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SUMMARY

Current screening methods for esophageal squamous cell carcinoma (ESCC) face challenges such as low
patient compliance and high costs. This study aimed to develop a model based on oral microbiome data
for identifying ESCC. By analyzing 249 oral flora samples, we identified microbial markers associated with
ESCC and constructed random forest classifiers that distinguished patients with ESCC from controls,
achieving an area under the ROC curve (AUC) of 0.87. Key ESCC-associated microbial markers included
Neisseria perflava and Haemophilus parainfluenzae. The classifier was validated within the cohort, attaining
an AUC of 0.93. For comparison, traditional tumor markers carcinoembryonic antigen (CEA) and squamous
cell carcinoma antigen (SCC-Ag) yielded AUCs of 0.84. Functional analysis identified pathways linked to
ESCC, such as glycerol degradation and nitrate reduction. This study suggests a potential noninvasive
method for detecting ESCC, offering a more accessible and accurate alternative to current screening

methods.

INTRODUCTION

Esophageal cancer is the seventh most prevalent cancer, with
604,100 new cases and an estimated 544,000 deaths in
2020." Esophageal squamous cell carcinoma (ESCC) ac-
counts for approximately 84% of these cases.”® Over the
past five decades, the five-year overall survival rate for pa-
tients with esophageal cancer in the United States has
improved from 3.6% to 21.1%. However, this improvement
is observed mainly in patients diagnosed with localized and lo-
coregional disease.* Patients with advanced-stage ESCC
have a poor prognosis, with five-year survival rates of 18.5%
in the United States and 36.9% in China.® In contrast, early-
stage ESCC can often be cured with endoscopic resection.®
The most common method for identifying aberrant lesions is
endoscopy with iodine staining, but its widespread use is
limited by low patient compliance, high costs, and the need
for specialized expertise, particularly in high-risk, economi-
cally disadvantaged regions.”

Oral bacteria can translocate to distal sites and influence
distant areas through metabolic processes and immune re-
sponses.® Differences in the oral microbiota have been observed
between patients with esophageal cancer and healthy individ-

uals.”'° Profiles based on 16S ribosomal RNA more accurately
reflect the authentic microbial consortia. ™

Endoscopy with iodine staining is the most common strategy
for the identification of aberrant lesions in clinical practice.
Therefore, we analyzed three cohorts of 249 samples collected
from three provinces in China.

To address the microbiome batch effect, we utilized cross-
cohort analysis to mitigate the impact of biological and tech-
nical variables across different studies, facilitating the identifi-
cation of significant changes."' ' In this study, we constructed
a random forest (RF) algorithm using a set of 43 important am-
plicon sequence variants (ASVs), achieving an area under
the curve (AUC) of 0.88. This model effectively distinguished
between patients with esophageal cancer and noncancer
controls. Further functional enrichment analysis revealed that
microbiome alterations in ESCC were marked by the upregula-
tion of nitrate reduction and chondroitin sulfate degradation,
and the downregulation of the superpathway converting glyc-
erol to 1,3-propanediol, indicating a specific metabolic profile
characteristic of ESCC.

Using oral microorganisms as biomarkers offers a noninvasive
and cost-effective alternative to endoscopic screening. This
study presents a model for detecting ESCC on the basis of

o iScience 27, 111453, December 20, 2024 © 2024 The Authors. Published by Elsevier Inc. 1

uuuuu

This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).


mailto:zhutong@irm-cams.ac.cn
mailto:zhaolujun@tjmuch.com
mailto:fansaijun@irm-cams.ac.cn
https://doi.org/10.1016/j.isci.2024.111453
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2024.111453&domain=pdf
http://creativecommons.org/licenses/by-nc/4.0/

¢? CellPress

OPEN ACCESS

ESCC patients
(N = 25)

SRA Database

(N

= 199)

Differential
Analysis

)
&

* &%

Model Based on
Oral Microbiome

—=°

e

Models Comparison

bR

Cooccurrence Microbiome Clusters

Analysis
l ||

Healthy volunteers Oral Sample

N25

(9]

Collection

(N = 50)

&

Identification

=
Predominant
Microflora Pathway Enrichment

Analysis

PCoA 1 (8.81546795271052%)

PCoA 2 (4.3809380303454%)

Analysis
[ 111

Group
p<2 2e—16 p=0.25

0.10
005
0.00
-0.05
-0.10

g = Control
5o « Disease
og . Chongging Cohort
- o PRJUNA660092
o PRJUNA853196
oo
Gh| o oo
0.000 0.025 0.050 0.075 0.100
Normal ESCC
1.00
g Phylum
c 075 p__Bacteroidota
g p__Firmicutes
S p__Proteobacteria
<o p__Fusobacteriota
< ! )
© 0.50 p__Actinobacteriota
2 p__Patescibacteria
o p__Campylobacterota
& p__Spirochaetota
0.25
0.00
s s I Q Q Q
£ fE §E 3 & 38
S, S, S, ] u, w,
[¢1 z 1%}
g z 4 8 &
Group

Variance explained b¥ Study
species average: 0.77%

1.00

o
~
o

Relative Abundance
°
@
g

0.

