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Abstract

Background A blood-based approach to monitor metastasis and recurrence of esophageal squamous cell carci-
noma (ESCC) remains undeveloped. This study aimed to establish a dependable model utilizing cfDNA 5-hydroxym-
ethylcytosines (5hmC) signatures to detect these conditions in ESCC.

Methods The 5hmC-Seal technigue was employed to generate comprehensive 5hmC profiles from the plasma cell-
free DNA (cfDNA) of 122 ESCC patients, classified into 72 with metastasis, 50 without metastasis, 30 with recurrence,
and 92 without recurrence. Initial steps involved identifying distinct hydroxymethylation signatures linked to metasta-
sis and recurrence. Machine learning algorithms were then utilized to construct predictive models.

Results The study confirmed that 5hmC-based markers are predictive of metastasis and recurrence among ESCC
patients. The analysis of 14 5hmC biomarkers revealed a sensitivity of 88.90% and a specificity of 84.00% (AUC=0.922)
in differentiating patients with ESCC metastasis from those without in the validation cohort. Similarly, 11 5hmC bio-
markers showed a sensitivity of 93.30% and a specificity of 89.10% (AUC=0.936) in identifying recurrent versus non-
recurrent ESCC cases. Additionally, a wp-score for metastasis and recurrence, derived from the 5hmC marker, prognos-
ticated patient outcomes.

Conclusions The findings indicate that 5hmC markers from cfDNA serve as effective epigenetic indicators
for the non-invasive detection of ESCC metastasis and recurrence.
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Introduction

Esophageal cancer ranks among the top cancers globally,
with China contributing to nearly half of the worldwide
occurrences, including new cases and fatalities annually.
Predominantly, these cases involve esophageal squamous
cell carcinoma (ESCC), which constitutes over 90% of
such instances [1]. The primary contributors to the grim
prognosis of ESCC are metastasis and the recurrence
after treatment [2]. There is a critical demand for inno-
vative technologies capable of detecting ESCC metastasis
and recurrence.

While conventional diagnostics like serum tumor
markers, imaging, endoscopy, and histopathologi-
cal evaluations are prevalent [3, 4], their efficacy, par-
ticularly that of carcinoembryonic antigen (CEA)
and carbohydrate antigen 19-9 (CA19-9), along with
ultrasound and CT imaging, is compromised by low
sensitivity and specificity in detecting metastasis and
recurrence [5-7]. This underscores the imperative for
novel molecular markers to track these conditions in
ESCC.

Liquid biopsy, which involves the sampling and analy-
sis of non-solid biological tissues (e.g., urine, saliva,
ascites, or cerebrospinal fluid), provides a swift, non-
invasive alternative to tissue biopsies, beneficial for
ongoing tumor assessments, diagnosis, and monitor-
ing [8-10]. Innovations in cell-free DNA (cfDNA) have
shown potential to transform cancer screening, diagno-
sis, and treatment, facilitating a ’liquid biopsy’ that allows
for the molecular examination of solid tumors. This
technique, being non-invasive, enables continuous and
dynamic monitoring of tumor molecular dynamics, pre-
senting clear advantages over traditional tissue biopsies.

Within the genomic landscape, 5ShmC represents a sig-
nificant class of epigenetic modifications that arise from
the oxidation of 5-methylcytosines through the action of
ten-eleven translocation enzymes [11-14]. The altera-
tions observed in promoters, gene bodies, and regula-
tory elements, such as enhancers, reflect the activation
of genes within mammalian genomes and are particularly
effective for identifying the activation of specific genes or
loci [12]. Recent studies have demonstrated that altera-
tions in 5hmC are crucial to the pathobiology of cancer,
particularly marked by a significant decrease in 5hmC
levels across a range of malignancies [15-23]. Conse-
quently, 5hmC has been recognized as an emerging class
of epigenetic markers in cancer, showing significant
potential for application in precision medicine due to its
relevance to cancer genetics, tissue-specific expression,
and crucially, the technological advancements that ena-
ble its utilization in non-invasive liquid biopsies [24—28].

In the current research, by applying the precise
and dependable 5hmC-Seal approach, we charted the
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genome-wide patterns of cfDNA 5hmC profiles among
122 ESCC patients, establishing a predictive model for
the identification of metastasis and recurrence. The effi-
cacy of this model was confirmed through assessments
of its sensitivity and specificity in recognizing metasta-
sis and recurrence. Moreover, we explored the relation-
ship between the predictive scores, calculated from the
cfDNA 5hmC model, and various clinical parameters.
The outcomes suggest that 5ShmC markers in cfDNA are
capable of effectively tracking metastasis and recurrence
in ESCC.

Methods
Sample size calculation
Sample size calculations were based on guidelines from
Hajian-Tilaki [29]. The necessary sample size is deter-
mined by the following formula:

722V (A/LI\C)

— 2

N=—"p "

Here, o is computed in the following manner, and ¢
represents the inverse of the standard cumulative normal
distribution, given a pre-established AUC of 0.9:

o = ¢ 1(0.9) x 1.414 = 1281552 x 1.414 = 1.812115

theV (zﬁ[\C ) can be driven as follows:
— —a?
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To calculate the AUC with 95% certainty and a preci-
sion margin of approximately 0.05, the requisite sample
size is derived by inserting V ( AUC ) values and adjusting

d to 0.05:

1.96% x 0.068435
_(
0.052

=105

which means there were 105 samples needed for this
study.

