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Abstract
Background The N7-methylguanosine modification (m7G) of the 5′ cap structure in the mRNA plays a crucial role in gene 
expression. However, the relation between m7G and tumor immune remains unclear. Hence, we intended to perform a pan-
cancer analysis of m7G which can help explore the underlying mechanism and contribute to predictive, preventive, and 
personalized medicine (PPPM / 3PM).
Methods The gene expression, genetic variation, clinical information, methylation, and digital pathological section from 
33 cancer types were downloaded from the TCGA database. Immunohistochemistry (IHC) was used to validate the expres-
sion of the m7G regulator genes (m7RGs) hub-gene. The m7G score was calculated by single-sample gene-set enrichment 
analysis. The association of m7RGs with copy number variation, clinical features, immune-related genes, TMB, MSI, and 
tumor immune dysfunction and exclusion (TIDE) was comprehensively assessed. CellProfiler was used to extract pathologi-
cal section characteristics. XGBoost and random forest were used to construct the m7G score prediction model. Single-cell 
transcriptome sequencing (scRNA-seq) was used to assess the activation state of the m7G in the tumor microenvironment.
Results The m7RGs were highly expressed in tumors and most of the m7RGs are risk factors for prognosis. Moreover, the 
cellular pathway enrichment analysis suggested that m7G score was closely associated with invasion, cell cycle, DNA dam-
age, and repair. In several cancers, m7G score was significantly negatively correlated with MSI and TMB and positively 
correlated with TIDE, suggesting an ICB marker potential. XGBoost-based pathomics model accurately predicts m7G scores 
with an area under the ROC curve (AUC) of 0.97. Analysis of scRNA-seq suggests that m7G differs significantly among 
cells of the tumor microenvironment. IHC confirmed high expression of EIF4E in breast cancer. The m7G prognostic model 
can accurately assess the prognosis of tumor patients with an AUC of 0.81, which was publicly hosted at https:// pan- cancer- 
m7g. shiny apps. io/ Panca- m7g/.
Conclusion The current study explored for the first time the m7G in pan-cancer and identified m7G as an innovative marker 
in predicting clinical outcomes and immunotherapeutic efficacy, with the potential for deeper integration with PPPM. Com-
bining m7G within the framework of PPPM will provide a unique opportunity for clinical intelligence and new approaches.

Keywords Predictive preventive personalized medicine (PPPM / 3PM) · N7-methylguanosine modification · Pan-cancer 
analysis · Tumor microenvironment · Immune regulation · Immunotherapy · Multi-omics · Single-cell transcriptome 
sequencing · Machine learning ·  Protein-protein interaction analysis

Introduction

The current critical situation of cancer prevention 
and control

The growing global economy and changing lifestyles of 
people have made humans susceptible to chronic diseases 
such as cancer. Chronic diseases have replaced infectious 
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diseases as a major threat to human health worldwide. Cur-
rently, cancer is the second leading cause of death univer-
sally, with approximately one-sixth of global deaths caused 
by cancer [1]. In 2020, 19.29 million new cancer cases 
occurred, resulting in 10 million deaths. Of these, 1.8 mil-
lion deaths were caused due to lung cancer, which ranks 
first in cancer deaths. The number of surging cancer patients 
poses a major economic and health policy challenge. Thus, 
improving early detection techniques for cancer to carry 
out treatments with a refined prognosis could increase the 
chances of cure, reduce the harm of tumors, and prolong 
cancer patient survival period. Therefore, in-depth research 
is needed to identify basic molecular mechanisms of specific 
cancer-causing genes [2] to find cancer diagnostic targets 
and drugs with a good prognosis.

The role of pan‑cancer analysis in context 
of predictive, preventive, and personalized 
medicine

Since the concept of predictive, preventive, and personal-
ized medicine (PPPM) was introduced in malignancy, the 
prevention, drug resistance monitoring, and genomic-guided 
therapy have all improved considerably. Genomic-guided 
therapies have made great strides in cancer treatment. Can-
cer screening methods and genomic sequencing-based pre-
diction of therapeutic targets have provided reliable evidence 
for early diagnosis and individualized medicine [3]. In the 
past 5 years, “personalized medicine” has advanced from 
the era of targeting specific mutations in specific cancers to 
the era of targeting specific genes in pan-cancer. Keytruda 
became the world’s first pan-cancer immune drug [4] and 
larotrectinib is the world’s first targeted drug that does not 
discriminate the origin of the tumor for initial treatment [5], 
bringing new hope and choice to both doctors and patients 
in the global oncology community.

The pan-cancer analysis aims to examine varied genomic 
and cellular changes found in different tumor types. The 
method could indicate shared characteristics and heteroge-
neity in multiple malignant tumors. Previous single-gene 
pan-cancer studies have revealed that aberrant expression of 
PXN and HSF1 genes is associated with poor prognosis in 
many tumor types [6], whereas CD161 and GIMAP7 expres-
sion are associated with the clinical treatment of tumors and 
may be therapeutic targets for tumor immunization and acts 
as protective factors [7].The increased dataset of tumor sam-
ples analyzed across various tumor types has improved the 
ability to detect and analyze several molecular defects, and 
aberrations in tumor genomes [8] and phenotype for bet-
ter identification immunodetection and treatment sites for 
a variety of cancers. In this case, patients will be classified 
according to their genetic and biological background and 

differences. Tailored preventive and/or therapeutic strategies 
are carried out, rather than generic ones [9].

The important role of m7G in physiological 
functions and tumors

N7-methylguanosine modification (m7G) is one of the most 
abundant modifications in the mRNA 5′ cap structure [10]. 
The m7G methylation compounds include METTL1 (meth-
yltransferase-like 1) and WDR4 (WD repeat domain 4) [11] 
and mutations in WDR4 can cause primitive dwarfism. Fur-
ther, it is observed that overexpression of WDR4 can affect 
learning and memory in patients with Down’s syndrome. 
It is worth paying attention to that aberrant expression of 
METTL1 has been associated with a range of cancers and 
the potential role of m7G modification catalyzed by it in 
different tumors is different. It acts as a tumor suppressor 
in colon cancer by stimulating the m7G-regulated let-7e 
miRNA/HMGA2 axis. Mature let-7e with m7G modification 
downward adjusts the stability and translational efficiency 
of target HMGA2 mRNA, inhibiting the migration and pro-
liferation of lung cancer cells by reducing HMGA2 levels 
[12]. The let-7e miRNA inhibits a variety of cancers, such 
as the bladder [13], breast [14], and colon [15]. In oppo-
site, METTL1 also can be associated with poor prognosis 
in neuroblastomat [16], lung adenocarcinoma [17], and 
hepatocellular carcinoma [17]. This effect may be achieved 
by reducing the expression of NBL oncogenes, inhibiting 
AKT/mTORC1 pathway and PTEN signaling by reducing 
m7G tRNA modification and selectivity, respectively. In 
addition to m7G methylation compounds, m7G-regulated 
LncRNAs have also shown a surprising correlation with the 
prognosis of hepatocellular carcinoma [18]. Current studies 
have shown that m7G can be used as a classification index 
of KIRC, and the group with high m7G score has better 
immune activation, lower tumor purity, and immunotherapy 
prognosis than others [19]. All these indicate that the m7G 
score has a strong potential to become a universal prognostic 
indicator of immunotherapy.

Accurate prognostic models are of great significance 
in tumor immunotherapy. However, there is no prognostic 
model based on m7G regulatory genes and their scores. 
Therefore, it is essential to explore the effect of m7G on 
the tumor immune microenvironment and the prognosis 
of tumor immunotherapy at the tumor cell and molecular 
levels.