N
&

0.00

iScience
Article

Trimmed mean abundance
- 1e-05
- 1e-03
- 1e-02

PRJNA660092

Vanance explained by Disease
species average: 0.48%

PRJ

33

Chongging_Cohort

14

Normal ESCC

Significance
(p<0.05)
o FALSE
« TRUE

NA853196

28

Family
f__Prevotellaceae
f__Streptococcaceae
f__Neisseriaceae
f__Veillonellaceae
f__Pasteurellaceae
f__Fusobacteriaceae
f__Leptotrichiaceae
f__Porphyromonadaceae
f__Micrococcaceae
f__Flavobacteriaceae
other

CQ_ESCC

©Q_Control
HN_Control
JS_Control
HN_ESCC
Js_Escc

Group

Figure 1. Alterations in the oral microbial composition of the different groups
(A) The flow diagram of this research.
(B) The dispersion of variance due to group distinctions was plotted against the variance resulting from study-specific influences for each individual ASV. The
ASVs demonstrating notable differential abundance were depicted in red, with the size of the markers proportional to the abundance of the ASVs. The p values
obtained from a (ANOVA)-type approach were used to assess the potential confounding variables.

2

iScience 27, 111453, December 20, 2024

(legend continued on next page)



iScience

oral microbiome data, providing a promising approach for diag-
nosis and improved patient outcomes.

RESULTS

Differences in the oral microbiome

To investigate the differences in the oral microbiome between
patients with ESCC and healthy individuals, we conducted 16S
rRNA sequencing on 25 patients with ESCC and 25 matched
healthy volunteers in Chongqging, China. To identify broader
and more common differences, we included two additional data-
sets, encompassing three distinct cohorts from three provinces
in China (Figure 1A; Figure S1). The baseline demographic and
clinical characteristics of the participants are detailed in
Table S1. Previous studies have shown that batch effects can in-
fluence the results of clinical microbiome analyses. Therefore,
we initially examined disease-associated and cohort-specific
variations in each ASV to assess potential confounding factors
(Figure 1B). The “batch” variable accounted for a significant pro-
portion of the variance in ASVs, more so than the illness status
itself (Figures 1B and 1C). This batch effect also substantially
influenced microbial communities and individual taxa, as evi-
denced by considerable fluctuations in B-diversity across the
studies. To minimize potential biases, we standardized the anal-
ysis of 16S rRNA data using a consistent analytical pipeline and
confined further investigations to subjects within a single cohort.
For integrated analyses, where necessary, we used two-sided
blocked Wilcoxon rank-sum tests, with “batch” serving as a co-
variate, to adjust for batch effects.

Alterations in the oral microbial composition in ESCC
The comparative analysis of the oral microbiome between pa-
tients with esophageal cancer and the healthy cohort did not
reveal a statistically significant difference (p = 0.119, Figure 1C).
Similarly, microbial diversity metrics, such as the Shannon index
and Simpson’s index, did not significantly differ between the two
groups (Figure S2). These findings remained consistent even af-
ter applying a two-sided blocked Wilcoxon rank-sum test to
control for batch effects, with “batch” serving as the blocking
variable. Thus, adjusting for batch effects did not alter the
significance of the diversity indices, confirming the initial
observations.

At the ASV level, differential abundance analysis across three
studies revealed that 57 ASVs were significantly distinct in the
PRJNAG60092 cohort, 51 in the PRINA853196 cohort, and 31
in the Chongging cohort, with 6 ASVs consistently differing
across all cohorts (Figure 1D). In the oral cavities of patients
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with esophageal cancer, taxa from the Neisseria family and
Rothia genus were reduced, whereas the Atopobiaceae and
Selenomonadaceae families, along with genera such as Mega-
sphaera and Dialister, were more prevalent in healthy individuals
(Figure S3).

The composition of the oral microbiota included members of
the phyla Actinobacteria, Fusobacteria, Patescibacteria, Campy-
lobacterota, Firmicutes, Proteobacteria, and Spirochaetota (Fig-
ure 1E). At the family level, the microbiota was predominantly
composed of Prevotellaceae and Streptococcaceae, followed
by Neisseriaceae, Veillonellaceae, Pasteurellaceae, Fusobacter-
iaceae, Leptotrichiaceae, Porphyromonadaceae, Micrococca-
ceae, and Flavobacteriaceae (Figure 1F).