Participants and study design

This investigation included 122 ESCC patients from the
Peking University Cancer Hospital, enrolled from 2018 to
2020. Each participant consented to the study. The inclu-
sion criteria were: individuals aged over 18, clinically
confirmed as having ESCC via endoscopy, pathological
biopsy, and requisite imaging tests according to the 8th
edition of the TNM classification by the American Joint
Committee on Cancer/Union for International Cancer
Control (AJCC/UICC). All subjects had comprehen-
sive clinical records and provided essential information
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for the research. Exclusion criteria encompassed: severe
cardiac, liver, or kidney diseases; other concurrent can-
cers; coagulopathy; significant depression or other psy-
chological disorders; chronic ailments such as diabetes
and hypertension; conditions of pregnancy or lactation;
autoimmune disorders; severe infections. Definitions for
metastasis were categorized as follows: Whereas NO sig-
nified the absence of metastasis to any regional lymph
nodes (RLN), N1 indicated the presence of metastasis
to 1-2 RLN, N2 signified the presence of metastases to
3-6 RLN, and N3 involved seven or more RLN. Defi-
nition for recurrence: recurrence diagnosis was made
according to the surgical records and postoperative
regular review of imaging and pathological data. The
specific criteria are as follows: puncture pathology clear
lymph node metastasis; CT showed lymph node short
diameter>10 mm or paraesophageal, tracheoesopha-
geal groove, cardiac diaphragm angle, abdominal lymph
node long diameter > 5 mm or central lymph node necro-
sis. CT showed 3 or more lymph node aggregation or
fusion or unclear boundary between lymph node and
extranodal tissue. PET-CT showed that the SUV value of
the lesion was>2.5. According to the criteria, the lymph
node region was divided to define the recurrence pattern:
supraclavicular lymph node metastasis (area 1); mediasti-
nal lymph node metastasis (2, 4~ 10, 15); upper abdomi-
nal lymph node (16~20 area) metastasis; anastomotic
recurrence. These events were observed over a period of
two years.

Clinical samples collection and cfDNA preparation

Patients with ESCC had eight milliliters of peripheral
blood drawn into cfDNA Collection Tubes (Roche)
and processed in one day. The plasma was separated by
spinning at 13,500x g for 12 min and then centrifuged
at 1350x g for 12 min, with both spins kept at 4 °C.
Promptly, the plasma samples were frozen at —80 °C.
cfDNA was successively isolated from the plasma by uti-
lizing the Quick-cfDNA Serum & Plasma Kit (ZYMO)
and thereafter preserved at a temperature of —80 °C.
Nucleic acid electrophoresis was used to determine the
fragment size of all cfDNA samples before the library was
constructed.

5hmC library construction and high-throughput
sequencing

Construction of 5hmC libraries utilized the efficient
hmC-Seal technology [30]. The chemical labeling process,
known for its sensitivity, allowed for cfDNA inputs as
minimal as 1-10 ng. We used the KAPA Hyper Prep Kit
(KAPA Biosystems) to 3’-adenylated cfDNA, followed
next-generation sequencing protocols for end-repair,
and ligated it using adapters compatible with Illumina.
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Glycosylation was carried out by subjecting ligated
cfDNA to a 25 pL mixture at 37 °C for 2 h. This mixture
included 50 mM HEPES buffer (pH 8.0), 25 mM MgCl2,
100 uM UDP6-N3-Glc, and 1 pM B-glucosyltransferase
(NEB). Next, the DNA Clean & Concentrator Kit
(ZYMO) was used to carry out the purification stages.
The DNA that had been purified was subjected to an
additional round of purification after being treated with
1 pL of DBCO-PEG4-biotin (4.5 mM in DMSO; Click
Chemistry Tools) at 37 °C for 2 h. Simultaneously, 2.5
uL of streptavidin beads (Life Technologies) in 1 X buffer
(5 mM Tris pH 7.5, 0.5 mM EDTA, 1 M NaCl, and 0.2%
Tween 20) were introduced and left to incubate for
30 min. The beads were then resuspended in RNase-free
water to prepare them for PCR, which involved fourteen
to sixteen cycles after eight washes of the buffer. Follow-
ing the instructions provided by Beckman, AMPure XP
beads were used to purify the PCR products. Next, we
used a Qubit 3.0 fluorometer from Life Technologies to
assess the library concentration. Then, we sequenced the
samples using the NextSeq 500 platform, and each read
was 39 base pairs long.

Mapping and identifying 5ShmC-enriched regions

Quality of the sequence was evaluated with the help of
FastQC (version 0.11.5). The raw readings were aligned
to the human genome (hgl9) using bowtie2 (2.2.9) [31].
To guarantee that only unique, non-duplicate matches
were found, SAMtools (version 1.3.1) [32] was used,
with options SAMtools view-f2-F1548-q30 and SAM-
tools rmdup. The Integrated Genomics Viewer was
used to display the converted BedGraph formatted,
normalized extended pair-end reads using bedtools
(version 2.19.1) [33] and finally turned into bigwig for-
mat by bedGraphToBigWig. The macs14-ple-3-fBAM-
ghs parameters were used in MACS (version 1.4.2) to
identify possible 5hmC enriched regions (hMRs) [34].
Peak regions appearing in over ten samples and under
1000 bp were consolidated using bedtools merge. Black-
listed regions known for artifact signals, as identified by
ENCODE, were excluded. hMRs for each patient were
compiled by cross-referencing individual peak files with
a unified peak file, excluding hMRs from chromosomes
X and Y to refine downstream analysis. Subread version
v1.5.3’s Feature Counts was utilized to tally overlaps with
genomic features [35]. Genomic annotations for hMRs
were conducted using HOMER (version v4.10) [36], and
all paired-end reads were normalized and transformed
into bedgraph format with bam2bedgraph (version 1.0.4)
[37].The genome-wide distribution of 5hmC was dis-
played using the Integrated Genomics Viewer (IGV) ver-
sion 2.5.3 [38, 39]. The metagene profile was developed
with ngsplot (version 2.61). The calculation of 5hmC



Kuerban et al. World Journal of Surgical Oncology (2025) 23:90

FPKM for hMRs involved using fragment counts from
each hMR region obtained through bedtools [40].

