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Novelty & Impact Statements

The aim of this study was to characterise blood biomarkers able to identify
asbestos-exposed individuals before MPM symptoms. DNAmM changes as non-
invasive biomarkers in pre-diagnostic blood samples of MPM cases were
investigated for the first time. We identified a signature of nine DNAmM
biomarkers which can improve the identification of asbestos-exposed
individuals at higher MPM risk in order to adopt more intensive monitoring for

early disease identification and treatment.



Abstract

Malignant pleural mesothelioma (MPM) is a rare and aggressive cancer mainly
caused by asbestos exposure. Specific and sensitive non-invasive biomarkers
may facilitate and enhance screening programs for the early detection of
cancer.

We investigated DNA methylation (DNAm) profiles in MPM pre-diagnostic blood
samples in a case-control study nested in the European Prospective
Investigation into Cancer and nutrition (EPIC) cohort, aiming to characterise
DNAm biomarkers associated with MPM. From the EPIC cohort, we included
samples from 135 participants who developed MPM during 20 years of follow
up and from 135 matched, cancer-free, controls. For the discovery phase we
selected EPIC participants who developed MPM within five years from
enrolment (n=36) with matched controls.

We identified nine differentially methylated CpGs, selected by 10-fold cross-
validation and correlation analyses: ¢cg25755428 (MRI1), cg20389709 (KLF11),
cg23870316, ¢g13862711 (LHX6), ¢g06417478 (HOOKZ2), cg00667948,
cg01879420 (AMD1), cg25317025 (RPL17) and cg06205333 (RAP1A). Receiver
operating characteristic (ROC) analysis showed that the model including
baseline characteristics (age, sex, PClwbc) along with the nine MPM-related
CpGs has a better predictive value for MPM occurrence than the baseline model
alone, maintaining some performance also at more than five years before
diagnosis [AUC (area under the curve) < 5 years=0.89; AUC 5-10 years=0.80;

AUC >10 years=0.75; baseline AUC range=0.63-0.67)].



DNAm changes as non-invasive biomarkers in pre-diagnostic blood samples of
MPM cases were investigated for the first time. Their application can improve
the identification of asbestos-exposed individuals at higher MPM risk in order to

possibly adopt more intensive monitoring for early disease identification.



Introduction

Malignant mesothelioma (MM) is an aggressive cancer of the serous
membranes with an increasing incidence worldwide. MM shows a latency period
for up to 40 years and its prognosis is poor, with a median survival of about 12

1, At the time of clinical diagnosis, disease is usually

months from diagnosis
unresectable and chemotherapy only vaguely improves prognosis, compared to
best supportive care. Currently, the diagnosis of malignant pleural
mesothelioma (MPM) is particularly challenging, with no established tissue or
soluble biomarkers in clinical practice. The diagnosis of mesothelioma at early
stages might be a promising opportunity to improve prognosis over time.
Today, most of the MPM studies are focused on biomarkers research, including
genetic and epigenetic ones 7.

Exposure to asbestos fibres is a major risk factor for MPM, lung cancer, and
other non-neoplastic conditions, such as asbestosis and pleural plaques *.
However, several studies have shown that polymorphisms in genes involved in
xenobiotic and oxidative metabolism or in DNA repair processes may modify
individual susceptibility to disease after exposure to asbestos °. The risk of
developing MPM is slightly increased among people exposed to asbestos with a
positive history of familial cancers °.

Several blood-based potential MPM biomarkers have been reported recently in
retrospective studies, including peripheral blood DNA methylation (DNAmM)
7.

variation and microRNAs (miRNAs) the finding of asbestos fibres in

extrapulmonary tissues, translocated through lymphatic and blood flows and



causing continuous exposure of blood cells to asbestos, supports the search for
epigenetic changes in blood cell DNA 8.

Epigenetic mechanisms may modulate gene expression without altering the
DNA sequence itself. DNAmM is a crucial type of epigenetic modification of DNA,
by which a methyl group covalently bonds to the C5 position of cytosine in 5'-
C-phosphate-G-3’ (CpG) dinucleotides; ultimately DNAm regulates gene
transcription activity and may modulate key biological functions °.

Systematic studies of genome-wide DNAm profiles at single CpG level
associated with MPM in prospective cohorts are lacking. Most studies so far

10 that may limit

used biological samples collected at or after diagnosis
application for early disease detection of the identified biomarkers due to
reverse causality.

We previously identified DNAm biomarkers in blood taken at MPM diagnosis
able to discriminate between MPM and non-MPM asbestos-exposed individuals,
assuming that DNAm profile of blood cells may contribute to identify early
changes associated with MPM development !!. More recently, we identified one
single-CpG signal in FKBP5 gene associated with asbestos-exposure as a
biomarker of MPM and MPM survival %13,

In the current study we investigated, for the first time, the relationship
between DNA methylation profiles in pre-diagnostic blood samples and MPM, in
a case-control study nested in the prospective EPIC (European Prospective
Investigation into Cancer and nutrition) cohort **.

Our aim was to identify predictive biomarkers of MPM development in

asbestos-exposed individuals by DNAmM analysis in blood samples.



Materials and Methods

Study design and population

EPIC is a multi-centre cohort study, conducted in 23 centres across 10
European countries, aiming at investigating the aetiological role of biological,
lifestyle, and environmental factors in cancer and other chronic diseases.
Overall, 521,468 healthy participants were enrolled in EPIC, and followed up
on an ongoing basis !*. In the frame of EPIC cohort, 135 participants
developed MPM (EPIC-Meso) after a mean follow-up of 8.3 years (range 0.5-
18.8 years). The disease was classified by ICD-10 diagnosis codes (ICD,
International Statistical Classification of Diseases, Injuries and Causes of
Death) as C38.4 (malignant neoplasm of pleura) in all participants. Cancer
endpoint data is based on the latest round of follow-up received from the EPIC
centers and centralized at IARC between 2014 and 2016.

Pre-diagnostic DNAm profiles of their blood samples, taken at enrolment, were
compared to those of matched controls with no oncological diagnosis.

As one case did not pass the data quality control, the final dataset included
134 cases and 134 matched controls (dataset "MESO_ALL"”, Table I). Controls
were 1:1 matched to the cases by sex, age at enrolment (£1.5 years), study
centre, and asbestos-exposure (see “Asbestos-exposure assessment” section).
Cases were divided into 3 subgroups (Table I, MESO_ALL Cases) based on the
time between blood sample collection and MPM diagnosis: Group 1, n=36
participants who developed MPM within five years; Group 2, n=40 participants

who developed MPM from five to 10 years from the recruitment; and Group 3,



n=58 participants who were diagnosed with MPM more than 10 years after
recruitment. Group 1 cases and matched controls (MESO_5YRS) were further
analysed to identify differential methylation, and its trend with respect to the

time before MPM diagnosis (Table I, MESO_5YRS Cases).

Asbestos-exposure assessment

Occupational information was available from the baseline EPIC questionnaire.
It included the occupation at enrolment and data on ever working up to the
time of enrolment in 52 at-risk occupations. No information was available on
duration of employment and time of first employment. A semi-quantitative job-
exposure matrix (JEM) was developed by expert epidemiologists as previously
described '°, assigning an “exposure probability” and an “exposure intensity”
score to each of the 52 EPIC occupational categories. Both scores were
expressed over a numerical scale with four levels: 0 “no exposure”, 1 "low”, 2
“intermediate”, 3 “high” and multiplied to generate an Exposure Index (EI).
Various exposure metrics have been derived from the EI, as reported in
Supplementary Table S1. For the present study, we used a categorical variable
with 3 levels defined as “no exposure” (EI=0), “low exposure” (EI= from 1 to

3), and “high exposure” (EI> 4).