Identification of bacterial biomarkers at the species
level for diagnosing ESCC through cross-cohorts
Cross-cohort analyses are crucial for identifying unique bio-
markers that enable consistent and accurate disease diagnosis.
As shown in Figure 1D, 74 ASVs, annotated to 62 genera, ex-
hibited statistically significant differences in at least one study
(Figure 2). Among these genera, 35 were found to be less abun-
dant in patients with cancer (Table S2). Consistent findings
across all three studies indicated that patients with ESCC had
a reduced presence of genera such as Neisseria, Megasphaera,
and Rothia. In contrast, the families Atopobiaceae and Seleno-
monadaceae, along with the genus Dialister, were more preva-
lent (Figure S3). These observed shifts in microbial composition
align with previous research on oral microbiome changes in
smokers.'*15

Co-occurrence and clustering analysis of the microbiota

The co-occurrence network for differential ASVs was con-
structed using the FastSpar method, which efficiently infers
robust correlation networks within microbial communities.'®
Despite occasional negative correlations, a predominant pattern
of positive correlations was observed among the differentially
abundant ASVs, indicating a prevalent symbiotic association
within the microbial network. Using the MCODE plugin, three
modules were identified from this network, as shown in Fig-
ure 3B. Module one consisted of 9 nodes and 37 edges,
with the biomarkers Leptotrichia wadei and Segatella salivae
being notably more abundant and positively correlated with
other biomarkers, including Clostridia_UCG-014, Abscondita-
bacteriales_(SR1), Alloprevotella rava, Megasphaera micronuci-
formis, Veillonella atypica, Lancefieldella parvula, and Lachnoa-
naerobaculum gingivalis. The second module, containing
4 nodes and 6 edges, was marked by the presence of

(C) Principal coordinate analysis (PCoA) was applied to samples from four studies (control, n = 120; disease, n = 129), utilizing Bray-Curtis distances. The analysis
revealed no significant variation in the overall composition of the oral microbiota across batches (p = 0.364) or between groups (p = 0.119). However, differences
were observed within the PCoA 1 and PCoA 2 axes. Beta diversity p values, calculated via PERMANOVA based on Bray-Curtis distances, supported these
findings. Studies were differentiated by color coding, and groups were denoted by distinct shapes. Boxplots positioned in the upper-right and bottom-left
quadrants display the distribution of samples along the first two principal coordinates, categorized by study and group, respectively. The p values for the first and
second principal components were ascertained using a two-sided Kruskal-Wallis test, considering both study and group variables. The boxplots depict the
interquartile range (25th-75th percentile), with the median represented by a central bold line. Whiskers extended to values within 1.5 times the interquartile range

(IQR), and outliers are indicated as individual points.

(D) Venn diagram delineated the intersection of distinct ASVs between healthy controls and patients with ESCC.
(E) The relative distribution of bacterial phyla in healthy individuals and those with ESCC was assessed across three studies.
(F) The relative distribution of bacterial families in healthy individuals and those with ESCC was assessed across three studies.
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Figure 2. Co-occurrence analysis of ESCC-associated oral microbial ASVs
The top bar graph shows 74 ASVs, annotated to 62 genera, with significant differences in at least one cohort (p < 0.05, two-sided blocked Wilcoxon rank-sum
test), 43 of which are designated in dark gray as important ASVs for future random forest modeling. The middle bar graph illustrates the generalized fold change

(gFC) of these ASVs, with pink representing the 39 species more prevalent in
grayscale and color represent the significance and gFC of these species with

Absconditabacteriales_(SR1), which was prevalent in patients
with colorectal cancer and type 2 diabetes mellitus.’”'® The third
module consisted of 3 nodes and 3 edges, with Selenomonas
flueggei, Centipeda periodontii, and Anaeroglobus geminatus
exhibiting a symbiotic relationship, as illustrated in Figure 3A.
To gain a deeper understanding of these results, the co-
occurrence patterns of these important ASVs were organized
into three distinct clusters. Clusters 1 and 3, which were
more common in patients with ESCC, were composed primarily
of taxa from the orders Veillonellales and Selenomonadales,
including genera such as Megasphaera, Selenomonas, Anaero-
globus, Centipeda, and Dialister, as shown in Figure 4. Previous
studies have revealed an inverse relationship between the effi-
cacy of immunotherapy for esophageal cancer and the abun-
dance of taxa within the Veillonellales or Selenomonadales or-

4 iScience 27, 111453, December 20, 2024

ESCC and blue representing the 45 less prevalent species. Below, heatmaps in
in individual cohorts, respectively.

ders.'® In contrast, cluster 2, which was more common in
healthy individuals, exhibited a diverse range of taxonomic
classifications.

