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Abstract
Background Esophageal squamous cell carcinoma (ESCC) is a highly aggressive malignancy, and current 
postoperative prognostic assessment methods remain unsatisfactory, underlining the urgent to develop a 
reliable approach for precision medicine. Given the similarities with gametogenesis, cancer/testis genes (CTGs) 
are acknowledged for regulation unrestrained multiplication and immune microenvironment during oncogenic 
processes. These processes are associated with advanced disease and poorer prognosis, indicating that CTGs could 
serve as ideal prognostic biomarkers in ESCC. The purpose of this study is to develop a novel clinically prognostic 
prediction system to facilitate the individualized postoperative care.

Methods We conducted LASSO regression analysis of protein-coding CTGs and clinical characteristics from 119 
pathologically confirmed ESCC patients to recognize powerful predictive variables. We employed nine supervised 
machine learning classifiers and integrated best predictive machine learning classifiers by weighted voting method to 
construct an ensemble model called PPMESCC. Additionally, functional assay was conducted to examine the potential 
effect of top-ranking CTG HENMT1 in ESCC.

Results LASSO regression identified five CTGs and TNM stage as optimized prognostic features. Six machine learning 
classifiers were integrated to construct an ensemble model, PPMESCC, which exhibited outstanding performance 
in ESCC prediction. The AUC for PPMESCC was 0.9828 (95% confidence interval: 0.9608 to 0.9926), with an accuracy 
of 98.32% (95% CI: 96.64–99.16%) in the discovery cohort and 0.9057 (95% CI: 0.8897 to 0.9583) of AUC with an 
accuracy of 90% (95% CI: 89.08–93.28%) in validation cohort. In addition, the top-ranking CTG HENMT1 encodes 
2’-O-methyltransferase of piRNAs that was confirmed positively correlated with the proliferation capacity of ESCC cells. 
Then we systematically screen piRNAs associated with esophageal carcinoma based on GWAS, eQTL-piRNA, and i2OM 
databases, and successfully discovered 8 piRNAs potentially regulated by HENMT1.
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Background
Esophageal cancer (EC) is one of the most common can-
cers in the world, with greater than 600,000 new cases, 
and 540,000 deaths occurred annually worldwide [1]. 
In China, esophageal squamous cell carcinoma (ESCC) 
accounts for approximately 95% of EC patients and 
bears over half of the global burden [2]. Despite recent 
advances in surgical techniques and multimodal adju-
vant therapies, the aggressive and heterogeneous nature 
of ESCC continues to seriously threaten patients’ health 
[3], with the 5-year survival rate ranged from 15 to 25% 
[4]. Therefore, the establishment of an accurate individu-
alized prediction system for ESCC prognosis will enable 
clinicians to make well-informed decisions regarding 
patient counseling, personalized surveillance, and select-
ing suitable postoperative adjuvant therapy.

Conventionally, the American Joint Commission on 
Cancer (AJCC) TNM staging classification is consid-
ered the primary determinant for prognostic prediction 
and treatment decision-making in ESCC [5]. Neverthe-
less, it has been observed that patients with comparable 
AJCC TNM staging may have divergent outcomes [6], 
and the variations are largely attributable to biological 
heterogeneity. Hence, constructing an integrated pre-
diction model that incorporates molecular factors and 
clinical features is of paramount importance and received 
considerable attention. Recently, Tan et al. introduced a 
FENSAM-staging system that combines nine biomarkers 
and thirteen clinical characteristics [7]. Unfortunately, 
despite offering a relatively simplified framework for clin-
ical application, this innovative approach merely exhib-
ited similar predictive efficacy to the traditional AJCC 
TNM staging system. Future endeavors should focus on 
investigating the appropriate prognostic biomarkers that 
contribute to develop a model with enhanced predictive 
capability.

Cancer/testis genes (CTGs) are a group of genes that 
are typically expressed in the testes but can also aber-
rantly expressed in various types of cancers. With the 
functional commonalities in gametogenesis, it is believed 
that the abnormal expression of CTGs in cancer cells 
contribute to tumorigenesis by promoting cell prolif-
eration, inhibiting apoptosis, and enhancing tumor cell 
survival [8]. Studies have shown that the upregulation of 
CTGs are correlated with adverse clinical outcomes of 
ESCC. For example, Chen et al. analyzed the expression 
of CTGs in ESCC patients and found that high expres-
sion of MAGE-A1, GAGE1, and SP17 were significantly 

associated with shorter survival and higher risk of recur-
rence. The presence of CTGs expression in ESCC tumors 
may indicate a more aggressive phenotype and resistance 
to the treatment [9]. In our prior investigation, we con-
ducted a comprehensive evaluation of CTGs in ESCC 
and successfully identified ESCC specific protein-coding 
CTGs using transcriptomics data from multiple inde-
pendent databases [10], which will serve as valuable bio-
markers available for predicting survival of postoperative 
ESCC patients.

