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ARTICLE INFO ABSTRACT
Keywords: Oral Potentially Malignant Disorders (OPMDs), such as leukoplakia, erythroplakia, proliferative verrucous leu-
Oral potentially malignant disorders koplakia, and oral submucous fibrosis, carry a risk of malignant transformation, with reported rates ranging from

Malignant transformation
Hypoxia
Oral microbiome

2.6 % to 7.9 %. Higher risks are observed in specific subtypes, such as erythroplakia and proliferative verrucous
leukoplakia. Although clinical factors like lesion size, dysplasia, and patient demographics have been studied,
none have consistently proven reliable for predicting malignancy. This study conducted a retrospective review of
OPMD patients treated at the University of Brescia from 1996 to 2019, including various dysplasia grades and
extensive clinical data. Gene expression profiling was performed on these samples to explore molecular strati-
fication based on a six-subtype classification developed for Head and Neck Squamous Cell Carcinoma (HNSCC).
Additionally, intratumor microbiota content was analyzed to assess its association with OPMD transformation
risk. The findings highlighted the aggressive nature of the Cl3-Hypoxia molecular subtype, with a median ma-
lignant transformation time of 30.1 months. Considering the role of hypoxia in modulating tumor-associated
inflammatory cell functions, we also assessed two inflammatory gene signatures, demonstrating their signifi-
cant association with OPMDs and correlating with tissue-resident microbiota. This study provides compelling
evidence of microbial-host interactions in the malignant transformation of OPMDs, with specific molecular
features, particularly hypoxia-related pathways, linked to increased malignancy risk. These results suggest po-
tential biomarkers for prognosis and offer therapeutic strategies targeting the tumor microenvironment and
microbiota to mitigate malignant progression in high-risk OPMD patients.

Introduction delineated in 2007 by the WHO Collaborating Centre for Oral Cancer to
encompass a diverse spectrum of pathological conditions affecting the
The term Oral Potentially Malignant Disorders (OPMD) was first oral cavity, sharing a common characteristic of potential malignant
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transformation [1]. Oral leukoplakia and erythroplakia, proliferative
verrucous leukoplakia, oral submucous fibrosis, and oral lichen planus/
lichenoid lesions are the most commonly disorders [2]. A meta-analysis
incorporating 22 published studies estimated a global prevalence of
OPMDs at 4.47 % (95 % CI = 2.43-7.08), with higher prevalence rates
observed in males (59.99 %; 95 % CI = 41.27-77.30) and Asian pop-
ulations (10.54 %; 95 % CI = 4.60-18.55) [3,4]. The malignant trans-
formation rates across various subtypes of OPMD range from 2.6 % to
7.9 % [5,6].

To date, several clinical factors have been investigated as potential
predictors of malignant progression, including gender, age, oral cavity
subsite, lesion size, and presence of dysplasia. However, none have
proven consistently reliable in identifying disorders at higher risk of
transformation [7]. Iocca et al., through a systematic review and meta-
analysis reported significantly higher malignant transformation rates for
oral erythroplakia (33.1 %; 99 % CI 13.6 %-56.1 %) and proliferative
verrucous leukoplakia (49.5 %; 99 % CI 26.7 %-72.4 %) [8]. Recently, a
clinical nomogram utilizing age, oral cavity subsite, disorder subtype,
dysplasia presence, and medical history of other cancers has been pro-
posed to predict the risk of malignant transformation [5]. Furthermore,
considerable attention has been directed towards molecular biomarkers,
with loss of heterozygosity (LOH) emerging as a promising indicator for
predicting progression to oral cancer. Initially identified in 1996 [9],
LOH at specific loci encoding tumor suppressor genes (e.g., 3p14 and/or
9p21) has been associated with a 3-year risk of developing oral cancer of
approximately 35 % [10].

Enhancing the prognosis of OPMD patients necessitates a deeper
understanding of the biological mechanisms underlying malignant
transformation. Recent studies investigating tumor mutational burden
(TMB), TP53 mutations, and specific mRNA transcripts have under-
scored their potential roles in assessing the risk of progression to oral
cancer in large cohorts of oral premalignant lesions [11].