Enrichment analysis

Using the DESeq2 package (v1.30.0) in R (version 4.3.0)
[41, 42], areas with differential 5hmC enrichment were
identified after excluding genes situated on chromosomes
X and Y. With a log2foldchange larger than 0.25 and a
P-value less than 0.05, these differentially 5hmC enriched
regions (DhMRs) were identified for every pairwise
comparison of groups. Comparisons were specifically
conducted between the non-metastasis and metastasis
groups, as well as between the non-recurrence and recur-
rence groups. The Pheatmap package (version 1.8.0) in
R was used to run unsupervised hierarchical clustering
and heatmap analyses. The DAVID web site, which uses
hypergeometric tests for gene and protein functional
annotation, also ran functional and pathway enrichment
studies on genes with changed 5hmC alterations. The
principal five KEGG pathways were subsequently high-
lighted to delineate the up- and down-regulated genes.

Feature selection, model training, and validation

Both the training and validation groups of patients with
ESCC were randomly assigned. We used the train_test_
split function in Python 3.6.10, which is part of Scikit-
Learn (version 0.22.1) [43], to build a prediction model
based on the logistic regression CV (LR) model. The
DESeq2 package was used to identify DhMRs in the train-
ing cohort, with p<0.01 and |log2FoldChange| greater
than or equal to 0.25. As a precaution against overfitting,
we used Scikit Learn’s Statistical RegressionCV with the
following parameters: estimator = LogisticRegressionCV
(class_weight="balanced, = cv=2, max_iter=1000),
scoring="accuracy’) to conduct five rounds of tenfold
cross-validation. To create the final prediction model,
cross-validation was painstakingly executed 100 times
each round. Only markers that were present in three or
more rounds were used. In order to predict the likelihood
of metastasis and recurrence in the validation cohort,
the LR model was trained using a set of chosen DhMR
features (parameters: maxiter=100, method="lbfgs").
Receiver Operating Characteristics (ROC) analysis was
used to evaluate the effectiveness of the model.

Development of weighted prediction score for ESCC
metastasis and recurrence

A weighted prediction score (wp-score) was computed as
the sum of the products of logistic model coefficients and
corresponding 5hmC marker values for each individual,
wp — score =y p_, Pr x gene, where B is the coef-
ficient from the logistic model for the kth marker gene,
and gene,, represents the 5ShmC level of that gene.
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Statistical analysis

Continuous variables were presented as mean + SD. Non-
continuous and categorical variables were shown as fre-
quencies or percentages and compared using the x2 test.
A two-sided P value of <0.05 was considered statistically
significant. These analyses were conducted using SPSS
version 23.0. Survival outcomes of the groups were delin-
eated through Kaplan—Meier survival analysis and the
log-rank test, which provided survival curves and sur-
vival status descriptions.

Results

Clinical characteristics of ESCC patients

This study encompassed 122 individuals diagnosed with
ESCC. Table 1 encapsulates the clinical profiles of these
subjects, comprising 102 males and 20 females, whose
ages spanned from 39 to 79 years. The median age was
determined to be 62 years, resulting in a division of the
cohort into 49 individuals younger than 60 and 73 indi-
viduals aged 60 or older. A total of 72 patients showed
lymph node involvement, whereas 50 did not present
any signs of metastasis. The distribution of TNM classi-
fications revealed 37 instances at stage I, 18 at stage II,
55 at stage III, and 12 at stage IV. Primary tumors were
located in the cervical segment (9 cases), upper tho-
racic (12 cases), middle thoracic (48 cases), and lower
thoracic segments (53 cases). Differentiation of tumors
was rated as high in 6 cases, moderate in 68 cases, low
in 31 cases, and indeterminate in 17 cases. There were 72
patients who received chemotherapy and chemoradia-
tion, including 61 cases of chemotherapy and 11 cases of
chemoradiation. The chemotherapy regimens are listed
in Table 1. Another 50 patients did not receive chemo-
therapy or chemoradiation. 105 patients received surgical
treatment; 17 patients did not receive surgical treatment;
during the follow-up period of two years, 30 patients had
recurrence and 92 patients had no recurrence. A total
of 22 patients had died by the follow-up date. For every
patient, the expression of eight traditional tumor markers
in the serum was detected. (Table S1).

Landscape of 5hmC profiles in cfDNA from patients

with metastasis and recurrence of ESCC, differential gene
analysis and function exploration

Subsequent analyses pinpointed regions enriched with
5hmC in each specimen, highlighting notable disparities
in the 5hmC concentration of peripheral blood cfDNA
across gene body among patients with and without
metastasis and recurrence of ESCC (Fig. 1A). The aver-
age level of 5hmC in the recurrent group was the high-
est, followed by the metastatic group, the non-recurrent
group, and the non-metastatic group. The variation trend
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Table 1 Clinical characteristics of ESCC patients