In the past, prognostic prediction models were pre-
dominantly constructed using univariate or multivari-
ate statistical methodologies, such as Cox regression or 
logistic regression. The underlying linearity assumptions 
of these methodologies pose a considerable challenge in 
exploring nonlinear relationships between variables in 
the real world, resulting in hindering identification the 
optimal performing model [11, 12]. Machine learning 
(ML), as a subset of artificial intelligence (AI), enables 
computers to learn from data, identify patterns, and make 
predictions or take actions based on acquired knowledge. 
ML techniques manifest a potential solution to address 
the limitations of current analytical methods, which can 
effectively handle multidimensional variables, identify 
non-linear relationships between features and outcomes, 
and develop prediction models with improved accuracy 
and efficiency [13, 14]. In 2021, Abuhelwa et al. devised 
five ML models for prognosticating the survival out-
comes of urothelial cancer patients treated with atezoli-
zumab, an immune checkpoint inhibitor. Their results 
highlighted that the Gradient-boosted model exhibited 
superior performance compared to the other evaluated 
models [15]. Until now, few studies have reported prog-
nostic model of ESCC with superior predictive efficiency, 
particularly for postoperative patients. The obstacle 
motivates us to implement AI procedures for creation an 
innovative ESCC prognostic model.

In this study, we aimed to establish and verify a novel 
ESCC-specific postoperative prognostic prediction sys-
tem by leveraging CTGs and clinical variables through 
ML algorithms, which may contribute to personalized 
therapy and ultimately prolonging the lifespan of ESCC 
patients.

Methods
Participants
The study flowchart was shown in Fig.  1. We included 
two independent cohorts of patients with ESCC from 
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the Gene Expression Omnibus database, including 
GSE53624 consisting of 119 patients and GSE53622 com-
prising 60 patients. 119 patients were assigned to the 
discovery cohort and 60 patients were assigned to the 
validation cohort. All patients had surgically confirmed 
primary ESCC and underwent esophagectomy (R0 resec-
tion), with follow-up data available. Individuals didn’t 
receive chemotherapy or radiotherapy before tumor 
removal. Informed consent was obtained from the partic-
ipants, and provide clinical and pathological information. 
In the current study, we employed 12 clinicopathologi-
cal parameters including age at diagnosis, sex, tobacco 
use, alcohol use, tumor location, tumor grade, T stage, N 
stage, TNM stage, postoperative arrhythmia, pneumonia 
and adjuvant therapy. The study received approval from 
The First Affiliated Hospital of Nanjing Medical Univer-
sity (2022-SR-055).

Feature selection
In the present study, we combined the RNA sequencing 
data from 119 ESCC samples with C1 genes discovered 
by our previous work [16] to systematically explore CT 
coding genes with ESCC tissue-specific expression. Ulti-
mately, a total of 468 ESCC-specific CTGs and 12 clini-
cal characteristics were eligible for variable selection. 
To eliminate redundant collinear features and diminish 
cost of clinical testing, we performed the most predictive 

features selection by LASSO regression [17]. LASSO 
added the L1 norm of the feature coefficients as a penalty 
term to the loss function, which forced the coefficients 
corresponding to those weak features to become zero. In 
this context, we considered features that had coefficients 
equal to zero as redundant and eliminated them, result-
ing in 6 features being selected for model development.

Model development
In this study, nine types of supervised ML classifiers, 
including AdaBoost, Gradient Boosting Decision Trees 
(GBDT), Bagging, Decision Trees (DT), Extra Trees (ET), 
Gaussian Naive Bayes (GaussianNB), K-Nearest Neigh-
bors (KNN), Support Vector Machines (SVM), and Ran-
dom Forest (RF), were assessed. We also utilized Logistic 
Regression (LR) model as the baseline. Classifiers were 
trained using repeated 10-fold cross-validation of discov-
ery dataset, and their predictive performances were also 
evaluated in the validation dataset.

In recent years, clinical evidence has indicated that the 
prediction results of individual basic classifiers for cer-
tain samples may be inaccurate. To address this issue, 
ensemble ML methods are recommended to integrate 
multiple individual ML classifiers. This approach often 
outperforms simple class label combination and has been 
widely applied to address complex scientific problems 
[18]. The weighted voting method is a powerful ensemble 

Fig. 1 Flowchart of construction PPMESCC model and the functional exploration of HENMT1
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ML strategy designed to enhance model performance 
by combining the predictions of multiple basic classi-
fiers with assigned weights [19]. In the weighted voting 
method, the number of basic models included and the 
weight assigned to each model are critical factors that 
determine the overall performance of the ensemble. 
The optimal number of models and their corresponding 
weights are typically determined through a systematic 
evaluation process, which explores all possible combina-
tions for each ML classifier to achieve the best predic-
tions. The prediction probability of each sample in the 
weighted voting method is calculated according to the 
following form.

H(x) = carg max
j

T∑
i=1

wih
j
i (x)

hj
i (x) ∈ [0, 1], wi ∈ [0.1, 0.8], T = 9

where H(x) is the final prediction probability, T is the 
number of basic models, wi is the weight, hj

i (x) is class 
probability.

Then, we trained nine base classifier models and tra-
verse all weight combinations. The weight of each basic 
classification model is changed from 0.1 to 0.8 and the 
sum of their weights is guaranteed to be 1. The weight 
changes by 0.1 each time. Finally, an ensemble model 
derived from six base models of best predictive perfor-
mance (AdaBoost, GBDT, Bagging, DT, ET, and RF), 
named PPMESCC, was developed.