DNA methylation
DNAm levels were measured in DNA from buffy coat collected at enrolment,
using the Infinium Methylation EPIC Bead Chip (>850,000 methylation sites,

Illumina, San Diego, California). Laboratory methods for DNA extraction,



BeadChip processing, methylation levels measurement, and data quality

controls were previously described 1.

DNA methylation bioinformatics analyses

The average methylation value at each CpG locus, i.e. average “beta (B) value”
ranging from 0 to 1, was computed as the ratio of the intensity of the
methylated signal over the total signal (unmethylated + methylated).

Data were processed using ChAMP Bioconductor package (v2.22) filtering out
the BeadChip probes with a detection P value>0.01 and with <3 beads in at
least 5% of samples per probe; non-CpG sites SNP-related and CpGs located in
chromosome X and Y were excluded. The remaining signals were quality
controlled, normalized and batch effect corrected using ComBat algorithm.
After quality controls 725,050 CpGs were used in the following analyses.

DNA methylation regional differences were calculated by ChAMP approach

(champ DMR function).

White blood cells estimate

In order to evaluate differences in white blood cells (WBCs) proportion
between cases and controls, we estimated WBC subtype percentages from
genome-wide methylation data'®. For each individual, we extracted WBC
subtype percentages, estimated based on genome wide methylation data. We
estimated the frequencies of B cells, CD8+ and CD4+ T cells, natural killer
cells, granulocytes and monocytes using methylation profiles, both in
MESO_ALL and MESO_5YRS datasets. WBCs differences between cases and

controls were tested with wilcox.test R function.



Statistical analyses

All statistical analyses were conducted using the open source software Rv4.1.0.
Epigenome-wide differential methylation on MESO_ALL dataset (134 cases and
134 controls, Table I) was tested by a multiple regression model (R function
glm).

Cross-validation analysis was conducted on the subset of the original group
consisting of the 36 participants who developed MPM within 5 years from the
blood sample collection and 36 matched controls (dataset "MESO_5YRS"), in
order to improve the estimate of the mean model performance. Cross
validation was carried out mixing and splitting the dataset randomly,
summarizing the goodness of the model using the sample of model evaluation
scores. Each run consisted of an Epigenome Wide Association Study (EWAS)
analysis done on 80% of the samples (n=58), with the option of maintaining
comparable proportions of matched cases and controls in the two groups; we
conducted a total of ten cycles. As at False Discovery Rate (FDR)-level we did
not obtain any statistically significant differentially methylated signal between
cases and controls (possibly due to the small sample size population), we
focused on those signals that showed an |effect size| > 10% and a nominal p
<0.05 in at least 8 out of 10 runs.

All the analyses, including trend test, were adjusted for age at blood collection,
sex and WBC'’s first principal component (PCilwbc; R prcomp function), which
takes into account 66% of the variance. WBC subtypes were estimated as

previously described 7.



A Pearson correlation test was performed to evaluate the association between
two CpG sites, in order to select only one of the two correlated signals
(selecting correlating values of |rho| > 0.7, p<0.05). For each correlated
couple, we selected the CpG signal with the higher effect size.

Multiple regression models were done with glm R function, correlations with

cor.test R function, ROC analyses with ROCR and pROC libraries.

Results
A flow diagram of participants and relative analyses performed in the present

study is represented in Supplementary Figure S1.

Differential methylation analysis

The baseline characteristics of the study participants are shown in Table I.
Leukocyte DNAmM was used to quantify different leukocyte sub proportions
applying an implemented deconvolution pipeline for high-resolution immune
profiling !®. In MESO_ALL cases we observed a slight difference in neutrophils,
that were higher than controls (Wilcoxon test p=0.04, Supplementary Table
S2) and a weak decrease of CD4+ memory cells (Wilcoxon test p=0.02,
Supplementary Table S2). In MESO_5YRS we did not observe WBC differences
between cases and controls (Supplementary Table S3). However, although we
expected a larger deviation of WBCs close to diagnosis, in both participant
groups we did non observe any trend of WBCs numbers with the time to
diagnosis (data not shown).

We first focused the DNAmM analysis on 36 participants who developed MPM

within five years from recruitment, versus 36 controls matched by sex, age,



study centre and asbestos-exposure level (MESO_5YRS), under the hypothesis
that the most significant changes in blood should happen closer to MPM
diagnosis, due to the already ongoing carcinogenic process.

In the cross-validation analysis we identified 22 differentially methylated CpGs
with nominal p<0.05 and |effect size] > 10% (Table II). Unsupervised
hierarchical clustering heatmap of DNA methylation of the 22 CpGs is shown in
Supplementary Figure S2.

We observed a very high correlation between DNA methylation levels of CpGs
located in the same gene (Supplementary Table S4), allowing us to select only
one CpG for each gene, with a final list of nine significant CpGs (highlighted in
bold in Table II).

Regional differences in MESO_5YRS cases and controls were analysed with no
statistically significant results (Supplementary Table S5). Looking at DMRs with
a mean of the estimate > | 0.5 | , we confirmed DMRs in genes already
identified in Table II: LHX6 (16 CpGs), HOOK2 (4 CpGs), RAP1A (3 CpGs).

The association between methylation of 22 CpGs listed in Table II and
asbestos-exposure was evaluated both in cases and in controls. To do this, we
performed a Trend test, adjusted for age, sex and PClwbc in MESO_5YRS
individuals (26 cases and 26 controls with exposure assessment). However, we
did not observe any statistically significant results (Supplementary Table S6).
EWAS analysis performed on the whole population of 268 participants
(MESO_ALL) showed three signals with nominal p<0.05 and |effect size| >
10%: ¢cg04131969 (MYADML gene, effect size=0.11, p=0.004) was

hypermethylated in cases compared with controls, while cg17939448 (FAM47E



gene, effect size=-0.10, p=0.001) and cg01201512 (NINJ2 gene, effect size=-

0.10, p=0.006) were hypomethylated.

Receiver operating characteristic (ROC) curves of DNA methylation
signals

In order to evaluate improvement in discrimination between cases and controls
when including single CpG methylation levels in the analysis (nine CpGs
obtained by cross-validation analysis and selected after correlation analysis),
we compared two ROC analyses: model 0 includes age, sex, PClwbc and
model 1 includes age, sex, PClwbc and single CpG methylation levels.

ROC analyses (one for each of the 9 CpGs identified in MESO_5YRS) were
performed on a larger population of 107 participants, including the 71 tumour-
free asbestos-exposed (asbestos-exposure = 1 or 2) participants from
MESO_ALL and 36 participants who developed MPM within five years from
recruitment from MESO_S5YRS (Table III). One DNAm signal was statistically
significant: cg23870316 (AUC model 0= 0.66; AUC model 1= 0.75; De-Long’s
p=0.02). However, DNA methylation level of cg23870316 is not able to
discriminate cases from controls in participants recruited more than five years
before MPM diagnosis (Supplementary Table S7).

In order to investigate a potential extension of results to longer time windows,
we also carried out ROC analysis with all the nine identified CpGs, to
discriminate asbestos-exposed controls with no diagnosis of MPM during follow
up (n=71, asbestos-exposure = 1 or 2) from participants who developed MPM

within five years after enrolment (n=36, Fig. 1a), within 5-10 years (n=40,



Fig. 1b), and over 10 years (n=58, Fig. 1c). We performed ROC analysis
including model 0: age, sex, PClwbc; and model 1: age, sex, PCilwbc, 9 CpGs
methylation levels. De-Long’s test showed a statistically significant
discrimination between the two groups in model 1 compared to model 0 in all
the subgroups: within 5 years from MPM (AUC model 0=0.66, AUC model
1=0.89, De-Long’s p=6.4x107), from 5 to 10 years (AUC model 0=0.67, AUC
model 1=0.80, De-Long’s p=0.018), and > 10 years (AUC model 0=0.63, AUC
model 1=0.75, De-Long’s p=0.018), showing a good performance also when
the participants were recruited > 10 years before MPM diagnosis.