Characteristics  Variables  Total Non- Metastasis X2 P Non- Recur X2 P
(n (%)) Metastasis (n (%)) Recur (n (%))
(n (%)) (n (%))
Gender Male 102(83.6%)  41(40.2%) 61(59.8%) 0160 0690  76(74.5%)  26(25.5%) 0272 0602
Female 0(16.4%) 9(45.0%) 11(55.0%) 16(80.0%) 4(20.0%)
Age <60 53(43.4%) 14(26.4%) 39(73.6%) 8223 0004  36(67.9%) 17(32.1%) 2.831 0.092
>60 69(56.6%) 36(52.2%) 33(47.8%) 56(81.2%) 13(18.8%)
Smoker No 35(28.7%) 19(54.3%) 16(45.7%) 3.591 0.058 30(85.7%) 5(14.3%) 2.810 0.094
Yes 87(71.3%) 31(35.6%) 56(64.4%) 62(71.3%)  25(28.7%)
Drinker No 40(32.8%) 19(47.5%) 21(52.5%) 1.045 0.307 30(75.0%) 10(25.0%) 0.005 0.941
Yes 82(67.2%) 31(37.8%) 51(62.2%) 62(75.6%)  20(24.4%)
T stage T0 9(7.4%) 6(66.7%) 3(33.3%) 24222 0.000 8(88.9%) 1(11.1%) 13.987 0.016
Tis 2(1.6%) 1(50.0%) 1(50.0%) 1(50.0%) 1(50.0%)
T1 34(27.9%) 24(70.6%) 10(29.4%) 29(85.3%)  5(14.7%)
T2 17(13.9%) 5(29.4%) 12(70.6%) 8(47.1%) 9(52.9%)
13 57(46.7%) 14(24.6%) 43(75.4%) 45(78.9%) 12(21.1%)
T4 3(2.5%) 0(0.0%) 3(100.0%) 1(33.3%) 2(66.7%)
N stage NO 50(41.0%) 50(100.0%) 0(0.0%) 122000 0000  43(86.0%)  7(14.0%) 6068  0.108
N1 45(36.9%) 0(0.0%) 45(100.0%) 31(68.9%) 14(31.1%)
N2 18(14.8%) 0(0.0%) 18(100.0%) 13(72.2%) 5(27.8%)
N3 9(7.4%) 0(0.0%) 9(100.0%) 5(55.6%) 4(44.4%)
Stage Stage | 37(30.3%) 36(97.3%) 1(2.7%) 105.115 0.000 30(81.1%) 7(18.9%) 8.938 0.030
Stage Il 18(14.8%) 14(77.8%) 4(22.2%) 17(94.4%) 1(5.6%)
Stage lll 55(45.1%) 0(0.0%) 55(100.0%) 39(70.9%) 16(29.1%)
Stage IV 12(9.8%) 0(0.09%) 12(100.0%) 6(50.0%) 6(50.0%)
Location Neck 9(7.4%) 0(0.0%) 9(100.0%) 10220 0017 3(33.3%) 6(66.7%) 10389 0016
Upper 12(9.8%) 4(33.3%) 8(66.7%) 8(66.7%) 4(33.3%)
Middle 48(39.3%) 26(54.2%) 22(45.8%) 38(79.2%) 10(20.8%)
Lower 53(43.4%) 20(37.7%) 33(62.3%) 43(81.1%) 10(18.9%)
Grade GX 17(13.9%) 8(47.1%) 9(52.9%) 1515 0.679 14(82.4%) 3(17.6%) 0.720 0.868
G1 6(4.9%) 3(50.0%) 3(50.0%) 4(66.7%) 2(33.3%)
G2 68(55.7%) 29(42.6%) 39(57.4%) 51(75.0%) 17(25.0%)
G3 31(25.4%) 10(32.3%) 21(67.7%) 23(742%)  8(25.8%)
Death No 100(82.0%) 46(46.0%) 54(54.0%) 5.769 0.016 82(82.0%) 18(18.0%) 12.988 0.000
Yes 22(18.0%) 4(18.2%) 18(81.8%) 10(45.5%) 12(54.5%)
Regimen No 50(41.0%) 22(44.0%) 28(56.0%) 4.53 0806  44(88.0%)  6(12.0%) 16989 003
TP 54(44.3%) 20(37.0%) 34(63.0%) 34(63.0%) 20(37.0%)
CRT 10(8.2%) 5(50.0%) 5(50.0%) 8(80.0%) 2(20.0%)
TP+RT 1(0.8%) 0(0.0%) 1(100.0%) 0(0.0%) 1(100.0%)
TP+ 1(0.8%) 0(0.0%) 1(100.0%) 0(0.0%) 1(100.0%)
FOLFIRI
TP+ 1(0.8%) 0(0.0%) 1(100.0%) 1(100.0%) 0(0.0%)
CAPOX
DP 2(1.6%) 1(50.0%) 1(50.0%) 2(100.0%) 0(0.0%)
GP 2(1.6%) 1(50.0%) 1(50.0%) 2(100.0%)  0(0.0%)
PTX 1(0.8%) 1(100.0%) 0(0.0%) 1(100.0%) 0(0.0%)
Surgery No 17(13.9%) 0(0.0%) 17(100.0%) 13.717  0.000 12(70.6%)  5(29.4%) 0248 0619

Yes 105(86.1%) 50(47.6%) 55(52.4%) 80(76.2%) 25(23.8%)
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Fig. 1 illustrates the 5ShmC profile landscape in cfDNA from ESCC patients with metastasis and recurrence, including the analysis of differential
genes and exploration of their functions. A Shows the differentiated 5hmC read distribution among five groups. B Displays a volcano plot

of differentially hydroxymethylated modification genes distribution in metastatic patients, genes with increased levels of hydroxymethylation
modification marked in yellow and decreased levels of hydroxymethylation modification in blue. C A heatmap clusters the metastasis