Microbial classifier for ESCC

Using the RF algorithm, we constructed stratified 10-fold cross-
validation RF models by aggregating all the samples. These
models achieved an AUC of 0.87 in differentiating esophageal
cancer patients from controls, with an accuracy of 0.78, a sensi-
tivity of 0.78, a specificity of 0.70, a precision of 0.79, and an F1
score of 0.78 (Figure 5A). The top-ranking ASVs identified as fea-
tures included Neisseria perflava, Haemophilus parainfluenzae,
Lancefieldella parvula, Neisseria flavescens, Johnsonella, Clos-
tridia_UCG-014, Dialister invisus, Lacrimispora sphenoides,
Segatella salivae, and Tannerella serpentiformis (Figure 5B).
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Figure 3. Co-occurrence analysis of oral microbial species associated with ESCC identified three distinct clusters

(A) In the study encompassing 249 independent ESCC patient samples, the heatmap illustrates the presence of core microbial marker species within each
sample. The ordering of samples is based on the cumulative count of positive markers, and the clustering of marker species utilizes the Jaccard index of positive
sample occurrences, yielding 3 distinct clusters. The X axis represents the genus level of the bacteria; however, if the genus level is uncultured or unannotated,
only the family level is displayed.
(B) The bar plot shows the fraction of samples that are positive for marker species clusters (defined as the union of positive marker species) broken down
by disease condition. The error bars indicate the standard deviation of the positive fraction calculated. Statistically significant associations between groups and
marker species clusters were identified via a two-sided blocked Wilcoxon rank-sum test.
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Figure 4. Microbial correlation networks for biomarkers
(A) Modules were generated via the MCODE application from (B).

(B) The correlation network depicted differential ASVs between the disease and control groups, showcasing 50 ASVs. In this network, the node size corresponds
to the average abundance of ASVs; biomarker ASVs are labeled with species names, while other ASVs are identified by node numbers. The connections between
nodes, or edges, reflect correlations: thickness indicates the strength, and color denotes the type (pink for positive, blue for negative).

Validation of ESCC

To ensure the reliability and consistency of the identified features
across multiple studies, we conducted study-to-study transfer
validation and leave-one-dataset-out (LODO) validation on the
complete sample set. For all the ASV models, the AUC values
for study-to-study transfer validation ranged from 0.83 to 0.94,
with an average of 0.86 (Figure 6A). Specifically, when these
studies served as training datasets, the mean AUCs for
PRJNA660092, PRJNA853196, and the Chongqing cohort
were 0.90, 0.87, and 0.81, respectively. Conversely, when
these studies functioned as testing datasets, the mean AUC
values were 0.88, 0.80, and 0.84, respectively. Notably,
PRJNAB60092 emerged as the optimal training set because of
its comparatively higher training AUC, which is likely attributed
to its geographical intermediary position between the other
two research areas. Additionally, the AUC values for LODO anal-
ysis ranged from 0.80 to 0.88, with an average of 0.84 (Figure S4).
The PRJNA66092 dataset demonstrated superior predictive
accuracy, suggesting that geographic location and eating habits
may play crucial roles in variations in the oral microbiome. There-
fore, augmenting the dataset with patient data from diverse
regions may refine diagnostic precision.

We evaluated the diagnostic potential of various feature sets,
including differential ASVs and all salient features. After applying
recursive feature elimination, we examined the diagnostic effi-
cacy of critical ASVs. The AUC values for study-to-study transfer
validation ranged from 0.85 to 0.97, with a mean of 0.92 (Fig-
ure 6B). Moreover, the AUC values for LODO analysis ranged
from 0.85 to 0.91, with an average of 0.88 (Figure S5). These find-
ings confirm that the accuracy of the method based on important
ASVs is superior to that of all ASVs in the diagnosis of esopha-
geal cancer.

Carcinoembryonic antigen (CEA) and squamous cell carci-
noma antigen (SCC-Ag) are known diagnostic and prognostic

6 iScience 27, 111453, December 20, 2024

markers for esophageal cancer.’”?" We built classifiers based
on these blood-based markers, achieving AUCs of 0.86 and
0.84, respectively (Figures 7A-7D). In the Chongqing cohort,
the AUC of the ESCC-associated microbial markers was 0.92
(Figures 7E and 7F). Subsequently, the costs associated with
endoscopic screening for esophageal cancer, chest helical
computed tomography, chest X-ray examination, CEA, and
SCC-Ag tests were assessed.’”?® Our analysis revealed
that the cost of 16S rRNA sequencing is comparatively lower
(Table 1). Considering the cost and practicality of sample collec-
tion, a model based on the oral microbiome is more accessible
and accurate. This model not only provides a greater AUC value
but also offers a noninvasive and cost-effective alternative to
traditional blood-based markers.

Microbial functional changes in ESCC

Oral bacteria engage in various pathways that can either hinder
or promote disease progression. To understand these functional
shifts within the microbiome under different disease conditions,
we analyzed 83 pathways that were differentially expressed be-
tween healthy individuals and patients with cancer (p < 0.05, with
p values adjusted via the Benjamini-Hochberg method). The top
five differential pathways are shown in Figure 8. Notably, super-
pathways of sulfur oxidation, along with nitrate reduction and
chondroitin sulfate degradation, were significantly enriched in
patients with cancer (Figure 8; Table S3). The nitrate reduction
pathway, in particular, was notably influenced by the genera
Schaalia, Veillonella, Rothia, and Neisseria. Reduced nitrate con-
centrations are linked to increased susceptibility to esophageal
cancer.?” In contrast, the control samples exhibited enrichment
of the superpathway of glycerol degradation to 1,3-propanediol.
The concentration of ethanol affects the rate of the superpath-
way of glycerol degradation to 1,3-propanediol. As the ethanol
concentration increased, the degradation rate decreased. Given
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Figure 5. Performance of the oral microbiome in discriminating
between cancerous conditions and control samples

(A) The AUC for the optimized models, which were developed using all ASVs,
delineates the distinction between control and cancer samples. The different
colored lines represent the ROC curves for each of the 10-fold cross-valida-
tions. Data are represented as mean + SD.