Working hypothesis in the framework of PPPM

We hypothesized that m7G is significantly associated with 
tumor internal characteristics and microenvironment, and 
high expression of m7G is associated with poor tumor 
prognosis. It is a potential prognostic and treatment marker 
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that can be used for stratification, prognosis prediction, and 
individualized management of cancer patients. To further 
improve the clinical utility of the m7G score, we will con-
struct a predictive model for the m7G score using clinically 
easily accessible H-E-stained pathological sections and con-
struct a prognostic model for pan-cancer based on the m7G 
score. It will promote the application of the m7G score in 
the framework of PPPM.

Study design

The gene expression, genetic variation, clinical informa-
tion, methylation, and digital pathological section from 33 
cancer types were downloaded from the TCGA database 
(https:// www. cancer. gov/ about- nci/ organ izati on/ ccg/ resea 
rch/ struc tural- genom ics/ tcga). We first analyzed the inter-
actions of m7G regulatory genes (m7RGs) and correlations 
with copy number variation, clinical features, and methyla-
tion. We then constructed the m7G score and analyzed the 
m7G score in relation to clinical features, TMB, MSI, tumor 
immune dysfunction and exclusion (TIDE) score, immune-
related genes, immune checkpoints, and tumor-specific total 
mRNA expression (TmS). To facilitate the acquisition of 
m7G scores, we further constructed a predictive model for 
m7G scores based on digital pathology sections. Consider-
ing the importance of the m7G score to the PPPM model and 
for the clinical dissemination of the m7G score, a clinical 
prognostic model based on the m7G score was constructed 
and developed as an online tool. Finally, we used IHC and 
single-cell transcriptome sequencing (scRNA-Seq) to vali-
date the m7G regulatory key genes and m7G scores.

Expected impacts in the framework of PPPM

How to accurately assess the prognosis of cancer patients 
and benefit from immunotherapy has attracted great atten-
tion in the field of cancer therapy. Under the traditional reac-
tive cancer treatment model, the exploration of novel immu-
notherapy strategies has not achieved the expected clinical 
benefits. In addition, in the absence of effective markers, 
the application of immunotherapy may not only be ineffec-
tive, but also increase the side effects and economic bur-
den of patients. Therefore, this study aims to evaluate the 
correlation of m7G regulatory genes and m7G score with 
tumor molecular and clinical characteristics in different 
tumors, evaluate their correlation with tumor immune tumor 
response, and finally construct a prognostic model based on 
m7G score. The results of this study can achieve prognostic 
stratification and immunotherapy sensitivity prediction of 
cancer patients. This will optimize patient-specific treatment 
strategies, improve the efficiency of immunotherapy, and 
reduce the cost of treatment. These findings have improved 
strategies for targeted prevention and personalized treatment 

of tumors and facilitated a paradigm shift from passive care 
to PPPM.

Methods

Single‑cell transcriptome sequencing data analysis

The preparation and data analysis of scRNA-Seq was 
performed as previously described [20]. The single-cell 
sequencing datasets was stored in GEO database (https:// 
www. ncbi. nlm. nih. gov/ geo/) (GSE152938). In brief, fresh 
tumor samples were obtained from the operating room to 
the laboratory in cold Hank’s balanced salt solution. After 
the samples were washed and were cut into 2–4-mm pieces. 
The tissue species were digested for 30 min at 37 °C with 
gentle agitation in a digestion solution in HBSS. Samples 
were washed and filtered, erythrocytes were removed, and 
cell viability was assayed before single-cell sequencing. Two 
kidney renal clear cell carcinoma (KIRC) samples were col-
lected from patients undergoing radical nephrectomy. The 
patients were not receiving any anti-tumor treatment therapy 
prior to sampling, including chemotherapy, radiotherapy, 
immunotherapy, and Chinese medicine. All samples were 
sequenced using the Hiseq X10 (Illumina, San Diego, CA) 
with standard parameters. Preliminary sequencing files 
(.bcl) were converted to FASTQ files on CellRanger (ver-
sion 3.0.2). R (version 3.5.2) and Seurat R package (version 
3.1.1) were used for quality control (QC) and secondary 
analysis.

Paraffin‑embedded tissue collection

Paired cancers and paracancerous tissues were derived from 
35 breast cancer patients from the Affiliated Cancer Hospital 
of Guangxi Medical University, respectively. All patients 
were diagnosed with breast cancer and had not received 
chemotherapy or radiotherapy before tissue collection. Writ-
ten informed consent was acquired from all patients. The 
study was approved by the Ethics and Anthropology Com-
mittee of the Affiliated Cancer Hospital of Guangxi Medical 
University. All experiments and methods were performed in 
accordance with relevant guidelines and regulations.

Immunohistochemical staining

All cancer specimens were immersed in formalin. Before 
staining, tissues were cut to 5-μm thickness and placed on 
glass slides. Endogenous peroxidase activity was inhibited 
and blocked by de-paraffinizing, rehydrating, and using 5% 
bovine serum albumin at 37 °C for 30 min. The treated sec-
tions were incubated with anti-EIF4E (Abmart T58863M) at 
4 °C overnight and washed three times with PBS. After that, 
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incubation with secondary anti-peroxidation sunflower at 
37 °C for 30 min is required. After washing three times again 
with PBS, the sections were developed in diaminobenzidine 
and microscopic images were made by light microscopy.

Dataset acquisition and preprocessing

The gene expression in normal tissue from healthy indi-
viduals was analyzed using the genotype-tissue expression 
(GTEx) dataset (V7.0) (https:// commo nfund. nih. gov/ GTEx/) 
[21]. The tumor-associated data including cope number vari-
ation (CNV), single nucleotide variation (SNV), mRNA Seq, 
and clinical and methylation data were collected from The 
Cancer Genome Atlas (https:// portal. gdc. cancer. gov/) [22, 
23]. Further, the Genomics of Drug Sensitivity in Cancer 
(GDSC) database (www. cance rrxge ne. org) was used to 
investigate the correlation between m7G methylation and 
drug sensitivity [24]. The 33 solid cancer types were studied, 
including adrenocortical carcinoma (ACC), bladder urothe-
lial carcinoma (BLCA), breast invasive carcinoma (BRCA), 
cervical squamous cell carcinoma and endocervical adeno-
carcinoma (CESC), endocervical carcinoma (CHOL), colon 
adenocarcinoma (COAD), lymphoid neoplasm diffuse large 
B cell lymphoma (DLBC), esophageal carcinoma (ESCA), 
glioblastoma multiforme (GBM), head and neck squamous 
cell carcinoma (HNSC), kidney chromophobe (KICH), kid-
ney renal clear cell carcinoma (KIRC), kidney renal papil-
lary cell carcinoma (KIRP), acute myeloid leukemia, brain 
low-grade glioma (LGG), liver hepatocellular carcinoma 
(LIHC), lung adenocarcinoma (LUAD), lung squamous 
cell carcinoma (LUSC), mesothelioma (MESO), ovarian 
serous cystadenocarcinoma (OV), pancreatic adenocarci-
noma (PAAD), pheochromocytoma and par glioma (PCPG), 
prostate adenocarcinoma (PRAD), rectum adenocarcinoma 
(READ), sarcoma (SARC), skin cutaneous melanoma 
(SKCM), stomach adenocarcinoma (STAD), testicular germ 
cell tumors (TGCT), thyroid carcinoma (THCA), thymoma 
(THYM), uterine corpus endometrial carcinoma (UCEC), 
uterine carcinosarcoma (UCS), and uveal melanoma (UVM) 
(Supplementary Table 1).