Model evaluation
The predictive performance of the models was evalu-
ated by ROC curve, Kaplan-Meier curve and evaluation 
metrics including area under the ROC curve (AUC), 
accuracy, sensitivity, specificity, positive predictive value 
(PPV), negative predictive value (NPV), F1 score and 
Cohen’s Kappa coefficient (Kappa). Herein, we framed 
the mortality prediction task as a binary classification 
problem. We selected the threshold of 46 months to des-
ignate the label of mortality risk by optimizing F1 score 
(0.9804) on the discovery cohort (Fig.  2I). Survival of 
less than 46 months was assigned to poor prognosis and 
high risk, otherwise it was assigned to good progno-
sis and low risk across all included ML methods. 51/68 
and 27/33 patients above and below the 46-month cutoff 
were observed in the discovery and validation cohorts, 
respectively.

Cell culture and transfection
The human ESCC cell lines KYSE410 and KYSE150 were 
purchased from Genechem Co. Ltd. (Shanghai, China) 
and cultured in RPMI-1640 medium (Gibco, USA) with 
10% fetal bovine serum (FBS, Gibco, USA) and 1% peni-
cillin G sodium/streptomycin sulphate in a humidified 
atmosphere consisting of 95% air and 5% CO2 at 37  °C. 

The full-length of HENMT1 (HENMT1 OE) was ampli-
fied and cloned into pcDNA3.1 (Thermo Fisher, USA). 
The primers (RiboBio, Guangzhou, China) for human 
HENMT1 were as follow: F: 5′- C C A G A A T G G A G T T 
T C A G A C C-3′ and R: 5′- G A T T C T G T T G C C T T T C C T 
C C-3′. The transfection of the plasmid was performed 
using Lipofectamine 3000 reagent (Invitrogen, USA).

CCK8 and colony formation
The viability of treated cells was measured by Cell Count-
ing Kit-8 assay (CCK8, Dojindo, Japan). Briefly, 5 × 104 
transfected cells were seeded in 96-well plate and incu-
bated with 10 ml of CCK8 solution at 37 °C for 2 h. The 
absorbance was measured at wavelengths of 450 nm. For 
colony formation assay, 1 × 103 ESCC cells were cultured 
in six-well plates and fixed with methanol for 20  min 
at room temperature after 2 weeks. Cell colonies were 
stained with 0.5% crystal violet for 30 min. Images of all 
wells were captured and counted by hand with the aid of 
imaging software.

Cell cycle and scratch assay
The cell cycle was conducted by flow cytometry. Trans-
fected ESCC cells were suspended in 75% ethanol over-
night and centrifuged at 1,000  rpm. Following washed 
in cold PBS 48  h, 50  mg/ml propidium iodide (PI) and 
100 g/ml DNase-free RNase A was added for 30 min at 
37  °C. Cell cycle distribution was further analyzed with 
Cell Quest software (Becton Dickinson, San Jose, CA) 
and Mod Fit LT (Verity Software House, Topsham, ME). 
In scratch assay, ESCC cells were inoculated and covered 
with a layer in six-well plates. After serum starvation for 
24 h, a 200 L plastic pipette tip was used to scratch the 
monolayer. The distance that cells had migrated was pho-
tographed by a digital camera under Inverted microscope 
(Olympus) at the same position at 0 and 48  h for later 
calculation. Image Pro Plus 6.0 software (Media Cyber-
netics, Bethesda, MD, USA) was used to measure and 
calculate the distance that the cells had migrated.

Identification of HENMT1 potentially regulated piRNAs in 
ESCC
We obtained esophageal carcinoma-related single nucle-
otide polymorphisms (SNPs) from the GWAS catalog 
(https://www.ebi.ac.uk/gwas/). Next, the piRNA-eQTL 
database (http://njmu-edu.cn:3838/piRNA-eQTL/) was 
utilized to examine the association between esophageal 
carcinoma-related SNPs and piRNA expression. The 
piRNA base database (http:// bigdata .ibp.ac .cn/ piRBase/) 
and i2OM (i2om.lin-group.cn) database were applied to 
evaluate the sequences of piRNAs and 3’-end 2′-O-meth-
ylation (2OM) regulatory sites, respectively.

https://www.ebi.ac.uk/gwas/
http://njmu-edu.cn:3838/piRNA-eQTL/
http://bigdata.ibp.ac.cn/piRBase/
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Statistical analysis
Statistical analysis was performed in R (version 3.6.2). 
Comparison of continuous variables was achieved by the 
Mann–Whitney U test using R-package Table  1. Odds 
ratio and corresponding 95% CI from LR were calcu-
lated with R-package stats. Univariate and multivariate 
Cox regression was utilized to calculate the hazard ratio 
(HR) with R-package survival. The ROC curve and AUC 

analysis were conducted with R pROC package. Accu-
racy, sensitivity, specificity, PPV, NPV, Kappa, and F1 
score were calculated with R caret and epiR packages. 
Survival curves were developed by Kaplan-Meier method 
with log-rank test, and plotted with R-package survival 
and survminer. The significance level was set at a two-
sided p value below 0.05.