(B) The top 10 biomarkers, each corresponding to a unique ASV, were selected
to develop random forest (RF) models that differentiate cancerous conditions
from control groups. The taxonomic details of these ASVs at the family, genus,
and species levels are shown. The biomarkers were ranked by their impor-
tance in the RF model, with p values calculated via a two-sided blocked Wil-
coxon rank-sum test. The generalized fold change was visually represented
through color gradients.

that many patients with ESCC have a habit of alcohol consump-
tion, we hypothesize that this habit may lead to a downregulation
of the superpathway of glycerol degradation to 1,3-propanediol
in the oral cavity of these patients.

DISCUSSION

In contrast to the pronounced disparities in alpha and beta diver-
sity observed in the gut microbiota of individuals with colon can-
cer or inflammatory bowel disease compared with healthy volun-
teers, no such differences were detected in the oral microbiota
diversity indices between patients with esophageal cancer and
healthy individuals.'"'>%3" The use of feature biomarkers can
promote the accuracy of model from 0.84 to 0.87 and increased
its explanatory ability. Among all the important ASVs, Veillonella
may be a characteristic that indicates the presence of esopha-
geal squamous cells, which is in line with previous research.*”
Our study revealed that Neisseria perflava was also a predictive
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feature of esophageal squamous carcinoma and inhibited the
progression of oral squamous cell carcinoma. These findings
may be explained by the similar pathology of squamous cell car-
cinomas.®* Moreover, Atopobium secretes lactic acid into the
oral cavity, where it can travel to tumor primary or metastatic tu-
mor sites through physiological processes such as eating and
swallowing. This can change the pH of the surrounding area,
which can aid the tumor immune escape and metastasis.
Numerous studies have demonstrated that Fusobacteriaceae
promotes the development of ESCC. However, in this study, Fu-
sobacteriaceae was upregulated in patients with esophageal
cancer in a single cohort. Further studies are needed to deter-
mine the potential utility of Fusobacteriaceae as a predictor of
esophageal squamous carcinoma within the oral microbiome.
This investigation highlights the complex bacterial interactions
that may either contribute to or inhibit disease manifestation.
The functional pathways enriched in ESCC included those
involved in glycerol degradation, sulfur oxidation, and nitrate
reduction, whereas pathways related to ubiquinol and menaqui-
nol biosynthesis were more prominent in healthy individuals.

Cancer liquid biopsies are also promising biomarkers for de-
tecting ESCC. Previous studies have reported good perfor-
mance in terms of blood parameters and extracellular vesicle
(EV) protein content.***° The classification of the EV protein is
more precise but relatively costly. After collecting and comparing
data on the levels of CEA and SCC-Ag in our cohort, we found
that the ESCC-associated microbial biomarkers in this cohort
exhibited better accuracy and specificity.

During the sample collection phase of our research, oral
bacterial sample collectors reported that patients diagnosed
with esophageal cancer exhibited suboptimal oral environ-
ments in comparison with their healthy counterparts. A sub-
stantial proportion of patients with cancer demonstrated a
distinct lack of adherence to oral hygiene practices, including
a notable absence of regular dental visits for professional
teeth cleaning. As previous studies reported, various factors,
including dietary practices, oral hygiene conditions, and
alcohol and tobacco consumption, can influence the composi-
tion of the oral microbiota. Moreover, the resemblance of the
oral microbiome in individuals with esophageal cancer to
that found in populations who smoke suggests a potential
mechanistic link through which smoking may contribute to
the onset of ESCC.'*°° Patients with esophageal cancer usu-
ally have a poor prognosis due to osteoporosis, which is exac-
erbated by the activation of the chondroitin sulfate breakdown
pathway by oral bacteria.’” Consequently, we hypothesize
that an impaired oral microbiome may indeed constitute a sig-
nificant risk factor and poor prognostic indicator for patients
with esophageal cancer.