Pathological image acquisition and feature 
extraction

Hematoxylin and eosin–stained histopathology slides were 
obtained through TCGA via the Genomic Data Commons 
Data Portal (https:// portal. gdc. cancer. gov/), which included 
10,452 patients from 28 cancer types. We cropped the entire 
slide into a 512 pixel × 512 pixel tile with a 50 pixel overlap 
and a magnification of 20 ×  [25]. Features of those tiles 
were extracted with a free open-source tool called Cell-
Profiler [26]. CellProfiler is a high-throughput biomedi-
cal image analysis software that can quantify a wide range 

of biological problems, including basic analysis (e.g., cell 
counts, cell size, intracellular protein levels) and complex 
morphological analysis (e.g., cell or organelle shape, sub-
cellular patterns of DNA or protein coloring). Compared 
with deep learning algorithms [25], the features extracted by 
CellProfiler are more interpretable. CellProfiler performed 
pre-processing operations such as correction on each digi-
tal pathology image; secondly, it uses the Watershed algo-
rithm to segment and identify cells in the digital pathol-
ogy images; and finally, it measures various metric features 
such as counting the number of nuclei, measuring the size 
of nuclei, extracting nuclei and cytoplasmic textures, and 
calculating their distribution.

Machine learning–based pathomics model 
construction

Two machine learning methods, random forest (RF) and 
extreme gradient boosting tree (XGBoost), were used to 
construct pathomics-based prediction models respectively. 
Regression models are now commonly used to screen for 
risk factors, but covariance between independent variables 
and a dramatic increase in the dimensionality of the data 
can lead to biased or invalid model estimates. XGBoost 
(https:// xgboo st. ai/) is an integrated learning method based 
on Boosting trees, in which weak classifiers are iteratively 
computed so that the algorithm’s loss function decreases 
in the direction of its gradient to achieve accurate classi-
fication results. XGBoost and Random Forest can handle 
complex data variable interactions and co-linear problems, 
avoiding overfitting of the model and calculating the con-
tribution of each variable to the model to determine the 
degree of influence of the variable. Applying the Python 
Scikit-learn (https:// scikit- learn. org/ stable/; v.0.18) toolkit 
to build and evaluate models. The top 20 variables were 
selected for model building using “SelectKBest” to rank the 
importance of the variables. Application of fivefold cross-
validation and random search (RandomizedSearchCV, scor-
ing = “accuracy”) to select the best parameters for the model. 
Evaluation of model accuracy using ROC curves.

Survival curves analysis

Kaplan–Meier survival curves were generated based on dif-
ferences in m7G expression in various cancers using the R 
package “Survival” (https:// www. rdocu menta tion. org/ packa 
ges/ survi val) to investigate the relationship between m7G 
scores and overall survival (OS), progression-free survival 
interval (PFI), and disease-specific survival (DSS) [27]. p 
values were calculated for the log-rank test, and the values 
less than 0.05 were considered statistically significant.

674 EPMA Journal (2022) 13:671–697

https://commonfund.nih.gov/GTEx/
https://portal.gdc.cancer.gov/
http://www.cancerrxgene.org
https://portal.gdc.cancer.gov/
https://xgboost.ai/
https://scikit-learn.org/stable/
https://www.rdocumentation.org/packages/survival
https://www.rdocumentation.org/packages/survival


1 3

Methylation and CNV analysis

The tumor and non-tumor samples from 33 cancer types 
were analyzed for methylation pattern. The mRNA expres-
sion and methylation data were coalesced by the TCGA 
barcode (https:// docs. gdc. cancer. gov/ Encyc loped ia/ pages/ 
TCGA_ Barco de) [23]. Next, the correlation between m7G 
gene methylation and mRNA expression level in each 
cancer type was analyzed according to Pearson’s product-
moment correlation coefficient (https:// stati stics. laerd. 
com/ featu res- overv iew. php). CNV raw data were col-
lected from 33 cancer types and processed by GISTIC 2.0 
(www. genep attern. org/ modul es/ docs/ GISTIC_ 2.0) [28]. 
Further, depending on the occurrence of CNV on one or 
two chromosomes, the CNV was divided into heterozy-
gous and homozygous CNV subtypes. Meanwhile, the 
percentages of homozygous or heterozygous CNV were 
shown in the CNV profile, containing CNV amplification 
and deletion percentages of each gene. Next, the correla-
tions of CNV with mRNA expression were detected based 
on Pearson’s product-moment correlation coefficient. We 
used GSCALite to analyze and present the data [29].

Evaluation of m7G score

The m7G score was calculated based on the single-sam-
ple gene-set enrichment analysis (ssGSEA) [30] using the 
m7G regulator gene list downloaded from the GSEA data-
base (https:// www. gsea- msigdb. org/ gsea/ datas ets. jsp) to 
quantify the levels of m7RGs for each cancer (Supplemen-
tary Table 2) [19, 31, 32]. ssGSEA, an extension of GSEA, 
calculates separate enrichment scores for each pairing of a 
sample and gene set. Each ssGSEA enrichment score rep-
resents the degree to which the genes in a particular gene 
set are coordinately up- or downregulated within a sample. 
ssGSEA is now widely used in tumor research [33, 34]. 
Thus, the m7G score was a proxy for the expression of the 
m7G regulator gene in a single tumor sample.

Correlation analysis between m7G and tumor 
immune invasion

The TIMER (https:// cistr ome. shiny apps. io/ timer/) and 
GEPIA (gepia.cancer-pku.cn) database provided a cru-
cial assessment and integration of immune cells for RNA 
sequencing samples from TCGA [35, 36]. The correlation 
between m7G scores and the abundance of B cells,  CD4+ 
T cells,  CD8+ T cells, neutrophils, macrophages, and den-
dritic cells (DCs) were analyzed using Pearson correlation 
coefficients.

Pathway exploration for m7G in pan‑cancer

Numerous databases were searched to explore the functions 
and pathways of m7G in pan-cancer. To avoid the limitation 
of tumor heterogeneity, CancerSEA (https:// ngdc. cncb. ac. 
cn/ datab aseco mmons/ datab ase/ id/ 6092) database was used 
to search distinct functional states of specific genes in var-
ied cancer types of the single-cell level. [37]. Meanwhile, 
we performed the CancerSEA database to explore the cor-
relation between the m7G and functional states in various 
cancers.

TIDE analysis

Potential ICB response was predicted using the TIDE algo-
rithm (tide.dfci.harvard.edu) [38]. TIDE estimates two dis-
tinct mechanism of tumor immune evasion, including the 
dysfunction of tumor infiltration cytotoxic T lymphocytes 
(CTL) and exclusion of CTL by immunosuppressive factors. 
A high TIDE score means that patients have a higher chance 
of immune escape from tumors and thus exhibit a lower rate 
of ICB response.

Measurement of Tumor‑specific total mRNA 
expression

DeMixT (version 1.2.2) is a freely available R package 
developed by Cao et al. [39], which is a model-based quan-
tification of total mRNA expression in bulk tissue. We used 
it for estimating tumor-specific mRNA expression (TmS), 
following the officially recommended parameters.

Feature Selection and m7G Nomogram construction

Features included in the nomogram were selected in two 
steps. First, univariate Cox regression analyses were con-
ducted to screen for features significantly related to OS. 
Features with a p-value < 0.05 in the univariate analysis 
were selected. The selected features were then used in the 
least absolute shrinkage and selection operator (LASSO) 
regression algorithm. Dummy variables were created for 
categorical variables. Cross-validation was used to confirm 
suitable tuning parameters (λ) for LASSO logistic regres-
sion. Finally, the most significant features were selected by 
LASSO. Variables with non-zero regression coefficients 
under the minimum penalty coefficient of the lasso regres-
sion were entered into a multivariate COX regression [40]. 
Independent prognostic factors in the multivariate COX 
regression model were used for COX prognostic model 
construction, and the prognostic model was presented using 
nomogram and deployed as an online pan-cancer prognostic 
tool (https:// pan- cancer- m7g. shiny apps. io/ Panca- m7g/).
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Statistical analyses

Spearman’s correlation test (https:// www. stati stics solut ions. 
com/ free- resou rces/ direc tory- of- stati stical- analy ses/ corre 
lation- pears on- kenda ll- spear man/) was used to evaluate the 
correlation between m7G- related gene expression [41]. The 
prognostic indicators were assessed by Kaplan–Meier sur-
vival curves and compared by a log-rank test [42]. The haz-
ard ratio was calculated using the Cox proportional hazards 
model [43], and the R (version 3.4.4) was used to perform 
all statistical analyses and the p-value < 0.05 was considered 
statistically significant.