Fig. 2 Feature selection and statistical analysis in the model. A LASSO variable trace profiles of the 468 CTGs and 12 clinical features. B Feature coefficient 
of LASSO with best lambda value 0.15199. Relatively high-risk and low-risk features are colored in red and blue, respectively. Gray features with coefficient 
0 were considered redundant and removed. C-G Beeswarm plots representing the distribution of continuous features included in PPMESCC between 
ESCC tumor tissues and adjacent normal tissues. H Heatmap illustrating the correlation between continuous features included in PPMESCC using Spear-
man’s correlation coefficient. I F1 score of PPMESCC on the discovery cohort in respect to different cutoff value. Each dot point indicates the correspond-
ing F1 score of the OS. Dot colored with red indicates the highest F1 score (0.9804) with cutoff at 46 months
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Results
Patient characteristics
The characteristics of patients in the discovery and inde-
pendent validation cohorts were listed in Table  1. The 
median duration of follow-up was 32.2 (IQR 13.2–61.5) 
months in the discovery cohort and 39.3 (IQR 12.7–
53.2) months in the independent validation cohort, 
respectively. Furthermore, the 1- and 3-year overall 
survival (OS) were 78.2% and 46.2% in the discovery 
cohort, whereas the validation cohort exhibited rates of 
75% and 55%. In particularly, age was a critical variable 

significantly associated with the prognosis of ESCC. 
Patients with higher age at diagnosis (> 60 years old) 
had a lower OS rate in both discovery and validation 
cohorts. Besides, tumor grade, T stage, N stage, TNM 
stage, tobacco use, alcohol use, arrhythmia, pneumonia, 
and adjuvant therapy showed no remarkable association 
with ESCC prognosis, while sex and tumor location were 
observed to be statistically significantly in the discovery 
or validation cohorts, respectively.

Table 1 Clinical characteristics of ESCC patients from discovery and validation cohorts
Discovery cohort Validation cohort

119 cases 60 cases

Overall (perc.) HR (95% CI) P value Overall (perc.) HR (95% CI) P value
Age at diagnosis
 ≤ 60y 69(58.0) 1(ref.) 30(50.0) 1(ref.)
 > 60y 50(42.0) 5.11(2.01–12.98) 0.001 30(50.0) 3.85(1.36–10.89) 0.011
Sex
 Male 98(82.4) 1(ref.) 48(80.0) 1(ref.)
 Female 21(17.6) 8.80(1.52–50.86) 0.015 12(20.0) 1.23(0.40–3.73) 0.719
T stage
 T1-2 28(23.5) 1(ref.) 11(18.4) 1(ref.)
 T3-4 91(76.5) 0.97(0.28–3.38) 0.956 49(81.7) 2.99(0.55–16.39) 0.206
N stage
 N0 54(45.4) 1(ref.) 29(48.3) 1(ref.)
 N1-3 65(54.6) 0.79(0.21–2.99) 0.732 31(51.7) 4.84(0.569–41.13) 0.149
TNM stage
 I-II 53(44.5) 1(ref.) 34(56.7) 1(ref.)
 III-IV 66(55.5) 1.06(0.30–3.78) 0.933 26(43.3) 0.32(0.03–3.25) 0.336
Tumor grade
 Well 32(26.9) 1(ref.) 17(28.3) 1(ref.)
 Moderately 64(53.8) 2.33(0.79–6.90) 0.127 34(56.7) 0.81(0.20–3.34) 0.776
 Poorly 23(19.3) 1.54(0.43–5.43) 0.506 9(15.0) 1.13(0.30–4.71) 0.872
Tumor location
 Upper 14(11.8) 1(ref.) 6(10.0) 1(ref.)
 Middle 69(58.0) 0.50(0.05–5.24) 0.559 28(46.7) 0.37(0.09–1.49) 0.161
 Lower 36(30.3) 1.61(0.16–16.12) 0.686 26(43.3) 0.11(0.02–0.48) 0.004
Arrhythmia
 Yes 27(22.7) 1(ref.) 16(26.7) 1(ref.)
 No 92(77.3) 1.05(0.32–3.48) 0.933 44(73.3) 1.43(0.52–3.98) 0.492
Pneumonia
 Yes 12(10.1) 1(ref.) 3(5.0) 1(ref.)
 No 107(89.9) 0.31(0.07–1.36) 0.121 57(95.0) 1.08(0.12–9.69) 0.947
Adjuvant therapy
 Yes 69(58.0) 1(ref.) 35(58.3) 1(ref.)
 No 24(20.2) 0.23(0.05–1.15) 0.074 21(35.0) 0.32(0.09–1.13) 0.076
 Unknown 26(21.8) 0.83(0.32–2.15) 0.703 4(6.7) 1.63(0.43–6.22) 0.473
Alcohol use
 Yes 74(62.2) 1(ref.) 32(53.3) 1(ref.)
 No 45(37.8) 1.84(0.65–5.22) 0.251 28(46.7) 0.69(0.25–1.88) 0.469
Tobacco use
 Yes 80(67.2) 1(ref.) 34(56.7) 1(ref.)
 No 39(32.8) 0.62(0.18–2.18) 0.454 26(43.3) 1.14(0.34–3.78) 0.837
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Feature selected by LASSO regression
According to our previous study, 1,336 coding genes were 
defined as testis-specific genes (C1 class). We performed 
a systematic analysis based on 1,336 testis-specific cod-
ing genes and RNA microarray data from 119 paired 
ESCC samples to identify CTGs of ESCC [10, 16]. Even-
tually, 468 ESCC specific CTGs (Additional file 1: Table 
S1) combined with 12 clinical characteristics consisted 
of 480 original features. We utilized LASSO regression 
to select the optimal features, removing less important 
parameters and reducing the correlation between vari-
ables (Fig. 2A-B). Ultimately, 6 variables, including HEN 
Methyltransferase 1 (HENMT1), Cell Division Cycle 
25  A (CDC25A), Heat Shock Protein Family B Member 
9 (HSPB9), Heat Shock Transcription Factor 2 Binding 
Protein (HSF2BP), Sulfotransferase Family 6B Member 
1 (SULT6B1) (Fig.  2C-F) and TNM stage were selected 
for predicting OS according to the weighted coefficients 
in the discovery cohort. To prevent overfitting or uncer-
tainty in the model, we examined the correlation between 
continuous variables by spearman method. In fact, as 
shown in Fig. 2H, we observed slight correlation between 
HENMT1 and HSPB9 among six variables.