Our functional prediction aforementioned revealed that the
superpathway of glycerol degradation to 1,3-propanediol
was activated in patients with esophageal cancer. The 1,3-
propanediol level, which increases in patients as the tumor
progresses, has been reported as a noninvasive diagnostic
feature for stomach cancer.®® Esophageal cancer and
gastric cancer exhibit certain pathological similarities; there-
fore, 1,3-propanediol may serve as a noninvasive biomarker
for esophageal cancer.
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Our research presents a low-cost, noninvasive screening
technique for detecting esophageal cancer, demonstrating bet-
ter accuracy and specificity than traditional tumor biomarkers
such as CEA and SCC-Ag. However, this study has limitations
in terms of experimental validation. To address this, we strength-
ened the evidence from other aspects of the study design and
provided various types of validations for the identified microbial
markers. Another limitation of this study stems from the absence
of certain information in public databases, which required us to
compare the predictive efficacy of CEA and SCC models solely
within our dataset against that of ESCC-associated microbial
markers. This also makes it challenging to analyze the indepen-
dent association between the presence of ESCC and the oral mi-
crobiome with proper adjustments for these lifestyle factors.
More clinical information in public databases could improve
the predictive accuracy of the model.

Limitations of the study

The limitations of this study include the inability to analyze certain
confounders due to the absence of specific information in
public databases. Consequently, we were unable to thoroughly
examine the associations between sex or gender and other inde-
pendent confounders with oral flora. Our analysis was restricted
to comparing the capability of oral flora to distinguish between
patients with squamous esophageal carcinoma and healthy con-
trols, relative to CEA and SCC-Ag, within the collected cohort.
Additionally, the study lacks experimental validation, highlighting
the need for further research.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples

Human oral flora samples Chongging in China N/A

Deposited data

16S rRNA gene sequencing data This study GSA: PRJCA025484
16S rRNA gene sequencing data Zhao et al.’ GEO: PRJNA660092
16S rRNA gene sequencing data Jiang et al.’® GEO: PRJNA853196
Oligonucleotides

Forward primer 341F (5'-CCTAYG This paper N/A
GGRBGCASCAG-3)

Reverse primer 806R (5'-GGACTA This paper N/A

CNNGGGTATCTAAT-3)

Software and algorithms

FastQC v0.12.1 Babraham Bioinformatics
QIIME2 Version 2023.7

R version 4.4.0

Python version 3.11.5

FastSpar

Cytoscape Version 3.10.1

Custom code and script used in this study

FastQC v0.12.1 Babraham Bioinformatics
https://qiime2.org
http://www.r-project.org
https://www.python.org/
https://github.com/scwatts/fastspar
https://cytoscape.org

This paper

RRID: SCR_014583

RRID: SCR_021258

RRID: SCR_001905

SCR_008394

Version 1.0.0

RRID: SCR_003032
https://doi.org/10.5281/zenodo.14180648

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study design and participants

Human participants

Twenty-five patients with esophageal squamous cell carcinoma, who were not excluded by the criteria, along with twenty-five age-
and gender-matched healthy volunteers, were recruited at the Second Affiliated Hospital of Chongging Medical University between
April 23, 2023, and October 5, 2023. Pathological confirmation and diagnosis of esophageal cancer were conducted according to the
guidelines of the Chinese Society of Clinical Oncology.*® The exclusion criteria included individuals with systemic diseases, those
who had taken antibiotics, proton pump inhibitors, prebiotics, or other preparations within the previous month, and those with a his-
tory of oral ulcers in the preceding six months. Additionally, patients who had undergone any form of tumor treatment, including
surgery, radiotherapy, chemotherapy, or immunotherapy, were excluded. Matched healthy controls, confirmed to be cancer-free
by helical CT, were also enrolled in a 1:1 ratio in this study. Age, sex, gender, BMI, smoking and drinking habits, family history of
tumors, race, ethnicity, ancestry, and province of the individuals are reported in Table S1.

Ethics approval

Written informed consent was obtained from each participant, ensuring adherence to the ethical principles outlined in the World Med-
ical Association’s Declaration of Helsinki (2008) and the Belmont Report. The experimental protocol was approved by Human Ethics
Committee of The Second Affiliated Hospital of Chongging Medical University with the approval number 117/2023.

METHOD DETAILS

Public data collection

In the context of esophageal squamous cell carcinoma (ESCC), we collected 16S rRNA sequencing data for both ESCC patients and
healthy individuals from the National Center for Biotechnology Information (NCBI) database. This investigation focused on two
studies that provided comprehensive sample metadata and utilized high-throughput sequencing techniques targeting the V3-V4
hypervariable regions of the 16S rRNA gene. The raw sequencing datasets associated with these studies were constructed using
the SRA toolkit, version 3.0.6, from the Sequence Read Archive (SRA), corresponding to the accession numbers PRINA660092
and PRINA853196.%'°
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Clinical sample collection

The samples was collected via sterile brushes. The participants were required to abstain from food, smoking, and alcohol for 2 h prior
to the collection process. Samples were obtained from the posterior pharyngeal wall and gingiva to ensure comprehensive coverage
of the oral cavity surfaces. After collection, the samples were immediately stored at —80°C to preserve their integrity until DNA
extraction.