In a previous study, we demonstrated that our six molecular cluster
subtyping in Head and Neck Squamous Cell Carcinoma (HNSCC) are also
applicable to OPMD highlighting their biological properties [12]. In this
investigation, gene expression profiles of 86 OPMD cases were analyzed,
revealing that patients exhibiting Mesenchymal, Hypoxia, and Classical
signatures face a heightened risk of malignant progression.

Recent studies have emphasized the significant role of gut micro-
biome dysbiosis in colorectal cancer, indicating that integrating micro-
biome data may offer synergistic diagnostic advantages [13]. Other
research has also revealed the presence of metabolically active, immune-
responsive, and cancer type-specific bacterial, viral, and fungal com-
munities within tumor tissues [14-16]. These discoveries have
contributed to their inclusion in the updated cancer hallmarks [17],
highlighting their relevance across various cancer types.

However, our understanding of the oral microbiota—the second
most diverse microbial community in the human body—and its impact
on oral potentially malignant disorders (OPMDs) remains limited.

The principal aim of our present study is to validate the performance
of our molecular stratification in an independent series of dysplastic
OPMD cases. In this way, our work seeks to establish a robust framework
for prognostic assessment and therapeutic stratification in OPMD. Our
secondary objective is to investigate the relationship between molecular
clusters and the tissue microbiota within these lesions.

Material and methods
Study design and patients’ cohort

Clinical data of OPMDs patients treated with complete excision at the
Department of Otolaryngology-Head and Neck Surgery of the University
of Brescia, Italy, between March 1996 and November 2019 were
retrieved and reviewed. Inclusion criteria for the present study were: (a)
histological diagnosis of OPMD, treated with curative intent surgery (i.
e., resection of the whole lesion in healthy margins) and showing any
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grade of dysplasia at pathological exam, (b) histological information
regarding grade of dysplasia and margins of resection, (c) available
archival histological material for gene expression analysis, and (d)
availability of follow-up information regarding local recurrence either
as dysplasia or carcinoma.

Patients with diagnosis of synchronous head and neck squamous cell
carcinoma and previous history of oral cavity cancer within 2 years were
excluded.

A written informed consent was obtained from all patients and data
management was conducted in accordance with the Declaration of
Helsinki; the study was approved by the local ethics committee of
Brescia (study number NP4713).

Gene expression profiling

RNA was extracted from 8 mm-thick FFPE slices using the miRNeasy
kit (Qiagen) and following manufacturer’s instructions. RNA concen-
tration was assessed with Qubit Fluorometer (ThermoFisher) while
quality was evaluated using 4150 TapeStation System RNA ScreenTape
(Agilent). Sequencing libraries were constructed from 100 ng of total
RNA using the QuantSeq 3' mRNA-Seq Library Prep Kit FWD for Illumina
(Lexogen), following manufacturer’s instructions and modifications for
FFPE material. After quality check on D1000 ScreenTape (Agilent), li-
braries were equimolarly pooled and sequenced on a NextSeq 500
(Illumina) to an average depth of 7 x 106 single-end reads.

Bioinformatics and statistical analyses

FASTQ files were processed using the QuantSeq 3' mRNA-seq pipe-
line implemented on the Bluebee genomic platform (Bluebee, Lexogen).
The gene count matrix was imported into R, filtered, and normalized.
We then applied our model [18] to stratify the gene expression profiles
into molecular subtypes. Briefly, the Prediction Analysis for Microarrays
(PAM) algorithm [19] was utilized to apply the six clusters to our
dataset. PAM, a widely-used method for classifying high-dimensional
data, operates through a nearest shrunken centroid approach. This
method involves creating a classification rule based on the scaled dis-
tances between expression profiles of new samples and class centroids.
Specifically, PAM shrinks the centroids of classes towards the overall
means while incorporating a mechanism for variable selection. Two
inflammation signatures were selected from literature [2021]. The list of
genes and coefficients were retrieved from the papers; the signature
from Jing et al. includes 5 inflammatory-related genes, while Han et al
contains 14 genes. Calculations to impute the signature scores were
made using hacksig R package [22]. The receiver operating character-
istic (ROC) curve was used to assess the accuracy of the inflammation
signatures in discriminating Cl3-Hypoxia compared to the other. ROC,
the area under the curve (AUC), and confidence intervals were calcu-
lated and visualized using pROC R package [23].