Model performance
Overall, 9 supervised ML models, including AdaBoost, 
GBDT, Bagging, DT, ET, GaussianNB, KNN, SVM and 
RF, and basic LR all showed varying but promising per-
formance in predicting mortality risk of ESCC in the dis-
covery and validation cohorts. Table 2 shows that in ten 
classifiers, the highest predictive accuracy and the AUC 
were 88.24% and 0.8848 with DT, 87.39% and 0.8775 with 
GBDT, 87.39% and 0.8578 with ET, 83.19% and 0.826 
with Adaboost, 83.19% and 0.8113 with RF, 81.51% and 
0.8137 with Bagging in the discovery cohort, respec-
tively. KNN, GaussianNB, SVM and LR models perform 
slightly worse, yielding predictive accuracy and the AUC 
of 71.43% and 0.6985, 65.55% and 0.6299, 60.50% and 
0.5956, 67.23% and 0.6422, respectively. Similarly, in 
validation cohort, the predictive accuracy and the AUC 
were 83.33% and 0.835 with ET, 81.67% and 0.8165 with 
GBDT, 80% and 0.7946 with Bagging, 78.33% and 0.7761 
with DT, 78.33% and 0.7626 with RF, 70% and 0.7003 with 
AdaBoost, 68.33% and 0.6717 with KNN, 60% and 0.5758 
with GaussianNB, 58.33% and 0.5842 with SVM, 58.33% 
and 0.564 with LR, respectively.

Using weighted voting method to integrate multiple 
basic classifier models can augment model performance. 
Thus, in our study, we integrated the top six best pre-
dictive models (AdaBoost, GBDT, Bagging, DT, ET and 
RF) to create an ensemble model called PPMESCC. As 
expected, the final forecast result of PPMESCC outper-
forms the basic classifier models and other ensemble 
strategies. The AUC for PPMESCC was 0.9828 (95% 

confidence interval: 0.9608 to 0.9926), with an accu-
racy of 98.32% (95% CI: 96.64–99.16%) in the discovery 
cohort. In the validation cohort, the AUC for PPMESCC 
to predict ESCC prognosis was 0.9057 (95% CI: 0.8897 to 
0.9583), with an accuracy of 90% (95% CI: 89.08–93.28%) 
(Fig. 3A-B; Table 2).

Moreover, utilizing the time from surgery to death 
or discharge as the designated endpoint, the Kaplan-
Meier analysis further confirmed that PPMESCC exhib-
ited an impressive ability to stratify OS of postoperative 
ESCC patients. Within both the discovery and validation 
cohorts, ESCC patients identified as having poor prog-
nosis according to PPMESCC demonstrated significantly 
lower chances of survival compared to those with a favor-
able prognosis (Fig.  3C, D; p < 0.001), emphasizing the 
accurate prognostic predictive power of PPMESCC for 
ESCC.

HENMT1 promoted the malignant phenotypes of ESCC 
cells in vitro
To elucidate the biological function of HENMT1 in 
ESCC, an overexpression plasmid was synthesized to 
upregulate HENMT1 (HENMT1 OE). CCK8 and clone 
formation assays indicated that elevated expression of 
HENMT1 in KYSE150 and KYSE410 cells dramatically 
enhanced cell viability and proliferative capacity, respec-
tively (Fig.  4A, B). Besides, we further investigated the 
effect of HENMT1 on cell cycle and migration by flow 
cytometric analysis and scratch assay. Consistently, our 
results determined that upregulated HENMT1 promoted 
the cell cycle and wound healing (Fig.  4C, D). These 
findings together illustrate that CTG HENMT1 plays 
an oncogenic role in ESCC progression via stimulated 
tumor proliferation.