In our clinical laboratory, the serum CEA and SCC-Ag levels were detected using radioimmunoassay (RIA). A 3-mL venous blood
sample was collected and centrifuged at 3,500 rpm for 10 min at room temperature. After centrifugation, the processed samples were
subjected to immunoassay analysis using the fully automated DiaSorin LIAISON XL and ARCHITECT i2000SR chemiluminescence
systems.

Sequencing processing

Each sample was frozen in dry ice and sent to Novogene Bioinformatics Technology Co., Ltd (Beijing, China, https://cn.novogene.
com/). Total bacterial DNA extraction and sequencing were performed according to standard protocols. Specifically, genomic DNA
was extracted from the collected samples using the cetyltrimethylammonium bromide (CTAB) method and diluted to a standard con-
centration of 1 ng/uL with sterile water. Polymerase chain reaction (PCR) was performed with universal primers targeting the V3-V4
region of the 16S rRNA genes, specifically 341F (5'-CCTAYGGGRBGCASCAG-3') and 806R (5'-GGACTACNNGGGTATCTAAT-3').
Sequencing libraries were prepared using the NEB Next Ultra Il FS DNA PCR-free Library Prep Kit (New England Biolabs, USA, Cat-
alog #: E7430L) following the manufacturer’s recommendations, with indexes added subsequently. The library quality was assessed
using Qubit and real-time PCR for quantification, and a bioanalyzer for size distribution detection. Upon approval of library quality
control, libraries were pooled according to their effective concentration and target data output requirements. The pooled libraries
were then sequenced on the lllumina NovaSeq 6000 platform with P250 sequencing, generating 250 bp paired-end reads through
synthesis by sequencing.“® High-throughput sequencing produced raw image data files, which were converted into raw sequencing
reads via base calling analysis. The results were stored in FASTQ (fq) file format, containing both the sequence information of
the reads and their corresponding sequencing quality information. The quality of the raw data was assessed using FastQC
(version 0.12.1), excluding reads with a quality score below 30 or shorter than 150 bp.

Microorganism analysis pipeline

All the raw sequencing data were processed consistently on the Quantitative Insights Into Microbial Ecology 2 (QIIME2-2023.7)
platform.*' The primers were removed using Cutadapt (version 4.5), and the “join-pairs” function of the VSEARCH plugin in
QIIME2 was used to merge the reads. The joined reads were then input into the Deblur plugin to construct the ASV feature table,
with singletons filtered out. After quality filtering, 18,960,674 reads remained, with an average of 76,147 reads per sample. A total of
4,133 ASVs were detected after clustering sequences at 99% similarity with the SILVA database (version 138) using the classify-
sklearn algorithm in the feature classifier plugin. ASVs that could not be precisely annotated to species were reassigned to the most
similar sequences in the same genus or family using NCBI BLAST. The mean taxon abundance was assessed at different taxo-
nomic levels, including the species, genus, family, class, and phylum levels, for both the esophageal cancer and control groups.
Low-abundance ASVs, with a relative abundance less than 0.1% in at least 20% of each study, were excluded from subsequent
analysis.

Confounder analysis

To assess the potential confounding variables in relation to ESCC for a specific amplicon sequence variant (ASV), an analysis of vari-
ance (ANOVA)-type approach was employed.'? To determine the total variance explained by the abundance of a particular ASV, we
utilized a linear regression model that incorporated both ESCC status and confounding factors as independent variables. Variance
estimations were performed using ranked values to address the non-Gaussian distribution of microbiome abundance data.

Univariate meta-analysis for the identification of ESCC-associated oral microbial species

The significance of differential abundance for individual amplicon sequence variants (ASVs) was assessed using a two-sided blocked
Wilcoxon rank-sum test, facilitated by the "coin" package (version 1.4.3) in R (version 4.4.0).°° To mitigate potential confounding in-
fluences from batch effects, each ASV was analyzed individually, with data stratified by cohort. Permutation tests were conducted
within each stratum to generate a conditional null distribution, accounting for variances in block composition and magnitude. Next,
p-values were corrected using the false discovery rate (FDR) approach to address multiple hypothesis testing. Additionally, the
magnitude of disparity between control and esophageal squamous cell carcinoma (ESCC) samples was quantified using the gener-
alized fold change (gFC) methodology.

Model construction and feature selection

The random forest (RF) algorithm, a hierarchical ensemble of decision trees, is particularly adept at handling microbiome data, and is
often represented as a sparse matrix with intricate variable interdependencies. We utilized the RF algorithm’s robust feature selection
capability to construct models using the scikit-learn package (version 1.3.0) in Python (version 3.11.5), incorporating all ASVs. Strat-
ified 10-fold cross-validation was used to fine-tune the training and testing datasets, ensuring accurate classification of cancer
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versus control samples. The most predictive features, identified as "important features," were further characterized as "biomarkers"
on the basis of their performance in the top RF model. Model efficacy was assessed using metrics such as the area under the curve
(AUC), accuracy, sensitivity, specificity, precision, and F1 score. To enhance model reliability and reduce complexity, we utilized the
recursive feature elimination (RFE) method. This process begins with a differential feature analysis to pinpoint potential discriminative
features. An RF model was then trained using the scikit-learn package in Python (version 3.11.5) and subjected to stratified 10-fold
cross-validation to differentiate between ESCC patients and controls. The RFE step was instrumental in refining the model by sys-
tematically eliminating less informative features, culminating in a set of discriminative features. The top-performing features, identi-
fied by the highest AUC value, were deemed "important ASVs," forming the final feature set for the model. These ASVs are pivotal for
understanding disease progression and may serve as biomarkers for ESCC.