ROC analysis with the nine CpG was also performed excluding the 20 asbestos-
exposed controls belonging to the MESO_5YRS dataset and already used in
discovery. Thus, ROC curves were performed including model 0: age, sex,
PCilwbc; and model 1: age, sex, PClwbc, nine CpGs methylation levels on 51
asbestos-exposed controls and 36 MESO_5YRS cases, obtaining similar results
(AUC model 0= 0.70; AUC model 1= 0.87; De-Long’s p= 0.004). Moreover, to
exclude asbestos-exposure effect in case-control discrimination, we performed
also the same ROC analysis with model 0 (age, sex, PClwbc, asbestos-
exposure) and model 1 (age, sex, PClwbc, asbestos-exposure, nine CpGs
methylation levels), confirming previous results (AUC model 0= 0.73; AUC

model 1= 0.86; De-Long’s p= 0.02).

Biomarkers trend with time to diagnosis
We performed a trend test to evaluate the changes of the 9 differentially
methylated CpGs in association with the time to diagnosis. MESO_5YRS MPM

cases were divided into participants who developed MPM within 1.5 years from



sample collection (n=9), participants who developed MPM after 1.5 and before
3 years (n=13) and participants who developed MPM after 3 and before 5
years (n=14) (MESO_5YRS cases, Tab. I) and the trend test was performed
comparing these three groups. We did not observe any statistically significant
trend (Supplementary Table S8). On the other hand, three of these signals
showed a statistically significant linear trend in MESO_ALL cases divided by
time from recruitment to diagnosis as described in Tab. I (Fig. 2): cg01879420
in AMD1 gene (p=0.006), cg25755428 in MRI1 gene (p=0.021) and
cg23870316 (p=0.001). Nevertheless, EPIC participants who were diagnosed
with MPM a longer time from enrolment showed DNAm levels very similar to

control participants, as expected (Fig. 2).

DNAm diagnostic biomarkers changes in pre-diagnostic samples
We aimed to assess whether previously reported DNAmM biomarkers in MPM

patients at diagnosis !/!3

are also informative in DNA blood samples taken up
to five years before MPM diagnosis. To do this, we performed a multiple
regression model on MESO_5YRS dataset of DNAmM biomarkers previously
identified as differentially methylated in a case/control study (Supplementary
Table S9). Cg01521397 in TAF4 gene body was statistically significantly
hypomethylated in EPIC-Meso who developed MPM within five years from
recruitment compared to matched controls (p=0.01). However, any of these

CpGs showed statistically significant differences in individuals closer to MPM

diagnosis (data not shown) compared to the other participants.



Discussion

In the present study we identified nine DNAmM biomarkers in blood pre-clinical
samples from MPM patients. The panel of the nine signals was able to
discriminate cases from controls with the highest performance within five years
before diagnosis, and maintaining some discriminating power up to ten years
before MPM symptoms. Generally, the diagnosis of cancer at early stages,
when clinical symptoms have not yet occurred, appears to be a promising
opportunity to improve therapeutic outcomes. Treatment at early stages
together with newly developed therapies could possibly lead to improvement in
overall survival of patients with MM 8, We focused the DNAm data analysis
mainly on individuals who were diagnosed with MPM within five years from the
blood sample collection, with the purpose to identify early changes of tumour-
related DNAm. A few previous studies measured blood biomarkers several
years before MPM diagnosis, but comparison with them is hard due to different
time from measurements to MPM diagnosis, most of them shorter than those
of EPIC '®'° Except for mesothelin '°, no other biomarkers have been
evaluated in a sufficiently large prospective cohort study with serial pre-
diagnostic samples of MM cases so far. Morre and colleagues, observed that
ENOX2 protein transcript variants characteristic of malignant mesothelioma
were present in serum 4-10 years in advance of clinical symptoms 2°,

Among the 22 differentially methylated signals, we identified five genes in
which more than one CpG were differentially methylated: LHX6, MRI1, HOOKZ,

AMD1 and KLF11.



In particular, LHX6 gene contained 10 hypermethylated CpGs (Supplementary
Fig. S3 shows a gene-based visualization of DM CpGs in LHX6 gene), two of
which were located in transcriptionally active gene regions (e.g., TSS200, 1%
exon). Methylation-mediated inactivation of LHX6 (LIM Homeobox domain 6)
has been shown in lung 2!, head and neck 22, cervical > and pancreatic **
tumours. The mechanism by which LHX6 acts as a tumour suppressor gene is
related to the interference with the Wnt/B-catenin pathway 2°, which is
severely involved also in MPM progression 2°. Moreover, LHX6 is a target gene
of miR-214, and upregulated LHX6 gene expression was observed to be related
to downregulation of miR-214 in non-small-cell lung cancer ?’. The role of miR-
214 has also been evaluated in mesothelioma, and previous studies in human
samples showed a down-regulation of miR-214 expression %,

Although it is already known that LHX6-cg13862711 hypermethylation in tissue
is associated with several types of cancer (e.g., in breast, kidney and upper
aerodigestive tract) (https://cancer.sanger.ac.uk/cosmic), the epigenetic
regulation of LHX6 in blood cells of pre-clinical samples needs further
investigation.

Two hypomethylated signals in cases compared to controls in the KLF11
5'UTR/TSS200 region were identified. Krippel-like factors (KLFs) form a highly
conserved family of zinc finger transcription factors, and play important roles
in the progression of human malignant tumours, such as breast cancer and
colon cancer 2°. Recently, high KLF11 expression was associated with poor

prognosis of glioma 3°.



In MRI1 gene we identified two hypermethylated signals located in the
promoter region (TSS1500) in cases compared to controls. MRI1 codes for an
enzyme (methylthioribose-1-phosphate isomerase) that catalyses the
interconversion of methylthioribose-1-phosphate (MTR-1-P) into
methylthioribulose-1-phosphate (MTRu-1-P). In addition to the catalytic
activity, MRI1 promotes cell invasion and signal transmission in response to
RhoA activation in cancer cells, and for this reason is also called “Mediator of
RhoA-dependent Invasion” (MRDI) 3!. Elevated expression of the encoded
protein is associated with metastatic melanoma and this protein promotes
melanoma cell invasion independently of its enzymatic activity 3!.

In the gene body of HOOKZ2 (Hook Microtubule Tethering Protein 2) we
identified two hypomethylated CpGs. Several studies focused on differentially
methylated regions in HOOK2, showing its implication in several pathological
conditions, as in diabetes, obesity, polycystic ovary syndrome and
cardiometabolic diseases 3234, In particular, the deregulation of cg06417478

DNAmM was shown as associated with diabetes 34

, While DNAmM changes in
cg23899408 were identified in blood as a prediction marker in liver diseases >°.
Deregulation of both CpGs was associated with colon adenocarcinoma in
patients with metabolic syndrome °°.

Other deregulated CpGs were found in AMD1 (Adenosylmethionine
Decarboxylase 1) gene. This gene encodes S-adenosylmethionine
decarboxylase 1, an important intermediate enzyme in polyamine biosynthesis.
The polyamines spermine, spermidine, and putrescine are highly regulated in

37

cellular proliferation and tumour promotion °/. Multiple alternatively spliced



transcript variants have been identified, also in association with cancer survival
(e.g., non-small cell lung cancer) 8. Several studies have demonstrated that
AMD1 differential expression is implicated in cancer, such as chronic myeloid
leukaemia (CML) 3° and B-cell non-Hodgkin’s lymphoma “°.

Finally, two other genes contain significant differentially methylated CpG sites:
RPL17 (cg25317025) and RAP1A (cg06205333).

RPL17 encodes a ribosomal protein that is a component of the large 60S
subunit, called 60S ribosomal protein L17 *. A variety of extra-ribosomal
functions were recently recognized for ribosomal proteins, including the

regulation of immune signalling, tumorigenesis and cellular development “2.

