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Abstract

Background & Aims. Fecal tests currently used for colorectal cancer (CRC) screening show
limited accuracy in detecting early tumors or precancerous lesions. In this respect, we
comprehensively evaluated stool microRNA (miRNA) profiles as biomarkers for non-invasive
CRC diagnosis.

Methods. A total of 1,273 small RNA sequencing experiments were performed in multiple
biospecimens. In a cross-sectional study, miRNA profiles were investigated in fecal samples
from an Italian and a Czech cohort (155 CRC, 87 adenomas, 96 other intestinal diseases, 141
colonoscopy-negative controls). A predictive miRNA signature for cancer detection was
defined by a machine learning strategy and tested in additional fecal samples from 141 CRC
and 80 healthy volunteers. miRNA profiles were compared with those of 132 tumor/adenoma
paired with adjacent mucosa, 210 plasma extracellular vesicles samples, and 185 fecal
immunochemical tests (FIT) leftover samples.

Results. Twenty-five miRNAs showed altered levels in stool of CRC patients in both cohorts
(adj. P<.05). A five-miRNA signature, including miR-149-3p, miR-607-5p, miR-1246, miR-
4488, and miR-6777-5p, distinguished patients from controls (AUC=0.86, 95% CI=0.79-0.94)
and was validated in an independent cohort (AUC=0.96, 95% CI=0.92-1.00). The signature
classified controls from low-/high-stage tumors, and advanced adenomas (AUC=0.82, 95%
CI=0.71-0.97). Tissue miRNA profiles mirrored those of stool samples, while fecal profiles of
different gastrointestinal diseases highlighted miRNAs specifically dysregulated in CRC.
miRNA profiles in FIT leftover samples showed good correlation with those of stool collected
in preservative buffer and their alterations can be detected in adenoma or CRC patients.

Conclusions. Our comprehensive fecal miRNome analysis identified a signature accurately
discriminating cancer aimed at improving a non-invasive diagnosis and screening strategies.

Keywords: stool microRNAs, non-invasive diagnosis, small RNA sequencing, colorectal
cancer, precancerous lesions, machine learning



Introduction

In the last 30 years, we have witnessed a dramatic increase in understanding of the
epidemiology, etiology, molecular biology, and various clinical aspects of colorectal cancer
(CRC)!. However, ~1.8 million new cases are annually diagnosed worldwide, posing CRC as
the third most common incident cancer. Moreover, although early-stage tumors can be
efficiently treated, CRC is still the second leading cause of cancer-related death, with 900,000
deaths in 20182 3. Hence, the early detection of preclinical cancers, or precursor lesions is a
desirable objective, as it may strongly increase the chances for successful treatment and cure.
Most European countries have implemented CRC screening programs based on non-invasive
stool tests for detecting fecal occult blood, mainly the fecal immunochemical test (FIT)*°. FIT
selects subjects showing a higher prevalence of CRC and advanced benign neoplasia but has
limited sensitivity to recognize advanced colorectal adenomas (AA)®. Colonoscopy is also used
in an opportunistic screening setting and detects both cancer and premalignant lesions but is
bothersome and invasive, as well as costly for the health system’. Despite the fact that FIT-
based screening programs are undeniably efficient in detecting premalignant growths and
providing an earlier diagnosis successfully reducing CRC burden, only ~5% of individuals that
receive a colonoscopy based on FIT results will end with a significant lesion (CRC or AA).
Stool tests show a relatively low specificity, resulting in a high number of false positives and a
considerable number of unnecessary colonoscopies®. Complementing traditional screening
stool tests with other non-invasively detectable fecal molecular biomarkers could improve the
triage of subjects for colonoscopy, reducing the costs for the health systems in terms of the
number of examinations and decreasing the risks and discomfort for the patients® 1°,
Identifying reliable biomarkers is not trivial, given the ensemble of hidden interactions between
molecules and patient-specific clinical/anamnestic characteristics. However, machine learning
(ML) algorithms have been defined to reveal significant features able to accurately discriminate
groups of subjects. In particular, explainable ML approaches allow identifying novel molecular
biomarker signatures to improve early CRC diagnosis, as recently demonstrated for fecal
microbial species* and urinary proteins'?,

The analysis of small non-coding RNAs in fecal samples has attracted interest with an excellent
biological and analytical rationale for its application in large-scale clinical investigations®®,
Tumor-secreted small non-coding RNAs are directly and continuously released into the
intestinal lumen, and their profiles may be altered in concomitance with the presence of CRC
and precancerous lesions. Moreover, small non-coding RNAs, such as microRNAs (miRNAS),
are remarkably stable, enabling their accurate detection in stool without the need for special
stabilization or logistic requirements'*. miRNAs are suitable biomarkers in surrogate tissues
and biofluids since their levels are altered in specific pathological states®, in the presence of
precursor lesions®®, and in CRC development”°, In addition, specific fecal miRNA alterations
have been associated with the gut microbiome composition? and proposed as non-invasive
CRC biomarkers?.