HENMT1 potentially regulated piRNAs in ESCC
Considering that HENMT1 is responsible for regulat-
ing the 2’-O-methylation of the 3’-end of piRNAs, we 
explored piRNAs that may be regulated by HENMT1 
in ESCC. A systematic strategy was devised to search 
esophageal carcinoma-related SNPs in the GWAS catalog 
database (https://www.ebi.ac.uk/gwas/), and discovered 
130 SNPs significant associated with the development 
of esophageal carcinoma (Additional file 1: Table S2). 
Subsequently, piRNA-eQTL analysis was conducted to 
further examine the association between positive SNPs 
with the piRNA expression  (   h t t p : / / n j m u - e d u . c n : 3 8 3 8 / p 
i R N A - e Q T L /     ) . Enthusiastically, 46 piRNAs were identi-
fied linked to rs7141987 that exhibited aberrant expres-
sion in esophageal carcinoma (Additional file 1: Table 
S3). To investigate the process of 3’-end 2OM of piR-
NAs, the piRNA base database  (   h t  t p :  / / b i  g d  a t a . i b p . a c . c 
n / p i R B a s e /     ) and i2OM motifs prediction system (i2om.
lin-group.cn) were employed. Consequently, 8 piRNAs 

https://www.ebi.ac.uk/gwas/
http://njmu-edu.cn:3838/piRNA-eQTL/
http://njmu-edu.cn:3838/piRNA-eQTL/
http://bigdata.ibp.ac.cn/piRBase/
http://bigdata.ibp.ac.cn/piRBase/
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(piR-hsa-155556, piR-hsa-4380933, piR-hsa-4380226, 
piR-hsa-1873592, piR-hsa-4458529, piR-hsa-142679, piR-
hsa-3661062 and piR-hsa-139945) were identified poten-
tially regulated by HENMT1 in ESCC (Table 3).

Discussion
By utilizing large datasets and advanced algorithms, ML 
has the tremendous potential to accurately predict can-
cer outcomes, thereby enabling clinicians to identify 
patients at greater risk of disease progression or recur-
rence, and formulate tailored treatment approaches. 
In this study, LASSO regression was employed to iden-
tify the key predictors for postoperative ESCC patients. 

Among 468 CTGs and 12 clinical parameters, the final 
model selected five CTGs (HENMT1, CDC25A, HSPB9, 
HSF2BP and SULT6B1) and TNM stage as the most influ-
ential variables. Initially, nine ML models and LR method 
displayed varying but promising performances to predict 
OS of ESCC. To build a model with robust predictive 
capacity, we integrated the top six best predictive mod-
els (Adaboost, GBDT, Bagging, DT, ET and RF) to cre-
ate an ensemble model called PPMESCC. As expected, 
PPMESCC achieved an AUC of 0.9828 (95% confidence 
interval: 0.9608–0.9926) in identification of non-survi-
vors with an accuracy of 98.32% (95% CI: 96.64–99.16%) 
in the discovery cohort. For validation cohort, PPMESCC 

Fig. 3 Predictive performances of models in the discovery and validation cohorts. A-B AUC exhibited the performance of prediction prognosis of models 
(AdaBoost, GBDT, Bagging, DT, ET, GaussianNB, KNN, SVM, RF, LR and PPMESCC). C-D Kaplan–Meier curves indicated OS of patients with high and low 
mortality risk. The red or blue numbers represent the probability of survival, and the red or blue areas indicate the 95% confidence interval for the survival 
probability
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revealed an AUC of 0.9057 (95% CI: 0.8897–0.9583) and 
an accuracy of 90.00% (95% CI: 89.08–93.28%) to pre-
dict prognosis of ESCC. Moreover, HENMT1 showed 
the most significant expression among the valuable vari-
ables and was subsequently selected for functional inves-
tigation. In KYSE150 and KYSE410 cells, overexpressing 
HENMT1 dramatically increased cell viability, prolifera-
tion, and migration capacities. Besides, HENMT1 func-
tions as a piRNA 2’-O-methyltransferase, we conducted 
a thorough analysis of GWAS, eQTL-piRNA, and i2OM 

databases, eventually unearthing 8 piRNAs potentially 
regulated by HENMT1 in ESCC.

CTGs, highly expressed in cancer and testis tissues but 
scarcely or not expressed in other normal tissues, share 
the common traits of indefinite multiplication and diffu-
sion, thus providing the inherent advantage in predicting 
tumor prognosis [20]. In 2019, we adopted a systematic 
screening strategy to screen CTGs in ESCC by integrat-
ing multiple public databases and RNA expression micro-
array data. The study found that CDCA5 could promote 

Fig. 4 HENMT1 promoted the proliferation and migration in vitro. A CCK8 assay was performed to determine the cell viability of ESCC cells. B Colony 
formations assay detected the cell proliferation capacity of ESCC cells. C Flow cytometry analysis of cell-cycle phase distribution. D Scratch assay was used 
to measure wound-healing capability of ESCC cells. *Indicates p ≤ 0.05, **indicates p ≤ 0.01, and ***indicates p ≤ 0.001 by a two tailed Student’s t test. Data 
show mean ± SE for all panels with error bars
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ESCC cells proliferation, invasion, migration, apoptosis 
resistance and reduce chemosensitivity to cisplatin [10]. 
In the present study, among 468 CTGs in ESCC, a total of 
5 CTGs including HENMT1, CDC25A, HSPB9, HSF2BP 
and SULT6B1 were applied to develop the postoperative 
predictive model. CDC25A is a member of the CDC25 
family of phosphatases involved in the progression from 
G1 to the S phase of the cell cycle. Li et al. unveiled that 
CDC25A could be activated by FOXK1, which was posi-
tively correlated with TNM stage, invasion depth, and 
lymph node metastasis of ESCC [21]. Interestingly, Luo et 
al. revealed that downregulation of miR-339-5p in ESCC 
tissues stimulated the enhanced expression of CDC25A, 
which consequently led to radioresistance, local recur-
rence, and distant metastatic relapse [22]. Unfortunately, 
there is no literature regarding the functions of the other 
four CTGs in ESCC.