RPL17 expression has been reported to be associated with breast ** and liver **
cancer.

RAP1A deregulated CpG is located in the promoter region (TSS1500). RAP1A
encodes a small GTPase member of the Ras family. Its encoded protein may be
involved in signalling pathways that affect cell proliferation, adhesion, and may
play a role in tumour malignancy %, Inactivation of RAP1 by
bisphosphonates treatment has been observed in several pathologies, including
MM: growth inhibition of MM cells by zoledronic acid has been shown both in
vitro and in vivo, and the described effect is related to RAP1 unprenylation
47,48.

Besides the seven genes described above, we also identified two deregulated

CpGs in non-coding regions (cg23870316 and cg00667948). In this regard, the

cg23870316 is the unique DNAm signal which was statistically significant in



discriminating prospective cases from controls. This CpG is located in the
8p23.2 DNA region with scanty information in the literature.

The nine differentially methylated CpGs together were not only able to
discriminate cases within five years from MPM diagnosis, but they also partly
maintained their discrimination power also for cases who were diagnosed with
MPM in a range of 5-10 years or more than 10 years from sample collection.
However, the significance (De-Long’s test) decreases moving away from the
time of diagnosis, showing that the pre-diagnostic potential of these
biomarkers is limited to time periods closer to diagnosis.

In summary, our results identified nine differentially methylated CpGs that
could be used as MPM biomarkers to identify early changes in pre-clinical
individuals (i.e., within five years before diagnosis). Interestingly, the
identified CpGs are located on genes already known for their potential role as
tumour biomarkers.

Regarding the estimate of WBC subpopulations, we applied a new reference-
based deconvolution analysis of peripheral blood DNA methylation data
developed by Salas et al., which include memory and naive cells from cytotoxic
and helper T cells and B cells and parse the granulocyte subtypes into
neutrophils, eosinophils, and basophils'®. Although we did not obtain
statistically significant results in MESO_5YRS dataset, we observed a
statistically significant difference between pre-clinical cases and controls in
CD4+ memory T cells and neutrophils in MESO_ALL dataset, indicating a
different immunological response in individuals who developed MPM compared

to controls. The reduction of estimated CD4+ memory lymphocytes in cases



suggests a weaker adaptive immune system and is compatible with the
possible occurrence of functional changes in cellular subpopulations in MPM,
while an increase of neutrophils could correlate with the recent interest for
their cancer-promoting effects: an elevated neutrophil-to-lymphocyte ratio is
considered a prognostic indicator for cancer patients, in particular in
mesothelioma, although its value is still debated *°. However, the WBCs
differences that we estimated did not change in relation to the time to
diagnosis, and are so minimal that it could need further insights.

1113. among them

We previously observed DNAm biomarkers in MPM patients
only ¢g01521397 in TAF4 gene is differentially hypomethylated in pre-clinical
samples (as well as in MPM patients), but with any significant changes closer to
MPM diagnosis. The meaning of this results is interesting in the context of
biomarkers reverse causality interpretation, discriminating biomarkers related
to the presence of MPM from those associated to prediagnostic biological
changes. However, if reverse causality accounted for our findings, we would
expect the ¢g01521397 DNAmM-MPM association to become stronger closer to
the time of diagnosis and this does not seem to be the case.

Furthermore, we are aware of the limitations of our study. First of all the lack
of a replication in an independent cohort. Small sample size related problems
are especially common in the study of pre-clinical samples of rare diseases. For
this reason, cross-validation represents a common and efficient solution when
the available data are limited. In addition, when validation with a separate

dataset is not feasible, cross-validation allows to use all the data for training

and to reuse it for validation. The procedure of splitting data at every run



offers an efficient quality forecast and we were also able to make predictions
on all our data. Moreover, each run is independent from the others, avoiding
overestimation of the generalization of the model by/through developing a new
one with each CV cycle. The cross-validation approach is widely used,
representing a very powerful tool: reduces bias, improves the use of the data,
avoiding the overfitting problem, especially with small datasets, produces
robust and unbiased performance estimates regardless of sample size °°.
However, this limitation needs to be considered interpreting results.

The use of whole blood samples to examine the DNAm levels, which may not
directly reflect the status of the target tissue, is another limit of the study.
However, the analysis of pre-clinical samples with the main goal to monitor
high MPM risk asbestos-exposed individuals should rely on a non-invasive
biosample such as blood.

The coverage at disease relevant genes by CpG sites included in the DNAmM
Infinium Methylation EPIC beadchip array used in the study could be another
limitation, as it investigates only 30% of the human methylome. In
comparison, whole-genome bisulfite sequencing is able to capture more than
28 million CpGs, but the feasibility remains low for the population-based EWAS
due to high cost and large genomic DNA input requirements to compensate for
degradation during DNA bisulfite treatment.

The large EPIC cohort is a unique and very valuable resource, as the
prospective nature of the study is more suitable to stratify high-risk individuals
on the basis of genetic and epigenetic profiles in combination with other

biomarkers and clinical risk factors. Moreover, since MPM diagnosis takes place



only in the late stage of the disease, prospective cohort studies may be optimal
for investigation of early MPM-related changes in the asymptomatic phase.

The identified DNAmM biomarkers could be associated with germline mutations
analysis in the follow-up of asbestos-exposed individuals with MPM genetic
predisposition. Based on published studies from our group and others,
germline mutations in several genes may increase MPM susceptibility even with
low levels of asbestos-exposure, and possibly predict the response to standard
treatments °1°2, Moreover, the detection of BRCA-mutated or BAP1-mutated
MPM in a very early phase of tumour development could address a
personalized therapy approach with PARP-inhibitors or immune checkpoint
inhibitors >,

This study identified potential blood DNAm changes in pre-clinical MPM
individuals. If further replicated in other studies, these signhals could represent

potential circulating biomarkers, promising for early MPM detection.
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Figure Legends

Fig. 1. ROC curves including model 0 (dotted line): age, sex, PClwbc; and
model 1 (solid line): age, sex, PClwbc, 9 CpGs methylation levels
(cg01879420, «¢cg06417478, <¢g20389709, cgl13862711, «¢g25755428,
cg06205333, ¢g25317025, ¢cg23870316, cg00667948) on the following
subgroups of MESO_ALL: (A) 107 participants, including 71 asbestos-exposed
controls and 36 participants developing MPM within five years from recruitment
(AUC model 0=0.656, AUC model 1=0.885, De-Long’s p=6.44x107); (B) 111
participants, including 71 asbestos-exposed controls and 40 participants who
developed MPM in 5-10 years from recruitment (AUC model 0=0.671, AUC
model 1=0.795, De-Long’s p=0.018); (C) 129 participants, including 71
asbestos-exposed controls and 58 participants who developed MPM more than
10 years from recruitment (AUC model 0=0.627, AUC model 1=0.747, De-
Long’s p=0.018). AUC, area under the curve.

Fig. 2. Trend test analysis of nine differentially methylated CpGs on MESO_ALL
cases divided into groups by time from recruitment to diagnosis, controlling for
age, gender and PClwbc: >10 years (n=58), between 5 and 10 years (n=40),
<5 years (n=36). The table shows trend test p values among groups of cases.
Boxplots of significant CpGs are shown on the right, including also DNAmM

values of the control group (n=71).



Table I. Sample characteristics within the two EPIC-Meso subgroups analysed: MESO_ALL and MESO_5YRS groups
The description of MESO_ALL cases and MESO_5YRS cases divided by years from recruitment to MPM diagnosis is

included. Percentages were calculated in relation to the whole subgroup (*) or the N individuals of each column (**).