Class prediction analysis was done using the Diagonal Linear
Discriminant Analysis (DLDA) and we then used leave-one-out cross-
validation (LOOCV) to estimate the extent to which Cl3 cases could be
discerned from the cases assigned to the other clusters. Statistical ana-
lyses were done using the BRBArrayTools package (version 6.3.3_betal)
developed at the Biometrics Research Branch of the National Cancer
Institute (http://linus.nci.nih.gov/BRB-ArrayTools.html). For valida-
tion purposes, eighty-six oral premalignant cases enrolled in a ran-
domized chemoprevention trial at University of Texas MD Anderson
Cancer Center (Houston, TX 77030, USA) and profiled by microarray
gene expression were retrieved from GEO (ID: GSE26549) to apply the
DLDA model.

Kaplan-Meier survival analyses for both the six molecular subtypes
and the four prognostic signatures were conducted using the R package
survival. The ggplot2 package [24] was employed to visually represent
the survival curves, with time to transformation as the clinical endpoint
defined as the time (months) from histological diagnosis to cancer
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development in the same area of OPMD. Bioinformatic analyses were
performed using R software version 4.3.0.

Metagenomic profiling of bacterial reads from gene expression data

To investigate the microbial composition within gene expression
data, a metagenomic pipeline was implemented. Initially, raw FASTQ
files from bulk RNA-seq underwent processing to extract bacterial reads,
involving adapter removal and Unique Molecular Identifier (UMI)
extraction using Cutadapt and UMI-tools, respectively. Subsequently,
the KneadData decontamination pipeline was employed to eliminate
host sequences, specifically removing reads aligned to the human
reference genome and transcriptome. The resulting decontaminated
FASTQs underwent taxonomic classification via Kraken2, utilizing a
bacterial database built following kraken’s manual. Kraken2 provided
taxonomic assignments, classifying bacterial sequences and generating a
read count report for each sample. These reports were then merged and
imported into R software, alongside data from gene signature classifi-
cation analysis. Microbial richness and composition were analyzed using
the Phyloseq [25] package (version 1.42.0). The imported data under-
went preprocessing, involving normalization through standardizing
abundances to the median sequencing depth and feature filtering using a
Coefficient of Variation cutoff of 3. The feature table was subsequently
employed to evaluate ecological diversity (alpha and beta), and DeSeq2
[26] was applied to identify group-specific differentially abundant
features.

Metagenome functional analysis

The microbial transcriptome was investigated using bacterial se-
quences identified by kraken2. The bacterial reads generated from
kraken2 were subjected to translation research against the Swiss-Prot
protein database using the Diamond aligner [27]. Diamond, a
sequence aligner designed for protein and translated DNA searches, was
employed to identify the protein profile of our samples. Subsequently,
these profiles were clustered into pathways or proteins by retrieving
protein annotations through Uniprot.ws. The abundances of these pro-
teins were then inferred. Following this, a differential abundance anal-
ysis was conducted using the LinDA R package [28]. The analysis
incorporated the Benjamini-Hochberg procedure within the LinDA
package to adjust p-values. Proteins with Log2FoldChange > 1 and
adjusted p-value < 0.05 were accepted as differentially expressed pro-
teins. The protein interaction network was created using STRING and
visualized with Cytoscape v3.10 [29].

Results
Patients’ characteristics

A total of 106 consecutive OPMDs patients were retrieved. Of these,
66 fulfilled the eligibility criteria and were suitable for gene expression
analysis after RNA extraction and quality checks. As depicted in Table 1,
a slight majority were male (53 %), with a median age of 65 years (range
32-94), data regarding smoking habits were available only for 28 pa-
tients, and among them 14 (21.2 %) were current smokers at the time of
database completion. Eleven patients (16.7 %) had a previous diagnosis
of oral cavity cancer carcinoma (OCC). Regarding OPMDs grade of
dysplasia, 28 patients (42.2 %) presented with grade 1 (SIN1) dysplasia,
23 (34.9 %) with grade 2 (SIN2), 8 (12.1 %) with grade 3 (SIN3), while 7
patients had a diagnosis of carcinoma in situ (CIS). With a median
follow-up of 53 months (range 14-234), 22 patients (33.3 %) experi-
enced an OPMD recurrence, and 15 patients (22.7 %) had a histologi-
cally proven malignant transformation to OCC, with a median time to
transformation of 30 months (range 3-195).
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Table 1
Patients and disease characteristics.