HENMT1, a small RNA 2’-O-methyltransferase, is 
responsible for the addition of a 2’-O-methyl group to the 
3’-end of piRNAs, which shields them from uridylation 
and subsequent degradation. The lack of HENMT1 
has been observed to cause piRNA instability, which 
in turn led to the derepression of retrotransposons and 
the precocious expression of the haploid germ cell pro-
gramme in meiotic cells, resulting in malformed sper-
matids and male infertility [23]. Recently, Begik and 
colleagues performed a comprehensive analysis of human 
RNA modification-related protein expression patterns 
across 32 tissues, 10 species, and 13,358 paired tumor-
normal human samples. The analysis demonstrates that 
HENMT1 was the top recurrently upregulated RNA 
modification-related protein in multiple types of cancer, 
particularly in stages III and IV patients [24]. In addition, 
HENMT1 was discovered as the key regulator of 3’-ter-
minal 2’Ome of miR-21-5p in non-small cell lung cancer. 
Compared to non-methylated miR-21-5p, methylated 
miR-21-5p was more resistant to digestion by 3’→5’ 
exoribonuclease polyribonucleotide nucleotidyltransfer-
ase 1 and had higher affinity to Argonaute-2, which may 
contribute to its stability and inhibition programmed cell 
death protein 4 translation [25]. More importantly, in 
the present study, we found that HENMT1 showed the 

most aberrantly expression among five ESCC-specific 
CTG biomarkers. Functional assays further revealed that 
overexpression of HENMT1 significantly augmented 
the proliferation and migration capacities of ESCC cells, 
indicating that the anomalous expression of HENMT1 is 
closely implicated in the occurrence and progression of 
ESCC.

piRNAs, a novel group of noncoding RNAs spanning 
24 to 30 nucleotides in length, are responsible for the 
regulation of numerous downstream genes through pro-
cesses such as heterochromatin formation, DNA meth-
ylation, mRNA cleavage, and protein interactions [26]. 
Recent studies have shown that acting as tissue-specific 
molecules, piRNAs have both oncogenic and tumor 
suppressive functions in cancer progression, including 
regulating cancer cell proliferation, metastasis, chemo-
resistance, and stemness [27]. For instance, piR-651 has 
been found to upregulate Cyclin D1 and CDK4, two key 
regulators of G1-to-S phase transition, in both non-small 
cell lung carcinoma and breast cancer [28, 29]. Addition-
ally, two upregulated (piR-34871 and piR-52200) and 
downregulated (piR-35127 and piR-46545) piRNAs were 
reported upon overexpression of RASSF1C in lung can-
cer, resulting in the downregulation of genes associated 
with cell proliferation through the AMPK pathway [30]. 
Nonetheless, the underlying functions of piRNAs in the 
development and progression of ESCC have yet to be 
fully investigated. Enthusiastically, in the past decade, 
genome-wide association studies (GWASs) have suc-
cessfully identified multiple SNPs associated with human 
cancers. Expression quantitative trait locus (eQTL) anal-
ysis, a method for linking SNPs to gene expression, has 
been demonstrated to be a powerful approach in unrav-
eling the underlying molecular mechanisms of cancers. 
In 2021, Xin et al. developed a user-friendly database, 
piRNA-eQTL (http://njmu-edu.cn:3838/piRNA-eQTL/), 
to provide an eQTL analysis between SNPs and piRNA 
expression using genotyping and piRNA expression data 
for 10,997 samples across 33 cancer types from The Can-
cer Genome Atlas (TCGA) [31]. In the current research, 
we initially searched the GWAS catalog database  (   h t t p s : / 
/ w w w . e b i . a c . u k / g w a s /     ) for esophageal carcinoma-related 

Table 3 The probability of 2’-O-methylation at the 3’ end of esophageal carcinoma-related piRNAs according to i2OMa
pi-RNA Length Sequence 2OM Position Base 3’ end 2OM Probability
piR-hsa-155,556 25  T C T C A C A C A G A A A T C G C A C C C G T TA 25 A Yes 0.739
piR-hsa-4,380,933 25  T C T C A C A C A G A A A T C G C A A C C G T CA 25 A Yes 0.616
piR-hsa-1,873,592 27  T C T C A C A C A G A A A T C G C A C C C G T C A CA 27 A Yes 0.551
piR-hsa-142,679 25  T C T C A C A C A G A A A T C G C A C C C G T GA 25 A Yes 0.729
piR-hsa-4,458,529 25  T C T C A C A C A G A A A T C G C A C C T G T CA 25 A Yes 0.737
piR-hsa-3,661,062 26  T C T C A C A C A G A A A T C G C A C C C G T C GC 26 C Yes 0.517
piR-hsa-4,380,226 25  T C T C A C A C A G A A A T C G C A C C C G C CA 25 A Yes 0.694
piR-hsa-139,945 25  T C T C A C A C A G A A A T C G C A C C C G T AA 25 A Yes 0.572
ai2OM is an online tool that available for prediction 2’-O-methylation in human RNA (i2om.lin-group.cn)