Construction of m7G regulation network 
and protein–protein interaction analysis

The m7RGs were imported into the STRING database 
(https:// string- db. org/) for protein–protein interaction (PPI) 
analysis, the txt file was downloaded and copied to Excel 
for annotation, and then imported into Cytoscape (https:// 
cytos cape. org) software to draw the hub-genes PPI network 
diagram. The network analysis function of Cytoscape is used 
to analyze the linkage between genes, and a gene is defined 
as a hub gene when its degree exceeds that of other genes. 
The sources of multi-omics data are shown in Supplemen-
tary Table 3.

Results

Differential expression of m7G regulator genes 
in cancers and paracancer and its impact 
on prognosis

The data sources and the main structure of the article are 
shown in the flow chart (Fig. 1). Overall, NUDT11 and 
NUDT10 were significantly lowly expressed in most tumors, 
while most genes were significantly highly expressed in 
LGG and PAAD. Meanwhile, EIF4E1B was significantly 
overexpressed in GBM, and GEMIN5 was significantly 
overexpressed in DLBC and THYM whereas NUDT4P1 
expression was significantly repressed in LGG and GBM 
(Fig. 2A). Further, the relationship between multiple gene 
expression and tumor prognosis was analyzed, and found 
that the expression of EIF4E2 and NUDT11 genes may be a 
risk factor and expression of CYFIP2 and IFIT5 genes may 
be a protective factor (Fig. 2B).

CNV and SNP of m7G regulator genes

m7RG SNP data were analyzed to detect the frequency 
of each cancer subtype and the variation type. Analy-
sis of 1330 tumors revealed that the SNV frequency of 

regulatory factors was 73.98% (984 cases) with SNV fre-
quencies of 19%, 16%, and 5%, for EIF4G3, CYFIP2, and 
CYFIP1, respectively. The seven major SNP variants of 
regulatory factors identified in different cancer subtypes 
were missense mutation, nonsense mutation, frame shift 
del, splice site, in frame del, frame shift ins, and multi 
hit. In UCEC, MESO LUAD, and STAD, the modula-
tion factor SNV frequency increases (Fig. 3A). The SNV 
percentage graph analysis demonstrated that EIF4G3 
and CYFIP2 were 53% and 52% in UCEC, respectively 
(Fig. 3B). Next, the CNV variation of m7G at the chro-
mosome arm level was determined based on the CNV 
data of m7G in the TCGA database. It was observed that 
most genes underwent CNV amplification or deletion in 
33 tumors. Meanwhile, ELF4A1 had 60% heterozygous 
amplification in KIRP and > 50% heterozygous deletion 
in COAD, and LUSC. Similarly, NUDT16 had > 50% het-
erozygous deletion in UVM and PCPG, and nearly 50% 
heterozygous amplification in HNSC, and LUSC. Thus, 
it was concluded that CNV of m7G mediates cancer-
related gene aberrant expression and may play an impor-
tant role in most cancers (Fig. 3C). Correlation studies 
comparing mRNA expression with CNV explained that 
mRNA expression of each regulator was positively cor-
related with the CNV in most cancers (p < 0.05), while 
the expression of NUDT11 in KIRP, DCPS in THYM, 
NUDT10 in LGG, KIRP, and PCPG was negatively cor-
related with CNV (p < 0.05) (Fig. 3D).

Methylation of m7G regulator genes and their 
correlation with expression

The methylation status of m7RGs was investigated to dem-
onstrate the corresponding epigenetic methylation levels of 
m7RGs. EIF4E3 in KIRP, and EIF4E in KIRP, and KIRC 
were hypermethylated (p < 0.05). However, the EIF4E1B in 
COAD, LIHC, and PAAD was significantly hypermethylated 
(p < 0.05) (Fig. 4A). Further, correlation analysis between 
methylation levels and mRNA showed that most genes were 
negatively correlated with methylation in tumors (p < 0.05). 
For example, the expression of CYFIP2 and CYFIP1 in 
THYM had a significant negative correlation with methyla-
tion. While NUDT1 in PCPG and DCP2 in THYM showed 
a positive correlation with methylation (p < 0.05) (Fig. 4B).

Drug sensitivity analysis

The drug sensitivity and mRNA expression profile data 
from GDSC were collated to understand the role of m7G 
in chemotherapy or targeted therapy. Correlation analysis 
revealed that the drug trametinib was resistant to NUDT11 
and EIF4E1B. The drugs PIK-93, NPK76-II-72–1, and 
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YM201636 were sensitive to most genes, except NUDT16, 
CYFIP1, and IFIT5. Thus, it was concluded that m7G aber-
rant expression may mediate sensitivity to targeted drug 
therapy and chemotherapy (Fig. 5).

Differential expression of m7G score 
and the correlation with staging

Correlation analysis of 32 genes revealed that m7G scores 

Fig. 1  Flow chart of this study. The sources of data and the main article structure are shown here
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were positively correlated with gene expression and could 
represent the expression mechanism and m7G scores for 
subsequent analysis. Moreover, DCP2 positively correlated 
with NUDT3, GEMIN5, and LARP1 (Fig. 6A). Meanwhile, 
m7G showed higher expression in ACC, BRCA, and COAD 
(Fig. 6B). Further, the expression level analysis of 27 tumors 
demonstrated a decrease in m7G expression of READ 
(p = 0.045) in tumor stages III and IV. Similarly, we observed 
an increase in m7G expression for BRCA (p = 0.042), OV 
(p = 0.043), KIRP (p = 0.01), and UCS (p = 0.013) in tumor 
stage III and IV. However, no data was available for CESC 
and DLBC tumor stages III and IV (Supplementary Fig. 1).

Effect of m7G score on prognosis

Analysis of m7G scores for OS showed that m7G was found 
to be a risk factor in BLCA (p = 0.003), BRCA (p = 0.003), 
HNSC (p < 0.001), LUAD (p = 0.047), and STAD (p = 0.04) 
(Supplementary Fig. 2). For DSS, m7G was considered a 
risk factor in BLCA (p = 0.002), BRCA (p = 0.034), HNSC 
(p < 0.001), LUAD (p = 0.039), and KIRP (p = 0.018) (Sup-
plementary Fig. 3). Similarly, m7G was considered a risk 
factor for PFI in BLCA (p = 0.003), HNSC (p = 0.001), 
LUAD (p = 0.023), and SARC (p = 0.045) (Supplementary 
Fig. 4). Moreover, the prognostic value of m7G from OS 
was assessed and found that m7G was significantly associ-
ated with poor prognosis in BLCA (p = 0), BRCA (p = 0), 
HNSC (p = 0), and STAD (p = 0.04) (Fig. 7A). Meanwhile, 
for DSS, higher m7G expression was significantly associated 
with poor prognosis in 5 of 33 tumors (Fig. 7B). Similarly, 
the results for PFI showed that high m7G expression in 4 
of 33 tumors was significantly associated with worse PFI. 
These results suggest that m7G may be an independent prog-
nostic marker for various tumors (Fig. 7C).

The function of m7G score was analyzed 
at a single‑cell level

In most tumors, m7G scores were observed to be associated 
with invasion, cell cycle, DNA damage, and DNA repair, 
especially in UM, suggesting m7G methylation scores may 
be an important factor for tumor invasion and metastasis. It 
has been observed that genomic invasion, cell cycle, DNA 
damage, DNA repair, stemness, apoptosis, proliferation, 
EMT, hypoxia, metastasis, angiogenesis, differentiation 
inflammation, quiescence promoted m7G function in UM 
tumors, genomic invasion, cell cycle, DNA damage, DNA 

repair, apoptosis, EMT, hypoxia, metastasis, angiogenesis 
differentiation, inflammation, and quiescence may promote 
m7G function in GBM tumors, while genomic stemness, 
apoptosis, proliferation, EMT, hypoxia, metastasis, angio-
genesis differentiation, inflammation, and quiescence inhib-
ited m7G function in AML tumors (Fig. 8).