Patients number Characteristics Number (%) Number (%)
(66) Cluster 3
(10 patients)

Gender Female 31 (47) 6 (60)

Male 35(53) 4 (40)
Age at diagnosis Median 65 Median 69.5

(range 32-94) (range 64-94)

Smoking history Current smoker 14 (21.2) 110

Former smoker 4(6.1) 100

Never smoker 10 (15.1) 1(10)

Not available 38 (57.6) 7 (70)
History of OCC Yes 11 (16.7) 4 (40)

No 55 (83.3) 6 (60)
Grade of dysplasia SIN1 28 (42.4) 1(10)

SIN2 23 (34.9) 5 (50)

SIN3 8 (12.1) 3(30)

CIS 7 (10.6) 1(10)
OPMD recurrence Yes 22(33.3) 7 (70)

No 44 (66.7) 3(30)
Malignant transformation Yes 15 (22.7) 7 (70)

No 51 (77.3) 3(30)
Median follow-up 53 months 44 months

(range 14-234) (range 15-125)

Six molecular subtype stratification

Six distinct subtypes delineating the heterogeneous molecular pro-
files implicated in tumor progression were identified within HNSCC.
These subtypes, characterized by their distinct biological features and
dysregulated signaling pathways, were categorized as follows: C11-HPV,
Cl2-Mesenchymal, Cl3-Hypoxia, Cl4-Defense Response, Cl5-Classical,
and Cl6-Immunoreactive. The PAM algorithm was employed to extend
our classification framework to OPMD. The application of PAM revealed
that none of the cases fell into Cl11-HPV, 5 cases (8 %) were classified as
Cl2-Mesenchymal, 10 cases (15 %) exhibited characteristics of CI3-
Hypoxia, 18 cases (27 %) were identified as Cl4-Defense Response, 6
cases (9 %) represented Cl5-Classical, and 27 cases (41 %) were cate-
gorized under Cl6-Immunoreactive. The subtype stratification confirms
significant difference in outcome having time to transformation as
clinical endpoint and median time is equal to 175.9 months for Cl2-
Mesenchymal, 30.1 months for Cl3-Hypoxia, not-reached for Cl4-
Defense Response, 142.8 months for Cl5-Classical, and not reached for
Cl6-Immune Reactive (Fig. 1).

Characteristics of patients belonging to different clusters are depic-
ted in Table 2.

We then decided to compare the characteristics of the hypoxic cluster
against the group of all other clusters (Table 3). Hypoxia cluster showed
a higher risk of malignant transformation (p < 0.0001) and a greater risk
of OPMD recurrence (p 0.021).

The association between our molecular stratificatiand the various
oral potentially malignant disorders, including leukoplakia, eryth-
roplakia, and others, was systematically investigated. A focused analysis
on leukoplakia, the most prevalent entity in our cohort, confirmed a
statistically significant difference in clinical outcomes. Specifically, the
CI3 molecular subtype exhibited a median time to malignant trans-
formation of 30.1 months, whereas this endpoint was not reached for the
remaining clusters. This corresponded to a hazard ratio (HR) of 7.01 (95
% CI: 1.25-39.3), p = 0.011 (Supplementary Fig. 1).

Univariable Cox proportional hazards models, incorporating a binary
stratification (CI3 vs. other clusters) and OPMD clinical entities (leu-
koplakia vs. erythroplakia and others), demonstrated that the CI3 sub-
type is significantly associated with increased risk of malignant
transformation. Furthermore, multivariable Cox models confirmed that
CI3 represents an independent prognostic factor (Supplementary
Table 1).