http://njmu-edu.cn:3838/piRNA-eQTL/
https://www.ebi.ac.uk/gwas/
https://www.ebi.ac.uk/gwas/
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SNPs and discovered 130 SNPs that exhibit a strong cor-
relation with EC. Subsequently, the piRNA-eQTL data-
base was utilized to examine the association between the 
130 SNPs and piRNA expression. Notably, 46 piRNAs 
was identified linked to rs7141987 exhibited aberrant 
expression patterns, highlighting their potential func-
tional role in EC.

2′-O-methylation is a ubiquitous post-transcriptional 
modification in RNAs that is catalyzed by 2’-O-meth-
yltransferase, replacing the H on the 2’-hydroxyl group 
with a methyl group. It holds the ability to exert diverse 
effects on RNAs, including enhancing their hydrophobic 
properties, safeguarding them from nuclease cleavage, 
stabilizing helical conformations, and modulating RNA-
protein/RNA interactions [32]. Recently, it has become 
evident that the roles of 2OM extend far beyond basic 
RNA stabilization, with these 2OM sites participating 
in the regulation of gene expression as well as various 
other cellular processes [33]. Since HENMT1 protein is 
primarily involved in regulating the 3’-end 2OM of piR-
NAs, the sequences of the 46 EC associated piRNAs were 
obtained from the piRNA base database  (   h t  t p :  / / b i  g d  a t 
a . i b p . a c . c n / p i R B a s e /     ) . We then used a powerful system 
called i2OM (i2om.lin-group.cn), developed by Yang et 
al. in 2023, that predicts the sequence motifs of 2OM in 
human RNA [34] to search 3’-end 2OM regulatory sites. 
Ultimately, 8 piRNAs were identified potentially regu-
lated by HENMT1 in EC.

Harnessing ML methods to analyze extensive health-
care data yields considerable advantages in grasping 
and evaluating intricate information, and precisely fore-
casting the survival of cancer patients [35–37]. Prior 
research has endeavored to determine the practicabil-
ity and efficacy of ML-driven approaches in prognos-
ticating the survival outcomes of patients with ESCC. 
Zhang et al. devised a ML prediction model for ESCC 
patients’ survival by 27 clinical features which effec-
tively stratified ESCC patients into low-, intermediate-, 
and high-risk groups, with distinctly different 3-year OS 
probabilities of 80.8%, 58.2%, and 29.5%, respectively 
[38]. On the other hand, using 48 clinically proven mol-
ecules linked to ESCC progression, Li et al. developed 
a ML model for prognostic prediction in ESCC, result-
ing in 3-year survival rates of 42.4% and 63.1% for the 
high-risk and low-risk subgroups, respectively [39]. 
Nevertheless, these investigations relied solely on either 
biomarkers or clinical features to predict the prognosis 
of patients with ESCC, thereby limiting their predictive 
capability and applicability in current clinical practice. 
Interestingly, Zheng et al. constructed a six-lncRNA 
signature that, when combined with the TNM stage, 
demonstrated improved predictive ability for ESCC prog-
nosis using the GSE53622 and GSE53624 datasets. This 
inspired us to develop a predictive model by integrating 

molecular biomarkers with clinical parameters [40]. In 
this study, we integrated 12 clinical features and 468 CT 
coding genes as research variables and employed nine 
ML approaches to develop prognosis prediction models 
including AdaBoost, GBDT, Bagging, DT, ET, Gaussi-
anNB, KNN, SVM, and RF. It is noteworthy that we inno-
vatively created an ensemble model, PPMESCC, derived 
from six ML algorithms (AdaBoost, GBDT, Bagging, DT, 
ET, and RF) which exhibits exceptional predictive per-
formance for ESCC, with an AUC of 0.983 in discovery 
cohort and 0.906 in validation cohort. Based on accurate 
predictions from PPMESCC, clinicians can devise per-
sonalized, evidence-based decisions, such as adjustments 
to adjuvant therapy regimens or the implementation of 
more frequent follow-up schedules for high-risk patients, 
which could ultimately optimize resource allocation and 
improve patient outcomes in ESCC.

Nonetheless, several limitations also need to be consid-
ered. First, the limited sample sizes may undermine the 
robustness and reliability of the findings. Future research 
should prioritize incorporating larger, more heteroge-
neous populations to confirm these findings and enhance 
their generalizability to broader clinical contexts. Second, 
although bioinformatics analyses and cell experiments 
have validated the results, further emphasis should be 
placed on in vivo animal studies and clinical trials to fully 
confirm the findings.

Conclusion
In summary, our study has successfully developed and 
validated a ML prognostic model by CT coding genes 
and clinical feature, named PPMESCC. This model can 
serve as a reliable tool for accurate predicting the survival 
outcome of postoperative ESCC patients. The applica-
tion of PPMESCC may potentially assist clinicians to 
promptly target the high-risk patients and make effective 
management strategy.
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