Relationship between m7G score and tumor 
immune microenvironment

To investigate the relationship between m7G and tumor 
immune cells, the abundance of 22 immune cells was 
counted and m7G was found to be significantly positively 
correlated with macrophage M2, monocyte, T cell CD4 
memory resting, activated mast cell, memory activated T 
cell CD4, and macrophage M1. In addition, m7G was sig-
nificantly negatively correlated with activated NK cell, 
memory B cell, T cell follicular helper, NK cell resting, 
mast cell resting, and T cell regulatory Tregs. Similarly, 
m7G was significantly negatively correlated with neutro-
phils. (Fig. 9A). However, the m7G scores were significantly 
positively correlated with immune scores in THYM, BLCA, 
and STAD and significantly negatively correlated in LUSC 
and BRCA (Fig. 9B). Similarly, the m7G score was sig-
nificantly positively correlated with tumor microenviron-
ment score in STAD and PAAD and negatively correlated 
with tumor microenvironment score in LUSC and PRAD 
(Fig. 9C). Moreover, the m7G scores of patients with KIRC, 
HNSC, and STAD were negatively correlated with tumor 
microenvironment scores, and the m7G scores of patients 
with TGCT, LGG, and BRCA were significantly positively 
correlated with interstitial scores. These results suggest that 
m7G expression is associated with the tumor immune micro-
environment and may be a potential marker for immune 
therapy (Fig. 9D).

Relationship between m7G score 
and immune‑related gene

Next, the correlation studies between m7G scores and check-
points revealed that m7G expression was significantly posi-
tively correlated with CD200 and PDCD1LG2, and negatively 
correlated with TNFRSF14 and TNFRSF25. The negative cor-
relation between m7G and TNFRSF14 was present in most 
tumors except OV (p < 0.05) (Fig. 10A). The correlation analy-
sis between m7G scores and immune activation gene expres-
sion found that m7G expression was positively correlated with 
ENTPD1 and CXCL12 in most tumors and negatively cor-
related with TNFRSF25 and TNFRSF14 in LUAD (p < 0.05) 
(Fig. 10B). For immunosuppressive genes, m7G expression 
was found to be positively correlated with TGFBR1 and 
KDR and negatively correlated with PVRL2 in most tumors 
(p < 0.05) (Fig. 10C). Further investigation demonstrated the 

Fig. 2  Differential expression of m7G regulator genes in pan-cancer 
and the impact on prognosis. A Differential expression of m7RGs. 
The blue dots indicate low gene expression in the tumor and the red 
dots represent high gene expression in tumors. B Heat map of m7RGs 
expression in different cancers. *p < 0.05, **p < 0.01, ***p < 0.001
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specificity of m7G expression in pan-cancer and chemokines 
and their receptors and showed that chemokines CXCL14 and 
CXCL12 were positively correlated with m7G expression in 
most cancers (p < 0.05) (Fig. 10D). In addition, the chemokine 
receptors CX3CR1, CCR2, and CCR1 showed a positive cor-
relation to m7G expression (p < 0.05) (Fig. 10E).

Correlation between m7G score and markers 
of immunotherapy response

m7G expression was significantly positively correlated 
with high TMB in DLBC only and negatively correlated in 

most tumors (Fig. 11A). Meanwhile, the m7G expression 
was significantly positively correlated with MSI in LIHC, 
MESO, and a weak positive correlation was observed in 
TGCT, CESC, and GBM (Fig. 11B). For TIDE scores, 
m7G expression was significantly positively correlated 
with high TIDE in ESCA and STAD (Fig. 11C). TIDE 
correlation analysis showed that m7G score was signifi-
cantly positively correlated with TIDE scores in BLCA 
and ESCA, while m7G expression was significantly nega-
tively correlated with TIDE scores in UVM, LIHC, and 
SKCM (Supplementary Fig. 5).

Fig. 3  CNV and SNP of m7G regulator genes. A SNV oncoplot. The 
cancer map shows the distribution of m7G mutations and the classifi-
cation of SNV types (e.g., missense mutations, frame-shift loss, and 
nonsense mutations). Selected cancer samples are displayed together 
with a side and top bars showing the number of variations in each 
sample or gene. B The SNV frequency of genes in cancers. The 
darker the color, the higher the mutation frequency. Numbers repre-
sent the percentage of samples that have the corresponding mutated 
gene for a given cancer. 0 indicates that there was no mutation in the 

gene coding region, and no number indicates that there was no muta-
tion in any region of the gene. C CNV pie charts in 33 cancers. The 
combined heterozygous or homozygous CNVs for each gene in dif-
ferent cancer types are shown in the CNV pie chart. D CNV correla-
tion with mRNA expression. The association between paired mRNA 
expression and CNV percentage in samples was based on a Pearson 
product-moment correlation coefficient. The size of the point repre-
sents the statistical significance, the bigger the dot size, the higher the 
statistical significance
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Correlation between m7G score and Tumor‑specific 
total mRNA expression

The total mRNA content in cancer cells is closely related 
to the biological characteristics of tumor [39]. To further 
analyze the correlation between m7G score and TmS, we 
first calculated the TmS of tumor samples in TCGA data-
set. The results showed that the abundance of TmS was 
lowest in HNSC and highest in LUSC (Fig. 12A), which 
was similar to the original paper [39]. Survival analysis 
showed that elevated TmS was associated with poor prog-
nosis in most tumors. We evaluated the prognostic value 
of m7G scores from OS and found that m7G scores were 
significantly associated with poor prognosis for LUAD 
(p = 0.01), PAAD (p = 0.02), and LIHC (p = 0.01). Mean-
while, for DSS, high m7G scores were associated with 
poorer DSS in 7 of 33 tumors. Additionally, the results for 
PFI showed that high m7G scores in 8 of 33 tumors were 
significantly associated with worse PFI (Fig. 12B). Cor-
relation analysis showed that m7G scores was positively 
correlated with TmS in READ, LIHC, and STAD, and 
negatively correlated with THCA and BRCA (Fig. 12A, 
Supplementary Fig. 6). These results suggest that there 
was an interaction between m7G score and TmS in some 
tumors, and the full evaluation of these two indicators was 
conducive to prognosis and treatment decision.

Single‑cell transcriptional analysis of m7G 
in the KIRC tumor microenvironment

ScRNA-seq was performed on 2 KIRC samples. Subse-
quently, 13,124 high-quality single-cell transcriptome 
information was used for analysis after conducting QC 
using Seurat. Cell clustering analysis based on the tSNE 
algorithm showed that the cells could be classified into 
11 clusters, namely KIRC1, KIRC2, KIRC3, monocyte1, 
monocyte2, macrophage, mast cells, endothelial cells, NK 
cells,  CD4+ T cells, and  CD8+ T cells (Fig. 13A). It was 
observed that marker genes were significantly differentially 
expressed in different cell clusters (Supplementary Fig. 7). 
In addition, it was observed that tumor cells from two differ-
ent sources of KIRC samples had the same cluster (KIRC3) 
and unique clusters (KIRC1 and KIRC2) (Fig. 13B). Thus, 
the results suggested heterogeneity of KIRC cell types. 
We used ssGSEA to impute m7G scores for KIRC tumor 
microenvironment cells and compared the differences in 
m7G scores across cell types (Fig.  13C). Interestingly, 
we found a significant difference in the m7G scores of the 
above 11 types of cells (Fig. 13D). Moreover, m7G score 
was significantly elevated in macrophages inside KIRC2 
and KIRC3 and decreased in mast cells m7G scores varied 
significantly within different KIRC cell clusters, suggest-
ing m7G scores reflect an intrinsic feature of KIRC. These 

Fig. 4  Methylation of m7G regulator genes and their correlation with 
expression. A Methylation difference of m7RGs in pan-cancer. Blue 
dots represent hypomethylation and red dots represent hypermethyla-
tion. The solid circles represent FDR < 0.05, namely p < 0.05, signifi-
cant correlation. B Correlation between mRNA expression and meth-

ylation. Negative correlation is indicated by blue dots and positive 
correlation is indicated by red dots. The bluer the color, the stronger 
the negative correlation, and the redder the color, the stronger the 
positive correlation
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results suggest that m7G are significantly different in dif-
ferent cells of the KIRC tumor microenvironment and that 
targeting m7G may be a novel breakthrough in regulating 
the tumor microenvironment.