To enable predictive classification of the Cl3 subtype within our
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Fig. 1. Six molecular subtypes. The six molecular HNSCC subtype classifications were applied to the OPMDs. including 66 patients. The six clusters evidenced
differences in terms of probability of time to transformation (p = 2.69E-07, log-rank test). The 5-year proportion of patients not experiencing malignant trans-
formation is 0.8 for Cl2-Mesenchymal, 0.2 for C13-Hypoxia, 0.923 for Cl4-Defense Response, 0.667 for Cl5-Classical, and 1 for Cl6-Imunereactive. Cl2- Mesenchymal,
red; Cl4-Defense Response, blue; Cl3-Hypoxia, orange; Cl5-Classical, yellow; Cl6,-Imunereactive light blue. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)

Table 2
Molecular subtype stratification.
Patients number Characteristics Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
(66) (5 pts) (10 pts) (18 pts) (6 pts) (27 pts)
Gender Female 3(60) 6 (60) 9 (50) 4 (67) 9(33)
Male 2 (40) 4 (40) 9 (50) 2(33) 18 (67)
Age at diagnosis Median 47 69.5 62.5 70.5 63
(range 36-70) (range 64-94) (range 32-88) (range 60-78) (range 32-80)
Smoking history Current smoker 0 1 (10) 6 (32) 0 7 (26)
Former smoker 0 1(0) 0 1Q7) 2(7)
Never smoker 1 (20) 1(10) 2(12) 2(33) 4 (15)
Not available 4 (80) 7 (70) 10 (56) 3(50) 14 (52)
History of OCC Yes 1 (20) 4 (40) 1 (6) 1(17) 4 (15)
No 4 (80) 6 (60) 17 (94) 5(83) 23 (85)
Grade of dysplasia SIN1 3 (60) 1(10) 7 (28) 1Q7) 16 (59)
SIN2 0 5 (50) 9 (50) 3 (50) 6 (22)
SIN3 1(20) 3(30) 1(6) 1(17) 2(7)
CIS 1(20) 1(10) 1(6) 1Q7) 3(12)
OPMD recurrence Yes 2 (40) 7 (70) 4(22) 4(67) 5(19)
No 3 (60) 3 (30) 14 (78) 2(33) 22 (81)
Malignant transformation Yes 2 (40) 7 (70) 1(6) 4(67) 14)
No 3(60) 3(30) 17 (94) 2(33) 26 (96)
Median follow-up Median months 54 44 57 94.5 43

(range 39-173)

(range 15-125)

(range 22-121) (range 18-234) (range 14-119)

OPMD cohort, a gene expression-based classifier was developed. Using
LOOCV with a Diagonal Linear Discriminant Analysis (DLDA) approach,
a 110-gene signature was identified. The classification rule is defined by
a weighted score, calculated as the sum of the products of gene
expression levels (xi) and their corresponding weights (wi), according to
the formula: } i(wi x xi). Higher scores indicate a greater probability of
classification as Cl3. The full list of genes and their associated co-
efficients is provided in Supplementary Table 2.

This DLDA-based classifier was applied to the external and inde-
pendent dataset GSE26549 for validation. The CI3 classification was
again associated with significantly poorer outcomes, with a median time

to transformation of 27.24 months, compared to an unreached median
for the other clusters. The corresponding hazard ratio was 3.15 (95 % CI:
1.53-6.49), p = 0.0011 (Supplementary Fig. 2).

Two signatures identified from genes related to the inflammatory
response, which enable risk stratification for predicting clinical out-
comes in HNSCC, were tested in OPMD (Fig. 2). Following the methods
from the original studies, a high score was associated with increased
risk. Patients predicted to belong to the C13-Hypoxia cluster, as well as
other clusters, were assessed for their signature scores. Cl3-Hypoxia
cases exhibited significantly higher scores for the Jing et al. signature
(p = 0.023, Fig. 2A), with an AUC of 0.729, 95 % CI (0.5529-0.9043)
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Table 3
ClI3-Hypoxia cluster versus different clusters.

Characteristics Cluster 3 Cluster 2—4- p
(10 5-6
patients) (56 patients)
Gender Female 6 (60) 25 (45) 0.548
Male 4 (40) 32 (55)
Smoking history Current 1(10) 13 (23) 0.677
smoker 1(10) 3(5)
Former smoker 1(10) 9 (16)
Never smoker 7 (70) 31(66)
Not available
History of OCC Yes 4 (40) 12 (21) 0.309
No 6 (60) 49 (79)
Grade of dysplasia SIN1 1(10) 27 (48) 0.078
SIN2 5 (50) 18 (32)
SIN3 3(30) 5(09)
CIS 100 6 (11)
OPMD recurrence Yes 7 (70) 15 (27) 0.021
No 3(30) 41 (73)
Malignant Yes 7 (70) 8 (14) > 0.001
transformation No 3 (30) 48 (86)

(Fig. 2B). Similarly, Cl3-Hypoxia cases showed a significant association
with the Han et al. signature (p = 0.033, Fig. 2C), achieving an AUC of
0.714, 95 % CI (0.5516-0.877) (Fig. 2D).