and non-metastasis samples using 600 differentially modified gene bodies identified from the overall samples. D KEGG analysis of differentially
hydroxymethylated modification genes in metastatic patients indicated yellow for genes with increased levels of hydroxymethylation modification
and blue for genes with decreased levels of hydroxymethylation modification. E Highlights a volcano plot of differentially hydroxymethylated
modification genes distribution in recurrent patients, where red denotes genes with increased levels of hydroxymethylation modification and blue
denotes genes with decreased levels of hydroxymethylation modification. F A heatmap clusters recurrence and non-recurrence samples using 600
differential hydroxymethylated modified genes identified from all samples. G KEGG analysis for differentially hydroxymethylated modification genes
in recurrent patients showed red for genes with increased levels of hydroxymethylation modification and blue for genes with decreased levels

of hydroxymethylation modification

of 5hmC in recurred patients and metastatic patients
was similar in the gene body and its vicinity; that is, the
content of 5hmC near the transcription start sites (TSS)
decreased significantly, showing a clear valley shape.
Genome-wide analysis of 5ShmC-enriched regions in the

metastatic and non-metastatic groups, recurrent and
non-recurrent groups revealed that 5hmC-enriched
regions were mostly enriched in introns, intergenic and
promoter regions (Figure S3), and has a small valley at
2 kb downstream of the transcription termination site
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(T'TS), which is similar to the results of previous studies.
Then, the difference between metastatic and non-meta-
static patients was analyzed. It was found that there were
1419 sites with 5hmC levels increased and 2025 sites with
5hmC levels decreased in metastatic patients (Fig. 1B and
Table S2). Next, unsupervised clustering analysis was
performed on the top 600 differential hydroxymethylated
modified genes (DhMGs) between metastatic and non-
metastatic patients to generate a heat map. Blue showed
genes with decreased levels of hydroxymethylation modi-
fication, and yellow showed genes with increased levels
of hydroxymethylation modification. The left side of the
clustering tree is the metastatic sample, and the right
side of the clustering tree is the non-metastatic sample
(Fig. 1C). The classification trend of metastasis and non-
metastasis is obvious. 5hmC differential modification
sites can basically distinguish metastatic patients from
non-metastatic patients. The analysis of differentially
hydroxymethylated genes via pathway enrichment dem-
onstrated that genes with increased levels of hydroxy-
methylation modification in metastatic cases primarily
engaged in pathways associated with cancer, including
proteoglycans in cancer, Rapl signaling, ErbB signaling,
and Fc gamma R-mediated phagocytosis. In contrast,
the genes with decreased levels of hydroxymethyla-
tion modification showed a notable association with
pathways related to cancer, resistance to EGER tyrosine
kinase inhibitors, Yersinia infection, ErbB signaling, and
colorectal cancer (CRC) (Fig. 1D and Table S3). The dif-
ferential analysis of recurrent and non-recurrent patients
showed that there were 1685 sites with increased levels
of 5hmC and 1720 sites with decreased levels of 5hmC in
recurrent patients (Fig. 1E and Table S4). Then, unsuper-
vised clustering analysis was performed on the top 600
DhMGs between recurrent and non-recurrent patients
to generate heatmaps. Blue showed genes with decreased
levels of hydroxymethylation modification, red showed
genes with increased levels of hydroxymethylation modi-
fication, and the left side of the clustering tree was a
recurrent sample, and the right side of the clustering tree
was a non-recurrent sample (Fig. 1F). The trend of recur-
rence and non-recurrence classifications is obvious. The
modifications in 5hmC served to distinguish effectively
between recurrent and non-recurrent cases. The genes
exhibiting increased level of hydroxymethylation modi-
fication in recurrent patients were primarily associated
with gap junctions, MAPK pathways, Rapl signaling,
the regulation of the actin cytoskeleton, and transcrip-
tional dysregulation related to cancer. Conversely, the
genes that were decreased levels of hydroxymethylation
modification primarily participated in processes related
to the cholinergic synapse, platelet activation, the cGMP-
PKG pathway, and the regulatory pathways governing

Page 7 of 17

growth hormone synthesis, secretion, and action, as well
as resistance to EGFER tyrosine kinase inhibitors (Fig. 1G
and Table S5).

Predictive models for detection metastasis of ESCC

by 5hmC markers in cfDNA

Subjects with ESCC were randomly divided into train-
ing (36 exhibiting metastasis and 25 without) and valida-
tion cohorts (36 exhibiting metastasis and 25 without).
A predictive logistic regression model based on 5hmC
was developed within the training group to estimate the
likelihood of metastasis in the validation set (Fig. 2A).
Differential analysis (|log2FoldChange|>0.25, p<0.01)
identified 597 differential hydroxymethylation modified
genes (DhMGs), comprising 242 hydroxymethylation
modification levels increased and 355 hydroxymeth-
ylation modification levels decreased among those with
metastasis compared to their non-metastatic counter-
parts. The application of a recursive feature elimination
algorithm in conjunction with the logistic regression
cross-validation estimator facilitated the reduction of
5hmC markers from 597 to 14, thereby optimizing the
cross-validation performance. The logistic regression
model identified 14 5hmC markers that effectively distin-
guished between metastatic and non-metastatic patients
both in training (Fig. 2B) and validation cohorts (Fig. 2C).
This study revealed that 14 5ShmC markers were effective
in forecasting both metastatic and non-metastatic out-
comes within the training (AUC=0.959) (Fig. 2D) and
validation cohorts (AUC=0.922) (Fig. 2E), achieving a
sensitivity of 97.2% and a specificity of 88% in the training
group (Fig. 2F), and a sensitivity of 88.9% and a specificity
of 84.0% in the validation group (Fig. 2G). The findings
suggest that variations in hydroxylmethylation levels of
specific genes could act as indicators for the emergence
of metastasis in individuals diagnosed with ESCC.