Model evaluation

Leave-one-dataset-out (LODO) validation and study-to-study transfer validation methodologies were used to assess the generaliz-
ability of microbial-based adenoma classifiers. These approaches evaluate classifier performance across diverse contexts, consid-
ering geographic variability and technical disparities in microbial data acquisition and processing across different patient cohorts.
The study-to-study transfer validation involved developing classifiers within a single study and subsequently assessing them on
all remaining cohorts, as illustrated by the off-diagonal elements in Figure 6.

To determine the optimal performance of pivotal features within study-to-study transfer validation and LODO validation,
models were constructed using three distinct input feature sets: (1) the entirety of amplicon sequence variants (ASVs), (2) dif-
ferential ASVs, and (3) all essential features. The objective was to ascertain whether a minimal subset of critical features could
enhance accuracy. A selection of the highest-ranking essential features was consistently incorporated into the minimal subset a
priori. Using methodologies identical to those used in study-to-study transfer validation and LODO validation, the average area
under the curve (AUC) for each testing study was determined and represented as individual points in Figures 6A and 6B.
A comparative analysis of the predictive values within the testing set was then conducted across models with varying input
feature sets.

Microbial ecological analysis

Species diversity and evenness within a community were assessed using alpha diversity measures, specifically the Shannon and
Simpson indices. Nonmetric multidimensional scaling (NMDS) analysis was performed using the vegan package (version 2.6.8) within
the R software framework, which is based on a normalized table of ASV abundances. Beta diversity was measured by the Bray—-Cur-
tis dissimilarity metric, which compares microbial community structures across samples. Variations in bacterial community compo-
sition between different disease groups or cohorts were analyzed using 999 permutations within a permutational multivariate analysis
of variance (PERMANOVA).

Species co-occurrence and cluster analysis in ESCC
Microbial communities often collaborate synergistically to increase their pathogenicity, resilience, or colonization capacity. To
facilitate a comprehensive understanding, co-occurrence networks were formulated and depicted. FastSpar (version 1.0.0), an
accelerated and more efficient variant of the SparCC algorithm, was used to swiftly construct correlation networks and determine
p values.'® SparCC ensures the robustness and transferability of the component data by accounting for the diversity and sparsity
of community members. Correlation coefficients were assessed using an average of 50 inference iterations, adhering to the default
threshold for strength. p values were derived from 1,000 bootstrap correlations. For subsequent visualization in Cytoscape
(V3.10.1), only correlation coefficients with p values less than 0.05 and magnitudes exceeding 0.3 were selected.’’ The
MCODE algorithm was utilized to evaluate modular structures and clusters of tightly interconnected nodes, using the default
parameter settings.*”

To investigate the co-occurrence patterns of biomarkers, we converted the relative abundances of biomarker ASVs into binary
values, labeling them as either "positive" or "negative". A sample was considered "positive" if the relative abundance of a biomarker
ASV exceeded a threshold of 0."" We then created a binarized marker-by-sample matrix and analyzed it using the Jaccard index.

Functional profile analysis

PICRUSt2, an amalgamation of existing open-source methodologies, facilitates the prediction of genomes from environmentally
sampled 16S rRNA gene sequences, enabling the estimation of microbial abundance and diversity. Consequently, the functional at-
tributes of the oral microbiome were deduced from 16S rRNA sequences using PICRUSt2 (V2.5.2) following established protocols.**
Functional profiles with a relative abundance of less than 1x10°-5 in more than 80% of the samples and presence in fewer than three
studies were excluded. Differential analysis and generalized fold change (gFC) calculations were conducted on pathway profiles,
similar to the ASV profiles described in the data preprocessing section. The individual contributions of each ASV to the aggregate
differential pathways were then assessed. This contribution was quantified as the proportion of the functional abundance of a single
ASV relative to the cumulative functional abundance of all ASVs within a specific pathway. Finally, all differential pathways were cate-
gorized on basis of their gFC scores.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Results are given as mean (+ standard deviation) if not otherwise indicated. Multiple group comparisons of data that adhered to a
normal distribution were performed using analysis of variance (ANOVA)-type approach. The p values obtained from a two-sided
blocked Wilcoxon rank-sum test were used to determine statistical significance. Two-sided Kruskal-Wallis test was used in PCoA
analysis. P-values less than 0.05 were considered statistically significant, and p-values less than 0.01 were considered highly
significant.
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