MESO_ALL MESO_ALL Cases MESO_5YRS MESO_5YRS Cases
3-5 1.5-3 <1.5
Cases Controls | >10 years |5-10 years | <5 years Cases Controls years years years
N (%%*) 134 (50) | 134 (50) | 58 (43.3) | 40(29.9) | 36 (26.7) | 36(50) 36 (50) |14(38.9)| 13(36.1) 9 (25)
SEX (% **)
M 107 (79.9)|107 (79.9) 47(81) 30(75) [30(83.3) | 30(83.3) | 30(83.3) [12(85.7)| 10(76.9) | 8(88.9)
F 27(20.1) | 27(20.1) [ 11(19) 10 (25) 6(16.7) | 6(16.7) | 6(16.7) | 2(14.3) | 3(23.1) | 1(11.1)
AGE (mean, sd) | 57.2,6.9 | 57.2,6.9 | 56.4,5.8 | 57.6,8.6 | 58.2, 6.6 | 58.2, 6.6 | 58.2, 6.7 [59.1 (7.3)[ 55.7 (6.5) | 60.5 (4.9)
ASBESTOS
EXPOSURE (% **)
0(no) 21(15.7) | 21(15.7) | 7(12.1) 8(20) 6(16.6) | 6(16.6) | 6(16.6) | 2(14.3) | 2(15.4) | 2(22.2)
1 (medium) 28(20.9) | 28(20.9) [ 12(20.7) | 5(12.5) | 11(30.6) [ 11(30.6) | 11(30.6) | 3(21.4) | 6(46.2) | 2(22.2)
2 (high) 43(32.1) | 43(32.1) | 21 (36.2) | 13 (32.5) 9 (25) 9 (25) 9 (25) 3(21.4) | 4(30.8) | 2(22.2)
NA 42(31.3) | 42(31.3) | 18(31) 14(35) |10(27.8) [ 10(27.8) | 10(27.8) | 6(42.9) | 1(7.7) [ 3(33.3)




Table II. Description of the 22 differentially methylated CpGs identified by 10-fold cross-validation EWAS analysis:
number of runs for which conditions of significance exist, their genomic localization, methylation levels (B-values) in
cases and controls, effect size range in cross-validation runs and the p value range among runs are indicated. Signals

selected after correlation analysis are highlighted in bold.

runs (n) with B-value B-value Effect size | Effect size
eff.size >10% (abs MPM MPM min (min | max (max
value) and p-value Gene cases controls as abs as abs p-value p-value

CpG ID <0.05 CHR MAPINFO name Relation to gene (n=36) (n=36) value) value) min max
23870316 10 8 2216155 0.85 0.69 0.146 0.180 0.0001 0.002
cg20389709 10 2 10184303 | KLF11 5'UTR;TSS200;Body 0.12 0.28 -0.123 -0.197 0.013 0.00005
cg13498216 8 2 10184305 | KLF11 5'UTR;TSS200;Body 0.08 0.21 -0.106 -0.144 0.00004 0.002
cg06417478 9 19 12876846 | HOOK2 Body 0.26 0.44 -0.159 -0.253 0.002 0.048
23899408 10 19 12877188 | HOOK2 Body 0.27 0.43 -0.141 -0.226 0.043 0.001
cg16474696 9 19 13875014 | MRI1 T551500 0.33 0.2 0.108 0.166 0.0006 0.022
cg25755428 10 19 13875111 | MRI1 TSS1500 0.41 0.24 0.134 0.234 0.0001 0.023
cg25317025 9 18 47019823 | RPL17 TS51500 0.55 0.44 0.103 0.138 0.003 0.033
cg00667948 9 13 100651721 0.88 0.76 0.106 0.135 0.007 0.045
cg01879420 9 6 111194645 | AMD1 T551500;5'UTR 0.17 0.29 -0.107 -0.145 0.00003 0.004
cg18434912 8 6 111194786 | AMD1 TSS1500;5'UTR 0.2 0.3 -0.103 -0.139 0.0002 0.010
cg06205333 8 1 112161618 | RAP1A TSS1500 0.63 0.76 -0.109 -0.174 0.002 0.023
cg04282082 9 9 124988720 | LHX6 Body 0.67 0.51 0.140 0.244 0.0003 0.045
cg11479503 8 9 124989052 | LHX6 Body 0.84 0.72 0.117 0.161 0.00002 0.002
21469772 9 9 124989294 | LHX6 Body 0.74 0.59 0.124 0.224 0.00002 0.025
cg13571460 9 9 124989337 | LHX6 Body 0.72 0.58 0.109 0.199 0.00002 0.024
cg05136264 9 9 124989408 | LHX6 Body 0.73 0.6 0.109 0.193 0.0001 0.036
cg05037505 8 9 124989550 | LHX6 Body 0.5 0.4 0.106 0.145 0.0006 0.019
cg15124400 9 9 124989839 | LHX6 1stExon;5'UTR;Body 0.78 0.6 0.162 0.259 0.0002 0.021
cg13862711 9 9 124989915 | LHX6 Body 0.74 0.54 0.174 0.279 0.0001 0.017
cg04622888 9 9 124990010 | LHX6 TSS200;Body 0.7 0.55 0.141 0.217 0.0006 0.026
cg03363289 9 9 124990165 | LHX6 Body 0.45 0.32 0.121 0.193 0.0002 0.021




Table III. ROC analysis for each of the nine statistically differentially methylated CpGs, performed on all
MESO_5YRS cases (n=36) and all the asbestos-exposed controls (n=71). Model 0: age, sex, PClwbc; model 1: age,

sex, PClwbc, nine CpGs methylation levels.

CpGID Gene name |AUC MODEL O |AUC MODEL 1 De Long's p
cg01879420 AMD1 0.66 0.73 0.1
cg06417478 HOOK?2 0.66 0.69 0.42
€g20389709 KLF11 0.66 0.74 0.08
cg13862711 LHX6 0.66 0.71 0.2
€cg25755428 MRI1 0.66 0.71 0.2
cg06205333 RAP1A 0.66 0.67 0.51
€g25317025 RPL17 0.66 0.67 0.52
cg23870316 0.66 0.75 0.02
cg00667948 0.66 0.71 0.12
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Table S1. Asbestos exposure assessment: we built up a job-exposure matrix
(JEM) assigning to each occupation an “exposure probability” and an “exposure
intensity” based on occupational history data (occupational categories 1-52).
Both “exposure probability” and an “exposure intensity” are coded as: 0 = no
probability/intensity; 1 = low probability/intensity; 2 = intermediate
probability/intensity; 3 = high probability/intensity.

Exposure Index / Cumulative Exposure Index: the two values (probability and
intensity) are then used to build up, for each occupation, an “Exposure Index”
given by “Probability of exposure” * “intensity of exposure”. The Exposure
Index may thus assume the following values: 0, 1, 2, 3, 4, 6, 9. Each
occupation has its own Exposure Index, which may be assigned to each
individual as his/her own Exposure Index. If a participant has several
occupations, a “cumulative exposure index” is computed. The cumulative
exposure index is the sum of all the Exposure Indexes (one for each
occupation) of that individuals. For participants with just one occupation the
Exposure Index and the Cumulative Exposure Index coincide.

Derivative Exposure Indexes: the Exposure Index assigned to each individual
according to his/her occupation (or the Cumulative Exposure Index in the case
of multiple occupations) is used to build up derivative exposure indexes: 1) a
“Binary Exposure Index”, coded as: 0 = no exposure (if the Exposure Index, or
cum. index in the case of multiple jobs, is < 3); 1 = exposed (if the Exposure
Index, or cum. index in the case of multiple jobs, is = 3); 2) a “3 levels
categorical var.”, coded as: 0 = no exposure (if the Exposure Index, or cum.
index in the case of multiple jobs, is = 0); 1 = low exposure (if the Exposure
Index, or cum. index in the case of multiple jobs, is >0 and <4); 2 = high
exposure (if the Exposure Index, or cum. index in the case of multiple jobs, is

> 4). The table shows the 52 occupational categories.