The correlation between the metastasis prediction score
and clinical features

A primary aim was the creation of a robust, cohesive pre-
dictive model using 5hmC profiles in cfDNA to evaluate
the risk of metastasis in ESCC patients. Consequently, a
weighted prediction score, termed wp-scores, was gen-
erated for patients undergoing metastasis, which was
significantly elevated in these patients as compared
to non-metastatic individuals (Fig. 3A). The scores
increased in correlation with the depth of tumor inva-
sion, the quantity of lymph node metastases (LNM), and
the clinical stage (Fig. 3B-D). Utilizing maxstat, the opti-
mal cutoff value for the risk score was determined, estab-
lishing a minimum threshold of 25% and a maximum
threshold of 75% of samples per group. Following this,
patients were categorized into high- and low-risk groups
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Fig. 2 Predictive models for detection metastasis of ESCC by 5ShmC biomarkers in cfDNA. A Schematic of the machine learning process. B
Heatmaps illustrating the distribution of the 14 5hmC markers in training cohorts across patients exhibiting either metastasis or non-metastasis,
with demographic data such as age and sex included. C Heatmaps illustrating the distribution of the 14 5hmC markers in validation cohorts

across patients exhibiting either metastasis or non-metastasis, with demographic data such as age and sex included. D ROC curves of the metastasis
classification system applying the 14 5hmC markers in training cohorts, depicting the true positive rate (sensitivity) against the false positive rate
(1-specificity). E ROC curves of the metastasis classification system applying the 14 5hmC markers in validation cohorts, depicting the true positive
rate (sensitivity) against the false positive rate (1-specificity). (F-G) Confusion matrices from the metastasis prediction model for each cohort
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Fig. 3 The correlation between the metastasis prediction score and clinical features. A Differences in wp-scores based on 14 5hmC biomarkers
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versus survival probability

according to this threshold. The prognostic differences
among these groups were evaluated utilizing the survfit
function from the package survival, with the significance
of these differences assessed through the logrank test,
indicating a notable prognostic difference (p=>5.2e-3)
(Fig. 3F). The observed distribution of risk scores, sur-
vival statuses, and hydroxymethylation modification level
associated with the 14-gene classifier (Fig. 3E) indicated
that individuals exhibiting elevated risk scores experi-
enced less favorable survival outcomes. Among these

14 genes, we observed significant prognostic differences
between patients with hydroxymethylation modification
level increased of MANEA (Fig. 3G) and SESN1 (Fig. 3H)
and those with hydroxymethylation modification level
decreased of TEXS5S5 (F ig. 3I), CMAS (Fig. 3]), STRBP
(Fig. 3K), and ZNF469 (Fig. 3L).
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Predictive models for detection recurrence of ESCC

by 5ShmC biomarkers in cfDNA

Individuals diagnosed with ESCC were categorized into
a training cohort consisting of 15 individuals with recur-
rence and 46 without, alongside a validation cohort com-
prising 15 with recurrence and 46 without. In the training
group, a logistic regression model based on 5hmC was
developed to predict recurrence (Fig. 2A). The initial dif-
ferential analysis (|log2FoldChange|>0.25, p <0.01) iden-
tified 592 differential hydroxymethylation modified genes
(DhMGs), comprising 293 hydroxymethylation modi-
fication levels increased and 299 hydroxymethylation
modification levels decreased in patients with recurrence
compared to those without. The recursive feature elimi-
nation method associated with the logistic regression
cross-validation estimator was subsequently employed,
reducing the quantity of 5hmC markers from 592 to 11,
thus optimizing the cross-validation score. The selected
11 5hmC markers demonstrated the ability to distin-
guish between recurrence and non-recurrence across
both training (Fig. 4A) and validation cohorts (Fig. 4B).
They effectively predicted recurrence and non-recur-
rence in the training cohort (AUC=0.981) (Fig. 4C) and
the validation cohort (AUC=0.936) (Fig. 4D), achiev-
ing 100% sensitivity and 91.3% specificity in the training
group (Fig. 4E), and 93.3% sensitivity and 89.1% specific-
ity in the validation group (Fig. 4F). The results suggest
that alterations in hydroxylmethylation levels of particu-
lar genes could serve as indicators for the likelihood of
recurrence in patients with ESCC.

The correlation between the recurrence prediction score
and clinical features

The primary objective was to develop a cohesive and
effective predictive model utilizing 5hmC profiles in
cfDNA to evaluate the likelihood of recurrence in
patients with ESCC. In pursuit of this objective, we estab-
lished a weighted prediction score, revealing that wp-
scores derived from 11 5hmC biomarkers were markedly
elevated in patients demonstrating recurrence compared
to those who did not (Fig. 5A). The maxstat was utilized
to determine the optimal cutoff value for the risk score,
ensuring that the minimum group sample size exceeded
25% while the maximum remained under 75%. Subse-
quently, patients were categorized into high- and low-risk
groups based on this threshold. We conducted a detailed
examination of the prognostic distinctions between
these groups utilizing the survfit function from the pack-
age survival. The significance of these distinctions was
evaluated through the logrank test, which indicated a
significant prognostic variance (p=3.5e-3) (Fig. 5C).
The evaluation of the risk score distribution, survival
status, and hydroxymethylation modification level of
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the 11-gene classifier (Fig. 5B) indicated that individuals
classified in the higher-risk group exhibited poorer sur-
vival outcomes relative to those in the lower-risk group.
Among these 11 genes, we observed significant prognos-
tic differences between patients with hydroxymethylation
modification level increased of LLPH (Fig. 5D) and those
with hydroxymethylation modification level decreased
of ANGPT?2 (Fig. 5E) and LINC02694 (Fig. 5F). We uti-
lized TCGA data from UALCAN (http://ualcan.path.uab.
edu/analysis.html) to confirm and graphically illustrate
the expression patterns of the key 5hmC markers in our
model. It was established that the expression levels of
these 5hmC markers in esophageal cancer tissues differed
from those in normal tissues (Figure S7A-G, Figure S10A-
B). The markers TGFBI, STRBP, CMAS, CLPB, WDR72,
ZNF469, HS6ST1, SERPINHI1, and ANGPT2 were con-
sistent with the observed changes in hydroxymethylation
modification levels in our data (Figure S4A-E, H-I, Fig-
ure S6B, F). The expression levels of the 5ShmC markers
TGEFBI, STRBP, CMAS, CLPB, WDR72, ZNF469, and
HS6ST1 in esophageal cancer tissues at various clinical
stages and with lymph node metastasis were significantly
different from those in normal tissues (Figure S8A-G,
Figure S9A-G). This finding aligns with the changes in
hydroxymethylation modification levels observed in
our data (Figure S5A-B). Additionally, the high expres-
sion of the 5ShmC marker ANGPT2 in the recurrence
model demonstrates a significant prognostic difference
in patients with esophageal cancer (Figure S10C), which
corresponds with the notable prognostic difference asso-
ciated with the increase in ANGPT2 hydroxymethylation
modification levels in our data (Fig. 5E).