Hub‑gene definition and immunohistochemical 
validation

The m7G-related genes were input into Cytoscape software, 
and the PPI network diagram was obtained (Supplementary 
Fig. 8A). The nodes represent proteins, and the links rep-
resent the degree of association between proteins. It can be 
seen that the PPI network had a total of 28 nodes and 131 
connections. The EIF4E, which has the highest m7G degree, 
is defined as the hub gene. We examined the expression of 
EIF4E in 35 pairs of breast cancers versus normal tissues 
using immunohistochemistry and showed that EIF4E was 

significantly more highly expressed in breast cancer tis-
sues (Fig. 14A, B, p = 0.016). Data from The Human Pro-
tein Atlas also indicated that EIF4E was high expression in 
BRCA and LUSC (Supplementary Fig. 8B-E), which was 
consistent with our expression analysis.

Pathomics‑based machine learning model 
construction

Considering that the m7G score can only be obtained by 
RNA sequencing, we constructed a pathomics-based m7G 
score prediction model based on H-E-stained pathological 
sections in order to facilitate clinical application. Repre-
sentative image of the CellProfiler processing and extrac-
tion of image features is shown in Fig. 15A. In this study, 
1673 image features were extracted from each pathology 
image. We first evaluated the importance of variables and 

Fig. 5  Correlation between GDSC drug sensitivity and mRNA expression. Blue represents a negative correlation, suggesting higher the gene 
expression, the lower the drug amount required, and the higher the sensitivity
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Fig. 6  Differential expression of m7G score and the correlation with 
staging. A Correlation between m7RGs and m7G score. Red is posi-
tive, blue is negative, and the darker the color, the stronger the cor-
relation. B m7G score was analyzed by combining GTEX and TCGA 

databases. The box line represents the average value. The box line of 
the red box block is higher than that of the blue box block, indicating 
a positive correlation and vice versa

683EPMA Journal (2022) 13:671–697



1 3

used the top 20 features for model construction (Fig. 15B). 
The m7G score prediction model based on random for-
est (RF) had high accuracy. The number of true positives 
(TPs) and true negatives (TNs) indicated by the confusion 
matrix was significantly higher than that of false positives 
(FPs) and false negatives (FN) (Fig. 15C), and the AUC 
of ROC curve was 0.82 (Fig. 15E). Compared with the RF 
model, the m7G score prediction model based on XGBoost 

had higher accuracy. The number of TP and TN indicated 
by the confusion matrix was significantly higher than that 
of FP and FN (Fig. 15D), and the AUC of the ROC curve 
was 0.97 (Fig. 15E). To evaluate the accuracy of XGBoost 
model in predicting m7G score in different tumors, ROC 
curves were constructed for different tumors (Supplemen-
tary Fig. 9). The XGBoost model had the highest accuracy 

Fig. 7  Effect of m7G scores on prognosis. A OS forest map of m7G score. B DSS forest map of m7G score. C PFI forest map of m7G score

Fig. 8  Single cell level func-
tional analysis of m7G. The 
darker the color, the stronger 
the correlation. *p < 0.05, 
**p < 0.01, ***p < 0.001
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Fig. 9  Relationship between m7G score and tumor immune microen-
vironment. A Correlation analysis of m7G tumor-infiltrating immune 
cells. *p < 0.05, **p < 0.01, ***p < 0.001. B–D Immune score, micro-
environment score, and stroma score of m7G. The triangle indicates 

no statistical significance, while the circle indicates statistical signifi-
cance. The greater the absolute value of the score, the higher the cor-
relation
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in CHOL with an AUC of 1.00, and the lowest accuracy in 
GBM with an AUC of 0.917 (Fig. 15F).

Tumor staging is an important factor affecting treatment 
decision and prognosis. In order to determine whether path-
omics can accurately predict tumor staging, we constructed a 
tumor staging prediction model. We first evaluated the impor-
tance of variables and used the top 20 features for model con-
struction (Supplementary Fig. 10A). The RF model was poor 
in predicting staging accuracy, with the confusion matrix sug-
gesting a high number of FP cases and an AUC of 0.66 (Sup-
plementary Fig. 10B). Compared with the RF model, the stage 
prediction model based on XGBoost had higher accuracy. The 
number of TP and TN indicated by the confusion matrix was 
significantly higher than that of FP and FN, and the AUC of 
ROC curve was 0.99 (Supplementary Fig. 10C-D). To evaluate 
the accuracy of XGBoost model in predicting stage in differ-
ent tumors, ROC curves were constructed for different tumors 
(Supplementary Fig. 10E). The XGBoost model had the high-
est accuracy in BLCA with an AUC of 1.00, and the lowest 
accuracy in KICH with an AUC of 0.98.

TMB is an important factor in determining the efficacy 
of immune checkpoint inhibitors. To assess the predictive 
value of pathomics for TMB, a TMB prediction model was 
constructed. We first evaluated the importance of variables 
and used the top 20 features for model construction (Sup-
plementary Fig. 11A). The RF model was poor in predicting 
TMB accuracy, with the confusion matrix suggesting a high 
number of FP cases and an AUC of 0.90 (Supplementary 
Fig. 11B). Compared with the RF model, the TMB predic-
tion model based on XGBoost had higher accuracy. The 
number of TP and TN indicated by the confusion matrix was 
significantly higher than that of FP and FN, and the AUC of 
ROC curve was 0.99 (Supplementary Fig. 11C-D). To evalu-
ate the accuracy of XGBoost model in predicting TMB in 
different tumors, ROC curves were constructed for different 
tumors (Supplementary Fig. 11E). The XGBoost model had 
the highest accuracy in DLBC with an AUC of 1.00, and the 
lowest accuracy in PAAD with an AUC of 0.98.

Data integration analysis and m7G prognostic 
model construction

Integrative analysis can clarify the importance of different 
variables (clinical features and molecular characteristics) in 

disease progression [44]. Correlation of m7RGs expression 
with m7G score, tumor type, tumor stage, gender, age, over-
all survival, TMB, MSI, immune microenvironment score, 
CNV, and TIDE score was shown in Fig. 16A. To further 
investigate the relationship between the different variables, 
an integrated analysis was carried out. We first used uni-
variate COX regression to analyze the correlation between 
multi-omics data, clinical data, and OS. SNV data were not 
included in this comprehensive analysis due to the low rate 
of non-consent mutations. Univariate COX regression analy-
sis suggested that 51 variables were associated with OS, 
including tumor type, tumor stage, and m7G scores (Sup-
plementary Table 4). We applied a LASSO COX regression 
algorithm for feature selection. The most appropriate tuning 
parameter λ for LASSO regression was 6.4 ×  10−4 when the 
C-index reached its maximum value (Fig. 16B); 45 vari-
ables with nonzero coefficients were retained in the LASSO 
analysis (Fig. 16C). Then, these variables enter the multi-
variate COX regression model. Ultimately, 23 independent 
prognostic factors were selected for the construction of the 
prognostic model (Supplementary Table 4). To facilitate 
practical clinical use, we have deployed an online pan-cancer 
prognostic tool (https:// pan- cancer- m7g. shiny apps. io/ Panca- 
m7g/). Based on this online tool, we are able to extrapolate 
patient survival rate-time curves and obtain probabilities 
and confidence intervals for survival at a given time (e.g., 
3 or 5 years) (Supplement Fig. 12). Figure 16E illustrates 
the relationship between risk scores and the survival status 
and survival time, showing that as the risk score increased, 
the number of patients who die gradually increased and the 
survival time gradually decreased. We used ROC curves to 
assess the accuracy of the prognostic model and the results 
showed that the AUC could reach 81% in predicting overall 
survival at 1, 3, and 5 years, suggesting a high accuracy rate 
(Fig. 16E).