Probability of Intendty of Exposure index ?El-mary.I exposure
exX poSure Expowure index
1 1.1 Livestock breeding o a

2 1.2 Agriculture

3 2 mines or quarnes
4 3 Foundry

5 - Steel

B - Special alloys

EPIC list of cccupations

7 4 Gahanic

2 & Chemical Industry

g - Reinery
10 - Dyes P roduction
11 - Chemical Laboratory
12 8 Rubber Industry
13 7 Textile Industry
14 - O ftissues Dyeing
15 - Weaving
16 & Processing and tanning
179 Production ofshoes and leather
18 10 Woodworking
19 - Poduction of fumiture
20 11 Metahworking
21 - Tuming, drilling, milling etc..
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I o R Ol = T = T o R e e

22 - Welding
23 - Painting 0
24 12 Boatyard 8
25 13 Electrical and E lectronics Industry 1 1 1 0
26 14 Glass Industry 1 2 2 0
27 15 Typography 0 0 0 0
28 18 Construction 1 2 2 0
29 - RoofWatemprooing 2 2 < 1
30 - Asphalt 0 0 0 0
31 - Demolition 2 2 < 1
32 17 Transport 1 1 1 0
33 - Truck driver 1 2 2 0
34 - Driver 0 o a 0
35 - Taxi driver o o a a
35 18 Muclear Industry 1 2 2 a
37 19 Production of paper or cellulose 1 2 2 0
achostomoamant : : ° ‘
39 21 Worker with asbestos insulation 3 3 9 1
40 22 Production of cement o o a 0
41 23 Production of ceramics 0 0 0 0
42 24 Butcher a a a a
43 25 Painter, painter 1 1 1 0
44 28 Welder 2 2 < 1
45 27 Hairdresser o o a a
45 28 Gas Station o o a a
47 29 Auto M echanic 1 1 1 a
48 30 Bartender o o a 0
49 31 Warden restaurant 0 0 a 0
g0 32 Medical and Health Services 0 0 0 0
51 33 Electrician 2 2 < 1
52 34 Other a a a a



Table S2. Estimated WBCs percentages on MESO_ALL participants

WBCs (mean, sd)| Cases (n=134) |Controls (n=134) | Wilcoxon p-value
Basophils 1.55, 0.82 1.71, 0.86 0.27
B memory 2.75,0.9 2.82,0.78 0.42
B naive 271, 1.4 2.92,1.42 0.19
CD4 memory 8.22,3.26 9.27,3.48 0.02
CD4 naive 3.88, 2.57 3.95, 2.88 0.85
CD8 memory 7.46, 5.33 8.2,4.71 0.07
CD8 naive 1.39,1.18 1.44,1.36 0.84
Eosinophils 1.43,1.75 1.72,2.04 0.17
Monocytes 7.49, 2.2 7.76, 2.12 0.42
Neutrophils 55.49, 10.57 52.53, 10.22 0.04
NK 4.74,2.21 5.15, 2.25 0.12
Treg 1.1, 0.86 0.94, 0.75 0.18

Table S3. Estimated WBCs percentages on MESO_5YRS participants

WBCs (mean, sd) Cases (n=36) Controls (n=36) | Wilcoxon p-value
Basophils 1.68, 0.83 1.65,0.74 0.8
B memory 2.56,0.73 2.66, 0.82 0.78
B naive 3.02, 1.58 2.81,1.28 0.76
CD4 memory 8.07, 2.88 8.82,3.32 0.46
CD4 naive 3.44,2.31 4.28, 2.49 0.16
CD8 memory 7.6, 5.25 6.87,4.17 0.71
CD8 naive 1.22,0.98 1.47,1.17 0.42
Eosinophils 1.69, 2.1 1.7,1.91 0.75
Monocytes 7.31, 1.95 6.94, 1.58 0.42
Neutrophils 56.52, 10.2 55.19, 8.08 0.52
NK 4.21,1.93 5.06, 2.33 0.08
Treg 1.09, 0.78 1.01,0.76 0.75




Table S4. Pearson correlation analysis of the differentially methylated CpGs in MESO_5YRS groups. The statistically

significant values of Pearson correlation test (rho > |0.7|, p <0.05) are highlighted in bold.

[ value gene RAP1A KLF11 KLF11 AMD1 AMD1 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 RPL17 HOOK2 HOOK2 MRI1 MRI1
gene cgID cg06205333 | cg20389709 | cg13498216 | 201879420 | cg18434912 | cg23870316 | 204282082 | cg11479503 | cg21469772 | cg13571460 | cg05136264 | cg05037505 | cg15124400 | cg13862711 | cg04622888 | 203363289 | cg00667948 | cg25317025 | cg06417478 | cg23899408 | cg16474696 | cg25755428
RAP1A |cg06205333 0
KLF11 |cg20389709 0.3324 0
KLF11 |cg13498216 0.2221 3.07E-21 0
AMD1 |cg01879420 0.0783 0.1627 0.0899 0
AMD1 (cg18434912 0.0771 0.1679 0.0927 6.44E-29 0