Microbial Dynamics in hypoxic gene expression profiles

In exploring the dynamic relationship between the microbiome and
the host’s gene expression profile, we extracted bacterial reads and
conducted alignment against the NCBI bacterial database. The resultant
taxonomic alignment yielded a matrix of bacterial read counts (Mini-
mum = 2,295, 1st Quartile = 27,684, Median = 49,281, 3rd Quartile =
91,928, Maximum = 233,995). Subsequent analysis involved comparing
the microbial profiles between samples with Cl3-Hypoxia (10 samples)
and those belonging to different clusters (56 samples) such as Cl11-HPV,
Cl2-Mesenchymal, Cl4-Defense Response, Cl5-Classical, and Cl6-
Immunoreactive (Fig. 3). The relative abundance of genera with an
abundance > 0.3 % is depicted in (Fig. 3A), indicating a consistent
microbial composition between Cl3-Hypoxia and those with the others.
Noteworthy findings include Fusobacterium (11.30 %) and Leptotrichia
(10.68 %) as the dominant oral bacterial genera in patients predicted as
ClI3-Hypoxia, alongside Enterobacter (9.11 %) and Klebsiella (6.28 %).
Conversely, in patients belonging to the other clusters, Halomonas (9.07
%) and Leptotrichia (8.6 %) emerged as the predominant genera. The
oral microbiome diversity of the 10 Cl3-Hypoxia patients showed a
lower diversity than the other clusters (Fig. 3B). Alpha-diversity, as
measured by Observed features, exhibited no significant difference be-
tween Cl3-Hypoxia and other clusters (p > 0.05). However, the Shannon
and inverse Simpson indexes indicated lower abundance and diversity in
ClI3-Hypoxia patients compared to the other group (p = 0.013) and (p =
0.02), respectively. Taxonomy-based principal coordinate analysis
(PCoA) revealed no significant differences in beta-diversity among the
various clusters (p > 0.05). (Fig. 3C). The DESeq2 analysis of the
microbiome revealed significant differential abundance in hypoxia
conditions for 11 bacterial species (Fig. 3D). Remarkably, species within
the Fusobacterium and Pasteurella genera, such as Fusobacterium nuclea-
tum and Pasteurella multocida, exhibited consistent upregulation, with
log2 fold changes ranging from 2.47 to 3.32 and a —log10(adj.p-value)
> 2. Suggesting a substantial impact of hypoxia on the composition of
the microbial community.

Metaproteomic analysis reveals differential microbial activity in hypoxic
patients

The bacterial reads identified as microbial were subsequently sub-
jected to translated alignment to investigate functional disparities in the
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microbiome among patients categorized based on their gene expression
profiles as either “hypoxic” or “other” (Fig. 4). As expected, the ratios
between microbial reads and aligned proteins exhibited inconsistency,
suggesting that numerous translated reads corresponded to proteins
absent from the Swiss-Prot database (Fig. 4A). In total, 2003 proteins
were identified with comprehensive functional and taxonomic annota-
tions. Then we conducted a comparative analysis of protein profiles
across our samples to detect any significant distinctions in our dataset
(Fig. 4B). Overall, the protein profiles displayed a degree of uniformity,
with no noteworthy differences in proteomic correlation, except for a
subset of samples belonging to the hypoxic group, as depicted in the
dendrogram (Fig. 4B). The LinDA algorithm was utilized to pinpoint
differentially abundant bacterial proteins in the hypoxic group (Fig. 4C).
This analysis highlighted Q8RIH3 as a significant protein with an
adjusted p-value < 0.05 and a Log2FoldChange > 1. Further investiga-
tion into the function of Q8RIH3 revealed its derivation from the rpsE
gene within Fusobacterium nucleatum’s genome, where, in conjunction
with other genes, it plays an important role in translational accuracy, as
demonstrated in the network (Fig. 4D). Taken together, these results
demonstrate that within the hypoxic group, Fusobacterium nucleatum
was present and active, as evidenced by the upregulation of the rpsE
gene involved in protein transcription, highlighting the potential sig-
nificance of this microbial activity in hypoxic conditions.