Discussion

The significance of multi‑omics analysis in PPPM

The analysis of gene mutations, gene expression, and DNA 
modifications enables clinicians to diagnose and treat dis-
eases more accurately. Broadly speaking, the data used 
in precision medicine have been extended to other non-
genomic data such as electronic medical records, medical 
imaging data, and laboratory results, which together with 
genomic data constitute the big data of precision medicine 
[45]. The most commonly used genomic data are germline 
mutations and somatic tumor mutations, such as prophy-
lactic mastectomy to prevent breast cancer in healthy peo-
ple with BRAC1 or BRAC2 mutations [46], and tyrosine 
kinase inhibitor therapy for lung cancer patients with EGFR 

Fig. 10  Relationship between m7G score and immune regulator gene. 
A Correlation analysis of m7G scores with immune checkpoints gene 
expression. B Correlation analysis of m7G score and immune acti-
vation gene expression. C Correlation analysis of m7G scores and 
immunosuppressive gene expression. D Correlation analysis of m7G 
scores with chemokines. E Correlation analysis of m7G scores with 
chemokine receptors. The colors range from blue to red, indicating 
the degree of correlation between tumor and related factors. The 
number of * indicates the degree of correlation
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mutations [47]. Despite the rapid development of genomic 
data, the clinical significance of many disease-associated 
variants cannot yet be clearly interpreted due to the large 
number of genes mutated in each tumor, and they have been 
categorized as variants of undetermined significance in gen-
eral, which greatly limits the use of genomic information. To 
complicate matters further, DNA data is only one of many 
molecular data available within the cell, but there are also 
DNA modifications (CpG methylation), histone modifica-
tions, chromatin open regions, gene transcription (RNA or 
miRNA expression), and protein expression, all of which are 
equally important to precision medicine and are collectively 
referred to as multi-omics data [48]. Although many of these 
data are not yet clinically available, they have an important 
role to play in the interpretation of loci of unknown signifi-
cance, the development of test packages for diagnosis, the 
development of new diagnostic and prognostic markers, and 
the identification of new therapeutic targets. We are now in 
the era of big biomedical data, comprising genomics, prot-
eomics, metabolomics, imaging, and clinical diagnostic data. 
The understanding and use of biomedical data information 
will expand into a new model of disease management for 
tumor patients from diagnosis to prevention to personalized 
treatment at this stage. If used properly, big data will become 
a valuable resource for improving current healthcare ser-
vices and reducing healthcare costs.

The m7G has potential as a prognostic marker 
in cancer

m7G is one of the modifications of RNA methylation, which 
plays an essential role in numerous biological functions. 
Several studies have revealed that RNA methylation dys-
regulation is closely associated with human cancer progres-
sion [49]. Meanwhile, m6A, m6Am, m1A, and m5C are also 
included in RNA methylation [50]. m6A modified proteins 
have been reported to be associated with a number of can-
cer cell lines and are potential therapeutic targets for can-
cer therapy [51]. The m5C RNA modification is associated 
with all types of human cancers [52]. Previous reports have 
observed that RNA methyltransferase (METTL1) depletion 
decreases the abundance of m7G-modified tRNA and attenu-
ates oncogenicity [53]. Although m7G has been studied for 
a long time, a clear understanding of m7G role in tumor 
progression is still limited. More investigation is needed 
to understand the association of m7RGs with cancer and 

tumor immunity, which could be an excellent resource for 
the implication of a PPPM-based strategy to achieve a higher 
standard of treatment with improved level of life quality.

Our results demonstrated that m7G score was high in 
most tumors as well as in advanced stages of cancer. These 
findings showed that higher expression of m7RGs in most 
tumors is indicative of poor prognosis. Thus, m7G could 
help us to recognize high-risk groups in order to apply tar-
geted prevention and further provide targeted therapeutic 
strategies by intervene m7G function. In addition, cellular 
pathway enrichment analysis based on single-cell level sug-
gested that m7G score was closely associated with invasion, 
cell cycle, DNA damage, and DNA repair. Thus, it was pre-
sumed that m7G was a risk factor in most tumors, suggesting 
m7G-related pathways may play a facilitative role in tumor 
progression.

Correlation of m7G with the tumor 
microenvironment and immunotherapy

In the tumor immune cell correlation analysis, m7RGs were 
found to be significantly positively correlated with Tregs 
in THYM and negatively correlated with  CD8+ T cells in 
BRCA and LGG. It was suggested that aberrant accumula-
tion of regulatory T cells (Tregs) in certain tumors could 
suppress anti-tumor immunity and facilitate the estab-
lishment of an immunosuppressive microenvironment 
[54]. Moreover, several related studies have indicated that 
increased Tregs in the tumor microenvironment and a lower 
ratio of  CD8+ T cells to Treg are associated with poor prog-
nosis. It has been reported that Tregs have a suppressive 
effect on tumor antigen-specific T cell responses. Thus, 
promoting depletion of Tregs or controlling Tregs function 
may have a promising immunotherapeutic effect [55]. There-
fore, m7G may promote the infiltration of Tregs in the tumor 
microenvironment and suppress the expression of  CD8+ T 
cells thereby enhancing the immunosuppressive effects of 
the tumor immunosuppressive microenvironment. Therefore, 
m7G reflects the internal characteristics of the tumor and 
clarifying the state of m7g in the tumor microenvironment 
is important for PPPM of tumor.

Moreover, studies on m7G immune checkpoints and 
immune-related genes revealed that m7RGs were associated 
with immune cell markers and significantly positively cor-
related with TGFBR1, IL10, CD200, and CD274 (PD-L1) 
in most tumors, and inhibition of TGFBR1 was reported 
to inhibit the malignant progression of tumor suppres-
sor (GATA4)–deficient lung cancer [56]. Meanwhile, the 
TGFBR1 inhibitor SB525334 was effective in inhibiting 
lung cancer cell growth in vitro [57]. Some studies have 
shown that IL-10 can limit the counteractivity of T cells by 
inducing unresponsiveness or non-responsiveness through 
APC or direct action on CD4 T cells [58]. Further, IL-10 

Fig. 11  Correlation between m7G score and markers of immunother-
apy response. A, B Correlation between m7G score and TMB (A) and 
MSI (B). The more outward spread of the dots and lines, the higher 
the correlation score of related tumors. C Correlation between m7G 
score and TIDE score. The triangle indicates no statistical signifi-
cance, while the circle indicates statistical significance. The greater 
the absolute value of the score, the higher the correlation
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production by tumor cells is associated with the immuno-
suppression of tumors [59]. CD200 was found to correlate 
with the immunosuppressive effects of the pancreatic tumor 
microenvironment [60], and a significant positive correlation 
was observed between m7G and CD200 expression in PAAD 
in our correlation studies. The upregulation of immune 
checkpoint, programmed death ligand 1 (PD-L1) expression, 
allows evasion of cancer cells from immune surveillance 
that facilitates metastasis and survival of cancer cells [61]. 
Therefore, m7G expression may contribute to immunosup-
pression of tumors affecting the function of certain immune 
checkpoints and immune-related genes, and promoting can-
cer cell infiltration. Therefore, targeting m7RGs may modify 
the tumor microenvironment and lay the foundation for the 
personalization of medical care for tumors.

