named DisGeNet and GLAD4U, respectively
[41-43].
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5.5. Genetic heterogeneity analysis

Next, we conducted an analysis of the relationship between GALNT7 and various tumor heterogeneity indicators, including MSI
(Microsatellite Instability), HRD (Homologous Recombination Deficiency), LOH (Loss of Heterozygosity), and tumor purity. From the
previous research, we obtained MSI data, HRD, LOH, and tumor purity data for each TCGA sample [44,45]. After performing log
transformation on the data, we merged it with GALNT7 expression data and conducted correlation analysis.

5.6. Gene mutation analysis

For Copy Number Variation (CNV) mutation data, we have diligently leveraged GISTIC software to meticulously process the Copy
Number Variation dataset at level 4. Subsequently, we seamlessly amalgamated the refined data with the GALNT7 expression dataset.
This confluence enabled us to embark upon inter-cancer group comparative analysis as well as mutation proportion analysis for each
distinct neoplastic entity [46]. Furthermore, our investigative arsenal included the esteemed cBioPortal, through which we accessed
the precise mutational loci pertaining to GALNT7, along with their respective prevalence in the heterogeneous landscape of malig-
nancies [47].

5.7. Statistical analysis

Given the substantial disparities in mRNA-level expression, we judiciously subjected the expression matrix to logarithmic trans-
formation using the log2(x+1) method. For inter-group analyses, we availed ourselves of either the t-test or non-parametric tests.
When engaging in correlation assessments, the Pearson correlation coefficient was harnessed, accompanied by p-value calibration
through the Holm-Bonferroni method.
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