€g23870316 0.0435 0.0002 0.0001 0.0631 0.0609 0
LHX6  |cg04282082 0.0001 0.0565 0.0277 0.0013 0.0012 0.0710 0
LHX6  |cg11479503 0.0002 0.0344 0.0157 0.0015 0.0014 0.0525 5.91E-25 0
LHX6 [cg21469772 0.0001 0.0409 0.0190 0.0012 0.0012 0.0557 1.52E-28 4.60E-29 0
LHX6  |cg13571460 0.0001 0.0356 0.0167 0.0018 0.0017 0.0570 6.87E-26 1.09E-33 9.77E-30 0
LHX6  |cg05136264 0.0001 0.0510 0.0247 0.0014 0.0013 0.0621 6.58E-32 1.68E-25 4.90E-31 6.67E-27 0
LHX6  |cg05037505 0.0001 0.0581 0.0283 0.0012 0.0011 0.0618 3.83E-25 8.54E-21 1.75E-24 2.05E-21 7.11E-27 0
LHX6  |cg15124400 0.0001 0.0659 0.0322 0.0009 0.0008 0.0662 3.00E-26 6.80E-22 7.02E-25 4.92E-22 1.61E-27 4.03E-27 0
LHX6  |cg13862711 0.0001 0.0554 0.0266 0.0011 0.0011 0.0589 6.13E-30 5.05E-24 2.06E-28 1.81E-24 3.32E-33 6.53E-28 5.99E-32 0
LHX6  |cg04622888 0.0001 0.0771 0.0385 0.0011 0.0010 0.0668 4.94E-24 4.69E-20 3.17E-22 2.87E-20 1.14E-24 6.19E-26 1.17E-30 1.25E-27 0
LHX6  [cg03363289 0.0001 0.0562 0.0276 0.0015 0.0014 0.0687 2.28E-27 1.61E-21 4.20E-25 2.29E-22 2.00E-27 3.55E-29 1.00E-24 6.41E-27 4.48E-24 0
cg00667948 0.3601 0.9111 0.8353 0.0085 0.0084 0.5930 0.4992 0.5140 0.4566 0.5156 0.4879 0.4317 0.4478 0.4792 0.4868 0.4719 0
RPL17 |cg25317025 0.2281 0.0232 0.0208 0.2557 0.2820 0.1394 0.3962 0.3528 0.3504 0.3516 0.3784 0.3884 0.4131 0.3968 0.4730 0.3921 0.3634 0
HOOK2 |cg06417478 0.1831 0.0889 0.0780 0.1648 0.1476 0.0229 0.0105 0.0089 0.0099 0.0077 0.0091 0.0121 0.0113 0.0098 0.0110 0.0122 0.7333 0.5001 0
HOOK2 |cg23899408 0.1603 0.0832 0.0725 0.1543 0.1378 0.0179 0.0109 0.0093 0.0102 0.0081 0.0094 0.0124 0.0118 0.0102 0.0114 0.0126 0.7804 0.4658 1.19E-30 0
MRI1  [cg16474696 0.8429 0.0158 0.0170 0.0057 0.0057 0.1096 0.3117 0.2672 0.2959 0.2760 0.3255 0.3760 0.3574 0.3354 0.3944 0.3580 0.3125 0.3509 0.0316 0.0303 0
MRI1 [ cg25755428 0.4679 0.0297 0.0354 0.0248 0.0246 0.1711 0.6471 0.5729 0.6242 0.5870 0.6668 0.7482 0.7151 0.6824 0.7657 0.7208 0.4629 0.4135 0.0491 0.0479 8.04E-18 0
RHO gene RAP1A KLF11 KLF11 AMD1 AMD1 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 LHX6 RPL17 HOOK2 HOOK2 MRI1 MRI1
gene cglID ¢g06205333 | cg20389709 | cg13498216 | cg01879420 | cg18434912 | cg23870316 | cg04282082 | cg11479503 | cg21469772 | cg13571460 | cg05136264 | cg05037505 | cg15124400 | cg13862711 | cg04622888 | cg03363289 | cg00667948 | cg25317025 | cg06417478 | cg23899408 | cg16474696 | cg25755428
RAP1A |cg06205333 1.000
KLF11 |cg20389709 0.057 1.000
KLF11 |cg13498216 0.070 0.944 1.000
AMD1 | cg01879420 0.109 0.107 0.147 1.000
AMD1 (cg18434912 0.117 0.106 0.154 0.961 1.000
¢g23870316 -0.176 -0.303 -0.372 -0.120 -0.118 1.000
LHX6  |cg04282082 -0.244 -0.040 -0.093 -0.211 -0.213 0.107 1.000
LHX6 [cg11479503 -0.196 -0.073 -0.129 -0.164 -0.160 0.157 0.946 1.000
LHX6  |cg21469772 -0.241 -0.072 -0.123 -0.201 -0.191 0.154 0.976 0.978 1.000
LHX6  |cg13571460 -0.209 -0.084 -0.132 -0.161 -0.152 0.134 0.964 0.983 0.984 1.000
LHX6 [cg05136264 -0.236 -0.056 -0.087 -0.203 -0.191 0.143 0.977 0.953 0.982 0.971 1.000
LHX6  |cg05037505 -0.289 -0.069 -0.099 -0.243 -0.232 0.145 0.950 0.892 0.940 0.919 0.962 1.000
LHX6  [cg15124400 -0.207 -0.020 -0.065 -0.254 -0.240 0.155 0.963 0.941 0.964 0.948 0.974 0.959 1.000
LHX6 [cg13862711 -0.238 -0.044 -0.092 -0.234 -0.221 0.162 0.980 0.950 0.979 0.962 0.982 0.960 0.988 1.000
LHX6  |cg04622888 -0.211 -0.008 -0.054 -0.259 -0.241 0.164 0.952 0.913 0.947 0.925 0.958 0.959 0.979 0.978 1.000
LHX6  [cg03363289 -0.263 -0.055 -0.091 -0.209 -0.186 0.121 0.954 0.890 0.939 0.911 0.948 0.957 0.925 0.947 0.940 1.000
¢g00667948 -0.057 0.077 0.064 -0.241 -0.239 -0.112 0.093 0.117 0.152 0.119 0.125 0.148 0.139 0.121 0.108 0.123 1.000
RPL17 |cg25317025 -0.053 -0.123 -0.144 -0.016 0.016 0.131 0.143 0.171 0.172 0.172 0.161 0.131 0.138 0.141 0.087 0.141 0.162 1.000
HOOK2 |cg06417478 0.085 0.184 0.174 0.095 0.117 -0.140 -0.093 -0.072 -0.083 -0.101 -0.103 -0.101 -0.092 -0.106 -0.108 -0.076 0.156 0.066 1.000
HOOK2 |cg23899408 0.115 0.193 0.173 0.101 0.128 -0.165 -0.086 -0.067 -0.079 -0.094 -0.097 -0.098 -0.083 -0.097 -0.101 -0.079 0.137 0.057 0.991 1.000
MRI1  [cg16474696 0.156 -0.157 -0.158 -0.245 -0.229 0.137 0.194 0.217 0.198 0.213 0.176 0.130 0.146 0.160 0.117 0.163 0.164 0.130 -0.120 -0.121 1.000
MRI1  [cg25755428 0.219 -0.148 -0.142 -0.207 -0.196 0.123 0.122 0.175 0.136 0.162 0.117 0.048 0.079 0.100 0.049 0.080 0.111 0.129 -0.136 -0.133 0.935 1.000




Table S5. Differentially methylated regions (DMRs), with mean of the estimate >|0.5|("meandiff”) between cases
and controls in MESO_5YRS participants. DMRs were calculated by ChAMP approach (champ DMR function).

DMR
DMR_971
DMR_469
DMR_809
DMR_210
DMR_511
DMR_71
DMR_631
DMR_1054
DMR_391
DMR_626
DMR_748
DMR_1008
DMR_301
DMR_124
DMR_87

Chr
chr9
chr8
chr3
chrl7
chr8
chr22
chrl9
chr12
chrl6
chrl7
chr21
chr2
chrl
chrl
chrl9

start
124988720
637468
195488922
20799470
58055876
49843259
37825211
130822256
86795398
170770
45160229
206628088
153581946
112161618
12876846

end
124990785
638330
195490309
20799532
58056175
49843754
37826008
130822605
86796158
172159
45161603
206629314
153582683
112161864
12877188

width
2066
863
1388

63

300
496
798
350
761
1390
1375
1227
738
247
343

strand

no.cpgs min_smoothed_fdr

A w b

3.58E-13
5.02E-03
5.83E-04
6.83E-03
3.74E-02
2.17E-02
2.93E-07
5.35E-02
2.39E-04
3.76E-09
3.88E-03
1.76E-06
7.32E-03
9.38E-03
2.37E-03

Stouffer
0.933
0.637
0.696
0.565
0.691
0.544
0.592
0.866
0.810
0.541
0.731
0.881
0.643
0.589
0.508

HMFDR
0.523
0.558
0.566
0.530
0.594
0.524
0.523
0.657
0.545
0.508
0.574
0.568
0.542
0.538
0.504

Fisher
0.958
0.832
0.924
0.751
0.844
0.694
0.883
0.970
0.808
0.882
0.908
0.964
0.785
0.723
0.705

maxdiff meandiff

-0.196
-0.143
-0.129
-0.088
-0.079
-0.084
0.062
0.063
0.089
0.071
0.078
0.086
0.105
0.133
0.183

-0.101
-0.080
-0.076
-0.069
-0.058
-0.056
0.042
0.044
0.045
0.045
0.046
0.048
0.061
0.063
0.176

overlapping.genes
LHX6
ERICH1
Muca
RP11-344E13.3
RP11-513017.2
C220rf34
HKR1
PIWIL1
NA
RP11-1260E13.1, RPH3AL
PDXK
NRP2, AC007362.3
S100A16
RAP1A
HOOK?2



Table S6. Trend test, adjusted for age, sex and PClwbc, of 22 CpGs DNA
methylation in 3 asbestos-exposure groups in MESO_5YRS individuals (26
cases and 26 controls with exposure assessment).