5hmC biomarkers have higher prediction performance
than traditional markers in detecting metastasis

and recurrence

In predicting the metastasis and recurrence of ESCC
patients, the model based on 5hmC biomarkers was sig-
nificantly better than the model based on traditional
tumor markers. Figure 6A shows the performance of
traditional tumor markers in distinguishing the metas-
tasis of ESCC patients in the validation cohort. The
results showed that the AUCs of CEA, CYFRA21-1, SCC,
CA125, CA199, NSE, CA724, and CA242 were 0.517,
0.529, 0.528, 0.508, 0.478, 0.540, and 0.503, respectively.
The predictive performance was lower than the 14 5hmC
biomarkers we screened (Fig. 6B and 6C). Similarly, the
traditional tumor markers obtained the same results in
distinguishing the recurrence of ESCC patients in the
validation cohort (Fig. 6D), and 11 5hmC biomarkers had
higher predictive efficacy (Fig. 6E and 6F). Additionally,
the prediction performance of each traditional marker
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Fig. 4 Predictive models for detection recurrence of ESCC by 5hmC biomarkers in cfDNA. A Heatmaps showcasing the 11 5hmC markers

for patients with and without recurrence in training cohorts, incorporating demographic details such as age and sex. B Heatmaps showcasing

the 11 5hmC markers for patients with and without recurrence in validation cohorts, incorporating demographic details such as age and sex. C ROC
curves of the recurrence classification model using 11 5hmC markers in training cohorts, plotting the true positive rate (sensitivity) against the false
positive rate (1-specificity). D ROC curves of the recurrence classification model using 11 5hmC markers in validation cohorts, plotting the true
positive rate (sensitivity) against the false positive rate (1-specificity). E-F Confusion matrices derived from the recurrence prediction model for each
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significantly improved when combined with 5hmC mark-
ers (Figure S1 and S2).

Discussion

ESCC is a deadly disease prone to recurrence and metas-
tasis. At present, there are still unmet needs for biomark-
ers for the detection of metastasis and recurrence. 5ShmC,

a novel epigenetic marker, is essential in the modulation
of gene expression and is associated with numerous bio-
logical processes, including cancer and metabolic disor-
ders [44]. Despite the low levels of cfDNA 5hmC present
in the bloodstream, their potential utility as biomark-
ers for a range of cancers is noteworthy [25]. Therefore,
cfDNA 5hmC signal characteristics in blood could be
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Fig. 6 5hmC biomarkers have higher prediction performance than traditional markers in detecting metastasis and recurrence. A ROC curve
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robust indicators for a range of diseases. The 5hmC-Seal
technique efficiently and specifically captures 5hmC,
making it suitable for samples with minimal DNA and
offering low sequencing costs that are ideal for large-scale
testing. Based on liquid biopsy, this technique provides
the advantages of being minimally invasive, non-invasive,
and facilitating early screening, which enhances patient
compliance and cost-effectiveness. It is particularly suit-
able for early diagnosis and screening. When combined
with other omics data, it offers a comprehensive under-
standing of cancer biology, yielding more complete diag-
nostic and prognostic information. However, the costs
associated with reagents and equipment are high, and
multi-omics analysis further increases expenses. Addi-
tionally, the technique cannot perform single-base reso-
lution analysis, and chemical capture methods have
inherent limitations. The amount of circulating tumor
DNA (ctDNA) in plasma samples is often limited, and the
interpretation and standardization of data can be com-
plex, necessitating professional support. Furthermore,
consistency of data across different laboratories must be
addressed. More large-scale randomized clinical trials are
needed to verify the clinical effectiveness and reliability
of this technique. Previous investigations have identified
5hmC modifications associated with esophageal cancer
in plasma cfDNA, proposing that these biomarkers could
aid in the early detection of the disease [45, 46]. In this
study, we utilized the hmC-Seal sequencing technique
to examine cfDNA 5hmC in individuals diagnosed with
ESCC, aiming to uncover dependable biomarkers indica-
tive of metastasis and recurrence.

Initially, we applied the sensitive hmC-Seal method
[47] to generate comprehensive cfDNA 5hmC profiles
for ESCC patients, both with and without metastasis
and recurrence. Consistent and significantly elevated
5hmC signals were observed in the gene bodies and
promoter regions of patients exhibiting metastasis and
recurrence. Research has demonstrated that genes with
elevated levels of 5ShmC are closely linked to the initia-
tion and advancement of cancer [48]. A significant dis-
parity in 5hmC levels was identified between metastatic
and non-metastatic patients, and differential hydroxy-
methylation modified genes were able to distinctly dif-
ferentiate between these groups, suggesting that 5ShmC
markers could function as effective surveillance markers
for metastasis. Similarly, we obtained the same results
in recurred and non-recurred patients, indicating that
5hmC markers can also be used as a monitoring marker
for recurrence.