Discussion and conclusions

Defining the subgroup of OPMDs patients’ carrying a higher risk of
malignant transformation represent one of the main unmet clinical
needs in the management OPMDs.

So far, different clinical factors have been proposed as predictors of
cancer development, however their role is not well established and only
few of them has been recognized as reliable, including history of pre-
vious HN cancer, female gender and smoking [7].

Indeed, a huge effort has been made to move to a mechanistic bio-
molecular signature capable of predict the risk of malignant
transformation.

Among the existing biomolecular signature, loss of heterozygosity at
specific loci codifying for tumor suppressors genes has proved to carry a
higher risk of malignant transformation. However, in the EPOC trial the
molecular selection of OPMD patients’ candidates to erlotinib through
LOH failed in improving oral cancer-free survival [30].

Foy and colleagues [31] moved a step forward by identifying two
distinct gene expression subtypes of OPMDs, namely immunological and
classical, that were validated in three independent datasets. The
immunological subtype was characterized by enrichment of immune
pathways, especially lymphocyte-related ones, including PD-1 signaling
and CTLA-4 pathway. On the other hand, the classical subtype showed
enrichment of pathways involved in xenobiotic metabolism as well as
EGFR signaling.

Also, through an in-depth immunological profiling, Hanna and col-
leagues [32] demonstrated an abundance in CD8+ T cells and T reg,
together with PD-L1 overexpression, in high-risk proliferative leuko-
plakia when compared with the more common localized leukoplakia.

To our knowledge, no other biomolecular signatures have been
proposed in the context of OPMDs, and the role of salivary biomarkers in
this regard remains to be clarified.

Six distinct subtypes within HNSCC were identified by our team
using bioinformatics topological decomposition methods [18]. The
process involved transforming the gene expression data from tumor
tissues into a composite of two components: a normal-like component
reflecting healthy tissue characteristics, and a disease-like component
measuring deviations from this normal state. To achieve this, we utilized
the Disease-Specific Genomic Analysis (DSGA) tool [33], which employs
a data structure decomposition approach to highlight the pathological
component within gene expression data. This method simplifies the
expression data by separating it into disease-like and normal-like
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Fig. 2. Inflammation signatures. (A) Box plot of scores for Jing et al signature divided in C13-Hypoxia (red, n = 10) and other clusters (blue, n = 56); (B) ROC and
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components for each gene, thereby constructing a model of the healthy
state based on expression data from normal tissues.

By decomposing each tumor tissue into these two compo-
nents—normal and disease—we assessed the extent to which tumors
deviate from the normal state. This disease component was instrumental
in identifying our six molecular subtypes of HNSCC. Notably, Cl6-
Immunoreactive and Cl4-Defense Response subtypes exhibited fea-
tures more akin to the normal state compared to the Cl3-Hypoxia
subtype.

Given the unique nature of our approach in quantifying the distance
from the normal state, we further investigated the applicability of our
HNSCC subtype classification to OPMD datasets. We already conducted
a detailed analysis of molecular pathways using a publicly available
dataset of oral potentially malignant lesions profiled by gene expression
profiles. Our objective was to determine whether and to what extent the

molecular profiles typical of HNSCC are also present in premalignant
lesions. The majority of cases were stratified as Cl6-Imunereactive and
Cl4-Defense Response (60.4 %) and Cl3-Hypoxia represented the one
with the worst prognosis, with a 5-year oral cancer-free survival of 30.7
% [12]. These findings were corroborated in our independent cohort,
where a predominant classification was observed predominantly in Cl6-
Immunoreactive and Cl4-Defense Response subtypes (68 %). Specif-
ically, the Cl6-Immunoreactive subtype exhibited heightened activation
of immune-related pathways, such as IFN-I, and our recent studies have
indicated that patients categorized within this molecular subgroup
derive therapeutic benefits from immunotherapy [34]. Additionally, the
Cl6-Immunoreactive cluster demonstrated a positive correlation with
favorable prognosis. Conversely, the Cl3-Hypoxia subtype was associ-
ated with the poorest outcomes. This subtype holds clinical relevance,
especially in the context of HNSCC patients treated with EGFR inhibitors
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with emphasis on features taxonomically classified at the species level.