Finally, our correlation analysis studies of m7G as a 
potential therapeutic marker for ICB showed that m7G 
was significantly negatively correlated with MSI, TMB, 
and positively correlated with TIDE for most cancers. 
MSI, TMB, and TIDE scores can be used as predictors of 
ICB treatment efficacy. MSI is microsatellite instability 
in colon cancer patients treated with immune checkpoint 

inhibitors, and tumor patients with high microsatellite 
instability have higher sensitivity [62]. TMB is the total 
number of mutations present in the tumor specimen and 
the mutations generate neoantigens on the surface of can-
cer cells. The higher the number of mutations, the more 
immunogenic the neoantigens that exist on the surface 
of cancer cells, thereby increasing the immunogenicity 
presented by the MHC protein, which helps T cells to 
recognize and destroy cancer cells [63]. TIDE is a tumor 
immune dysfunction and rejection score and is the best 
predictor of anti-PD1 and anti-CTLA4 immune checkpoint 
therapy. In addition, a higher tumor TIDE prediction score 
is associated with poor efficacy of suppressive immune 
checkpoint therapy as well as poor prognosis of anti-PD1 
and anti-CTLA4 therapy [64]. Thus, low TIDE scores and 
high MSI and TMB expression favor ICB therapy. There-
fore, our results demonstrated that high m7G expression 
may predict lower sensitivity to ICB therapy and serve as 
a prognostic marker for ICB immunotherapy. The m7G 
scores might improve the application of personalized 
management in cancer treatment from the perspectives of 
PPPM.

Fig. 12  Correlation between m7G score and Tumor-specific total 
mRNA expression (TmS). A Comparison of TmS abundance in dif-
ferent tumors. B OS forest map of m7G score. C DSS forest map 

of m7G score. D PFI forest map of m7G score. E The relationship 
between m7G score and TmS
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The expected impact of the current study on PPPM 
models for cancer prevention and treatment

PPPM model is a hot issue in oncology research and a 
key to break through tumor heterogeneity and achieve 
molecular tumor therapy. Precision medicine requires the 
diagnosis and treatment of disease throughout the entire 
medical process, including the “precise” prediction of risk, 

the “precise” classification of disease, the “precise” diag-
nosis of disease, the “precise” application of drugs, the 
“precise” assessment of efficacy, and the “precise” predic-
tion of prognosis to capture the risk of recurrence [65]. To 
facilitate the clinical application of the m7G prognostic 
model, we used nomogram to visualize and develop the 
m7G prognostic model as an online prognostic tool. Nom-
ograms have recently begun to attract increased attention 

Fig. 13  Single-cell transcriptomic atlas of KIRC. A tSEN plot repre-
sentation of KIRC samples with 11 distinct cell types. B tSEN plot 
representation of KIRC from two different samples. C tSEN plot rep-
resentation of m7G scores in different cell types. D Comparison of 
m7G scores in different KIRC tumor microenvironment cells. The 

blue horizontal line on the violin plot indicates the median m7G 
score. The letters at the top indicate a statistical difference between 
cells for two comparisons. Different letters indicate that the difference 
is statistically significant
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as a user-friendly tool for predicting various events with 
strong clinical utility. Each nomogram is a graphical pre-
diction model that combines several prediction factors 
and allows the user to assign scores for each factor using 
a scale, with the total score subsequently being used to 
predict the risk of a specific event. Since the first report 
in 1928 regarding the clinical application of a nomogram, 
nomograms have been developed to diagnose or predict the 
prognosis of various malignancies [66]. The m7G prog-
nostic model we constructed combines multidimensional 
information on m7G score, tumor type, gene expression, 
and gene variants. Users can log on to the website and 
select the tumor type and corresponding characteristics to 
obtain the predicted survival curve and the probability of 
survival at a specific time for that patient. This prognostic 
model can play an important role directly in the assess-
ment of tumor prognosis. In addition, accurate prognostic 
assessment is also important for the selection of treatment 
options and the determination of follow-up protocols. Par-
ticularly for high-risk patients, a more intense treatment 
regimen with a closer follow-up strategy may be selected 
under appropriate conditions, leading to early detection of 
disease progression and ultimately an improved progno-
sis. In addition, the model can be used at any time during 
the course of tumor treatment for prognostic assessment. 
This is because the action of drugs on the tumor may lead 
to changes in gene expression or variation, thus causing 
changes in risk scores and predicting the effect of treat-
ment in advance.

Limitations

Despite the introduction of several approaches in the treat-
ment of cancer based on m7G-PPPM perspective, there 
were few limitations which should be counted and consid-
ered during the interpretation of our finding. This study only 
provides preliminary findings that m7G are associated with 
tumor progression in a variety of tumors, and more experi-
mental work is needed to determine the precise molecular 
function and mechanisms of m7G in tumorigenesis. Further 
studies at cellular and molecular levels should be performed 
to substantiate our results. We lack direct evidence that m7G 
are involved in immune infiltration to influence prognosis. 
Meanwhile, the mechanisms by which m7G are involved in 
regulating immunity remain unclear. Additionally, we lack 
specific and complete cases with data to identify the function 
of the drugs in inhibiting tumor growth.

Conclusions and expert recommendations 
in the framework of 3P medicine

In conclusion, we demonstrated the first comprehensive 
analysis of the role of m7G in pan-cancer. We found that 
m7RGs were highly expressed in tumors and most of them 
were prognostic risk factors. m7G scores were strongly 
correlated with invasive metastasis-related pathways in 
tumors. In a variety of cancer types, m7G scores were sig-
nificantly negatively correlated with MSI and TMB and 

Fig. 14  Immunohistochemical staining results and statistical graphs of EIF4E in breast cancers. A Immunohistochemical image of breast cancer. 
B Statistical results of EIF4E expression in thirty-five pairs of breast cancer and normal samples
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positively correlated with TIDE, suggesting that higher m7G 
scores may have poorer immunotherapeutic outcomes. The 
XGBoost-based pathomics model accurately predicted the 
m7G score with an area under the ROC curve (AUC) of 
0.97. The m7G prognostic model we constructed accurately 
assessed the prognosis of tumor patients with an AUC of 
0.81. These findings provided new insight into the under-
standing of the relationship between m7G and tumors and 
laid the foundation for future studies to identify the rele-
vance of m7G on tumors. Most importantly, our findings 
suggest a scenario in which the m7G scores may be used in a 
PPPM paradigm, providing a novel and cutting-edge way of 
treating malignancies in general. For the further application 
of m7G in the context of PPPM in cancer management, we 
recommend the following:

Predictive diagnostics

The m7G score was significantly elevated in most tumors 
and is significantly associated with poor prognosis. It is 
suggested that m7G can be used for predictive diagnosis 
of tumors.

Targeted prevention

Abnormal elevation of m7G reduces response rates to immu-
notherapy. Inhibition of m7RGs may be a new target for 
targeted therapy and to improve the efficacy of immuno-
therapy. Conversely, low m7G scores may become a basis for 
tumor immunotherapy. Thus, m7G may help us to identify 
high-risk populations for targeted prevention and further 

Fig. 15  Pathomics-based machine learning model to predict m7G 
scores. A Representative images for image processing and feature 
extraction using CellProfiler. B Ranking the importance of variables 
for predicting m7G scores. C Confusion matrix for the random for-

est model. D Confusion matrix for the XGBoost model. E AUC of 
XGBoost model in predicting m7G score in pan-cancer. F AUC of 
XGBoost model in predicting m7G score in different tumors
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provide targeted therapeutic strategies by interfering with 
m7G function.

Personalization of medical care

m7G status reflects the immunological and prognostic char-
acteristics of the patient. By using next-generation sequenc-
ing (NGS) and multi-omics strategies to stratify patients 
into characteristic subgroups based on m7G status, this 

may improve the application of personalized management 
in pancreatic cancer treatment from a PPPM perspective.
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