Next, we performed functional analysis of these differ-
ential hydroxymethylation modified genes and found that
these genes were mainly concentrated in pathways highly
related to tumors. Pathway analysis of differentially
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modified 5hmC between metastatic and non-metastatic
patients and between recurrent and non-recurrent
patients suggested that both groups were also enriched
in Rapl signaling pathway. Ras-related protein 1 (Rapl),
classified within the Ras superfamily, functions as a small
G protein that plays a crucial role in cell signal transduc-
tion [49, 50]. The unusual activation of the Rap1l pathway
plays a crucial role in tumor development by promoting
the proliferation, migration, and invasion of cancer cells,
thereby affecting both metastasis and recurrence [51-53].
Studies have repeatedly demonstrated that the disrup-
tion of this pathway is closely linked to tumor metasta-
sis and recurrence, indicating its promise as a target for
therapeutic intervention in managing cancer progres-
sion. The results indicate that 5hmC markers, especially
those obtained from cfDNA, are intricately associated
with the advancement of ESCC and function as reliable
epigenetic indicators for monitoring both metastasis and
recurrence.

Additionally, utilizing a machine learning-based tumor
classifier, we pinpointed potential 5ShmC-based markers
within circulating cfDNA from ESCC patients experi-
encing metastasis and recurrence. The constructed pre-
dictive model, characterized by its high sensitivity and
specificity, successfully differentiated between metastatic
and non-metastatic as well as recurrent and non-recur-
rent patients, and delineated pronounced prognostic dif-
ferences between high-risk and low-risk groups. Notably,
14 5hmC markers isolated through machine learning
algorithms effectively distinguished between metastatic
and non-metastatic patients in both the training and
validation cohorts. Moreover, a logistic regression model
utilizing these 14 markers achieved sensitivities of 0.889
and specificities of 0.840 (AUC=0.922). In parallel, 11
5hmC markers similarly identified through machine
learning distinctly separated recurrent from non-recur-
rent patients across both cohorts, with the corresponding
logistic regression model demonstrating sensitivities of
0.933 and specificities of 0.891 (AUC=0.936). The gath-
ered results collectively indicate the potential of 5ShmC
markers derived from cfDNA as effective biomarkers
for the non-invasive identification of ESCC metastasis
and recurrence. These markers are associated with criti-
cal clinical parameters, such as the depth of tumor inva-
sion, the number of LNM, and the clinical staging of the
disease. Several genes among these markers exhibited
significant prognostic disparities among groups, under-
scoring their potential role in monitoring metastasis and
recurrence. Studies have revealed the involvement of the
Toll-like receptor (TLR) pathway, PD-L1 expression, and
the PD-1 checkpoint pathway as possible downstream
targets of SESN1 in cancer, with SESN1 functioning as a
novel tumor suppressor in neuroblastoma (NB) through
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the TLR pathway. High SESNI expression has been
linked with elevated immune scores, highlighting its
importance for the immunotherapy and prognosis of NB
[54]. ANGPT?2, recognized for its role in the regulation
of development, progression, invasion, and metastasis in
diverse malignant tumors, is proposed as a biomarker and
therapeutic target for the early diagnosis of cancer. The
elevated expression of ANGPT2 in non-small cell lung
cancer (NSCLC) is associated with a negative prognosis,
highlighting its significance as an important prognos-
tic indicator [55]. Additionally, bioinformatics analyses
have linked ANGPT?2 upregulation with improved OS in
gastric cancer patients, suggesting its potential as a prog-
nostic biomarker [56]. High ANGPT2 expression levels
in esophageal cancer are associated with adverse patient
outcomes [57]. Moreover, from our results, 5hmC mark-
ers show higher predictive performance than traditional
biomarkers, such as CEA, CYFRA2I1-1, SCC, CA125,
CA199, NSE, CA72.4, and CA242.

Overall, our results demonstrate that 5hmC signals
in cfDNA are effective as minimally invasive biomark-
ers for monitoring metastasis and recurrence in ESCC.
Additionally, these markers can stratify patients with
metastatic and recurrent ESCC into low-risk and high-
risk categories, thereby guiding appropriate therapeutic
strategies.

Limitations

There are several limitations to this study. First, lack of
double-blind validation cohort. Due to the significant
heterogeneity of tumors, forthcoming research should
encompass multi-center and independent clinical trials
to identify specific cell-free 5ShmC markers for diseases.
Future studies must focus on validating the sensitiv-
ity, specificity, and precision of these markers, discover-
ing more dependable 5hmC markers, and exploring the
relationship between 5hmC levels, various confounding
factors, and their changes following treatment. These
endeavors are essential to propel the clinical adoption of
this innovative technology in the field of precision oncol-
ogy. Second, our study only predicts metastasis, not the
specific prediction of the metastasis site. Third, there
is no longitudinal cohort. Fourth, the population we
included was only Chinese patients, without consider-
ing the differences in ethnicity, which limits its applica-
bility to diverse populations. Expanding future research
to encompass multi-ethnic and geographically varied
cohorts would strengthen the universal applicability of
the findings.
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Conclusions

In conclusion, our studies have shown that 5hmC mark-
ers from plasma cfDNA are capable of detecting both
metastasis and recurrence in ESCC. These insights could
lead to the development of novel methodologies for the
surveillance of metastasis and recurrence in ESCC.
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