CASES
ID linear_estimate std_err pval exp0_mean exp0_sd expl_mean expl_sd exp2_mean exp2_sd
cg04282082 0.0322 0.11 0.76 0.68 0.34 0.63 0.19 0.74 0.26
cg04622888 0.002 0.1 0.98 0.69 0.36 0.68 0.22 0.78 0.21
cg18434912 0.0231 0.05 0.67 0.17 0.07 0.26 0.17 0.19 0.07
cg01879420 0.0363 0.05 0.47 0.16 0.06 0.22 0.16 0.17 0.06
cg03363289 0.0319 0.08 0.7 0.47 0.27 0.4 0.15 0.52 0.22
€g21469772 0.0039 0.08 0.96 0.75 0.28 0.74 0.16 0.79 0.21
€g23899408 -0.0222 0.1 0.82 0.23 0.24 0.28 0.24 0.27 0.21
€g23870316 -0.012 0.06 0.83 0.79 0.26 0.86 0.1 0.84 0.13
cg16474696 0.0061 0.08 0.94 0.44 0.17 0.29 0.23 0.32 0.22
cg05037505 0.0159 0.07 0.83 0.51 0.23 0.48 0.14 0.54 0.18
cg06205333 -0.1484 0.08 0.09 0.72 0.21 0.68 0.19 0.55 0.23
€g15124400 0.0126 0.1 0.9 0.75 0.37 0.78 0.21 0.84 0.22
€g25317025 0.0225 0.09 0.8 0.48 0.2 0.53 0.23 0.53 0.17
cg05136264 0.0262 0.08 0.75 0.73 0.27 0.71 0.16 0.79 0.18
cg13862711 0.0191 0.11 0.86 0.72 0.38 0.72 0.23 0.81 0.23
cg00667948 0.0756 0.08 0.34 0.81 0.29 0.91 0.02 0.86 0.2
cg06417478 -0.0293 0.11 0.8 0.23 0.3 0.26 0.25 0.26 0.26
cg13498216 0.0394 0.02 0.13 0.05 0.02 0.07 0.07 0.09 0.07
cg20389709 0.0514 0.04 0.24 0.06 0.02 0.14 0.14 0.12 0.09
cg11479503 0.002 0.05 0.97 0.84 0.18 0.84 0.11 0.88 0.12
cg25755428 -0.0246 0.1 0.8 0.6 0.21 0.36 0.33 0.4 0.22
cg13571460 0.0166 0.07 0.82 0.73 0.24 0.72 0.13 0.77 0.18
CONTROLS
ID linear_estimate std_err pval exp0_mean exp0_sd expl_mean expl_sd exp2_mean exp2_sd
cg04282082 -0.0039 0.11 0.97 0.55 0.29 0.47 0.25 0.51 0.25
cg04622888 0.05 0.11 0.65 0.56 0.28 0.5 0.28 0.58 0.21
cg18434912 -0.0294 0.07 0.66 0.27 0.13 0.33 0.19 0.26 0.13
cg01879420 -0.0071 0.06 0.91 0.22 0.08 0.32 0.19 0.25 0.13
cg03363289 0.0364 0.08 0.66 0.34 0.21 0.27 0.2 0.35 0.2
€g21469772 -0.0027 0.09 0.98 0.62 0.23 0.57 0.2 0.58 0.21
€g23899408 -0.1104 0.12 0.37 0.58 0.29 0.39 0.27 0.42 0.29
cg23870316 0.011 0.08 0.89 0.71 0.15 0.7 0.25 0.69 0.2
cg16474696 -0.045 0.06 0.42 0.22 0.1 0.2 0.15 0.18 0.14
cg05037505 0.0383 0.07 0.59 0.41 0.18 0.35 0.18 0.44 0.14
cg06205333 0.1272 0.08 0.14 0.64 0.29 0.75 0.17 0.84 0.14
€g15124400 0.0355 0.12 0.77 0.63 0.32 0.54 0.3 0.63 0.22
€g25317025 0.0379 0.07 0.57 0.41 0.16 0.43 0.22 0.53 0.17
cg05136264 0.0187 0.08 0.82 0.6 0.22 0.56 0.2 0.61 0.18
cg13862711 0.0164 0.12 0.89 0.58 0.31 0.49 0.29 0.56 0.26
cg00667948 -0.1071 0.09 0.27 0.88 0.08 0.73 0.23 0.72 0.27
cg06417478 -0.115 0.14 0.41 0.59 0.33 0.38 0.31 0.43 0.33
€g13498216 0.0243 0.06 0.7 0.17 0.17 0.2 0.14 0.21 0.14
cg20389709 0.028 0.09 0.75 0.26 0.28 0.27 0.19 0.28 0.19
cg11479503 6.00E-04 0.06 0.99 0.74 0.16 0.72 0.16 0.72 0.14
cg25755428 -0.01 0.08 0.9 0.22 0.12 0.26 0.2 0.22 0.2

cg13571460 0.0038 0.08 0.96 0.61 0.21 0.56 0.18 0.59 0.16



Table S7. ROC analysis of cg23870316 in MESO_ALL participants diagnosed

with MPM at different times from recruitment, compared with asbestos-

exposed controls. Model 0: age, sex, PClwbc; and model 1: age, sex, PClwbc,
cg23870316 methylation

Time from diagnosis | Cases (n) | Controls (n) AUC Model 0 | AUC Model 1 | De Long’s p
<5 years 36 107 0.66 0.75 0.02
5-10 years 40 107 0.67 0.67 0.95
>10 years 58 107 0.63 0.67 0.38

Table S8. Trend test analysis of nine differentially methylated CpGs in cases

who developed MPM within five years, controlling for age, gender and WBC'’s

first principal component. MPM cases were divided into three groups by time

from recruitment to diagnosis: <1.5 years, from 1.5 to 3 years, > 3 years. The

table shows trend test p values for each CpG.

cgID gene name | linear effect size| pval
cg01879420| AMD1 0.041 0.192
cg23870316 -0.037 0.292
cg06205333| RAP1A 0.067 0.331
€g25317025| RPL17 0.046 0.419
cgl13862711 LHX6 -0.072 0.367
cg00667948 -0.039 0.423
cg06417478| HOOK2 -0.030 0.690
€g20389709| KLF11 -0.019 0.616
€g25755428 MRI1 -0.069 0.350




Table S9. Differential DNAmM in MESO_5YRS participants of diagnostic CpGs
previously identified in MPM patients in retrospective studies, controlling for

age, gender and PClwbc. nd= not detected.

Biomarkers from Guarrera et al. J. Thorac. Oncol. 2019

CpGID Gene name Relation to gene | Effect size | p-value
cg04572930 FOXK1 Body nd nd
cg04739200 MYB Body nd nd
cg01521397 TAF4 Body -0.030 0.011
cg08450017 FYCO1 Body 0.013 0.104
€g26033526 TAP1 Body nd nd
cg23825480 MORC2 Body 0.006 0.449
cg00446123 LIME1 TSS200 0.007 0.493
Biomarkers from Cugliari et al. Cancers 2021
cg03546163 FKBP5 5'UTR -0.002 0.881
cg06633438 MLLT1 Body -0.011 0.410




Figure S1. Flow diagram depicting the different EPIC-Meso subgroups

analyses performed.
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Fig. S2 Unsupervised hierarchical clustering heatmap including the 22 differentially methylated CpGs (see Table II)
in MESO_5YRS group.

Color Key

Epicmeso_72samples_22CpG's

€g21469772
cg05136264
cg13571460
cg13862711
cg04622888
€g 15124400
cg04282082
cg11479503
€g23870316
cg00667948
cg06205333
cg05037505
cg03363289
€g25317025
925755428
cg 16474696
cg 18434912
cg01879420
€g20389709
913498216
€g23899408
cg06417478

CpG's

u controls W cases



Figure S3. Gene-based visualization of ten differentially methylated CpG in LHX6 gene between cases and controls
of MESO_5YRS individuals. (A) Gene location of CpGs (Genome Data Viewer, GDV,
https://www.ncbi.nlm.nih.gov/genome/gdv/); (B) enlarged visualization of CpGs position; (C) Differential
methylation visualization (Methylation Plotter, http://maplab.imppc.org/methylation_plotter/; Methylation plotter: a
web tool for dynamic visualization of DNA methylation data Source Code for Biology and Medicine 2014, 9:11).
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