[35-37]. Although the prognostic role of the hypoxia cluster seems
uncontroversial even in the OPMDs setting, the reasons behind this ev-
idence remain to be explained. Intratumoral hypoxia is commonly
observed in locally advanced cases of HNSCC and is known to contribute
to resistance against both radiation therapy and chemotherapy, thereby
worsening patient [38]. Hypoxia and inflammation are closely inter-
connected, with hypoxic conditions not only affecting tumor cells but
also influencing the surrounding microenvironment, including cells
involved in inflammatory responses. In our study, we tested two gene
signatures associated with inflammation, originally developed for
HNSCC, and confirmed their relevance in OPMD. Our findings under-
score the critical biological interplay between hypoxia and inflamma-
tion in driving malignant transformation.

In a review illustrating the role of hypoxia in oral carcinogenesis,
Kujan and colleagues [39] showed how dysregulation of hypoxia pro-
teins is an early event in oral carcinogenesis by guiding the progressive
worsening in grade of dysplasia. Moreover, the expression of Glucose
Transporter 1 (GLUT1), which is upregulated in response to hypoxia-
inducible factor (HIF) alpha [40], was significantly increased in
dysplastic tissues and correlated well with the proliferation marker. In
addition, in another study, Carbonic anhydrase 9 (CAIX) expression, as
an endpoint of hypoxia-aerobic glycolysis-acidosis sequence, proved to
be an independent risk factor of OCC malignant transformation [41].

In support of the prognostic significance of the hypoxic cluster, our
stratification model demonstrated that the CI3 subtype is independently
associated with a significantly higher risk of malignant transformation.
Notably, the classifier developed using a 110-gene signature reliably
identified Cl3 lesions across an independent dataset, further confirming
its clinical relevance. These findings strengthen the case for integrating
molecular profiling into risk assessment models for OPMDs and pave the
way for the development of a clinical grade assay.

In the complex framework of understanding the role of hypoxia in
the malignant transformation of OPMDs, this study introduces an
additional pivotal factor: the oral microbiome. The intratumoral
microbiota can influence cancer progression through multiple mecha-
nisms, such as inducing genetic mutations in the host, reshaping the
immune environment, and modulating cancer metabolism along with
oncogenic pathways [42]. Indeed, our series of OPMDs samples
belonging to the hypoxia cluster showed a significant abundance of
Fusobacterium bacterial genera, namely Fusobacterium Nucleatum, sug-
gesting a substantial impact of hypoxia on the composition of the mi-
crobial community. After evaluating microbial composition, we also
analyzed the activity of the bacteria through a protein transcription
analysis. Fusobacterium nucleatum was present and active, as evidenced
by the upregulation of the rpsE gene involved in protein transcription.

Khan and colleagues [43] performed a whole transcriptome of 66
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cases comprising premalignant lesions, healthy controls and oral cavity
cancers (OCC). Their data showed that premalignant lesions were
associated with enriched epithelial-mesenchymal transition (EMT) and
immune response gene signatures. Interestingly, they did not limit their
analysis to the transcriptome, but they also evaluated the relative mi-
crobial abundance in the same case series. Among the microbial genera
significantly more abundant in oral cavity cancer and premalignant le-
sions were included Fusobacterium, Shewanella, and the fungus
Candida, all recognized to be associated with OCC. Also, through their
analysis they suggested a potential role of the oral microbiome in
selecting molecular pathways involved in carcinogenesis.

Once again, defining whether the chicken or the egg was hatched
first is complex. As a matter of fact, we cannot determine with any de-
gree of certainty whether the hypoxic environment selects a microbiota
favoring neoplastic transformation or whether the different composition
of the microbiota affects gene expression by disfavoring OPMD patients’
prognosis.

Probably the answer does not lie in a single mechanism, but rather is
a combination of multiple co-presenting factors. Therefore, further
functional studies are needed to define the causative role of microbiome
on microenvironment differentiation towards pathways more prone to
transform into cancer. In this regard, our observation that hypoxic
cluster is linked to Fusobacterium could be a mechanistic explanation
about the interlink of these two major actors in malignant trans-
formation. The exact chain of events that links an altered microbiome
with transcriptome-characterized OPMD should be studied in larger
series, to better depict the carcinogenesis cascade.
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