So far, comprehensive miRNA profiling by small RNA sequencing (small RNA-Seq) has been
mainly performed on tumor tissues or plasma?: 22, In contrast, studies on fecal samples
investigated few miRNAs in relation to CRC, typically on small cohorts and without taking
into account their demographic characteristics®. In this respect, studies on the whole fecal
miRNome showed that different lifestyles and dietary habits might critically impact specific
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miRNA levels?* %, In addition, limited evidence is available on stool miRNA profiles in
relation to patient clinicopathological characteristics such as specific CRC stages, in
precancerous lesions or other gastrointestinal (GI) diseases, except for the reported pleiotropic
dysregulation of miR-21-5p in several diseases?®. Therefore, a miRNA signature for CRC
detection derived from a comprehensive fecal miRNome analysis across multiple populations
is currently lacking.

This multicentric study aimed to explore by deep sequencing miRNA profiles in stool samples
that best characterize CRC patients from controls and distinguish colorectal adenomas or other
Gl diseases. The analyses were performed in different independent cohorts adopting the same
protocol for subject recruitment, sample collection, and small RNA-Seq experiments/analyses.
An integrated explainable ML strategy identified a fecal miRNA signature distinguishing CRC
patient from controls and the results were validated in an additional cohort. Finally, altered
miRNAs in stool were also investigated in FIT-positive leftover samples collected within a
population-based CRC screening program.



Methods

Stool study cohorts

Italian (IT) cohort — Stool specimens, and clinical and demographic data were collected from
317 subjects recruited in a hospital-based study at Vercelli, Italy (Table 1). Based on results of
complete colonoscopy examination, participants were classified into: (i) 89 sporadic CRC
patients; (ii) 74 polyp patients (6 hyperplastic polyps, 20 non-advanced adenomas (nAA), and
48 AA; serrated lesions were excluded since too few); (iii) 49 subjects with a Gl disease (6
Crohn’s disease, 9 ulcerative colitis, 14 diverticulitis, 7 diverticulosis, 13 hemorrhoidal
disease); and (iv) 105 colonoscopy-negative control subjects. AA were defined based on the
presence of high-grade dysplasia, villous component, or lesion size >1 cm as defined by?’. Of
this cohort, 93 stool samples (from 29 CRC patients, 27 polyps, 13 subjects with a Gl disease,
and 24 colonoscopy-negative controls) have been employed and described previously in other
studiest? 2829,

Czech (CZ) cohort — Stool specimens, and clinical and demographic data were collected from
162 Czech individuals recruited in two hospitals in Prague and one in Plzen, Czech Republic
(Table 1). Based on colonoscopy results, subjects were divided in: (i) 66 CRC patients, (ii) 28
polyp patients (9 hyperplastic polyps, 13 nAA, 6 AA; no serrated lesions were collected); (iii)
32 patients with other Gl diseases (3 Crohn’s disease, 11 ulcerative colitis, 17 diverticulosis, 1
unclassified inflammatory bowel disease, IBD); and (iv) 36 colonoscopy-negative subjects.
Validation cohort — Stool specimens from 141 CRC patients recruited in a hospital in Brno,
Czech Republic and 80 stool samples of healthy volunteers contributing to science were
included. These subjects were previously described in other studies: the CRC population is
described in, but here sequenced for the first time for small RNA-seq; healthy volunteers are
a part of the cohorts described and sequenced for small non-coding RNAs in?* 31,

Fecal Immunochemical Test (FIT) cohort — FIT buffer leftover samples from 185 subjects with
a positive test were collected within the CRC screening for the Piedmont Region (Italy). Based
on colonoscopy results, subjects were classified as controls (n=53), AA (n=80), nAA (n=30),
or CRC (n=22). Among them, 57 subjects also provided stool samples before undergoing
colonoscopy.

More details on the cohorts included in the study are given in Supplementary Materials.
Local ethics committees of Azienda Ospedaliera SS. Antonio e Biagio e C. Arrigo of
Alessandria (Italy, protocol N. Colorectal miRNA CEC2014), AOU Citta della salute e della
Scienza di Torino (Italy), the Institute of experimental medicine of Prague (Czech Republic),
Masaryk Memorial Cancer Institute (protocol number 2018/865/MOU) and Masaryk
University of Brno (Czech Republic, protocol number EKV-2019-044) approved the study. All
patients gave written informed consent following the Declaration of Helsinki prior to
participating in the study.

Other analyzed bio-specimens

For 132 subjects surgically operated at Vercelli hospital, primary tissues (102 CRC and 30
adenomas) paired with adjacent colonic mucosa were collected.

Blood samples were collected from 210 out of 317 IT-cohort subjects stratified in patients with
CRC (n=52), AAs (n=19), nAAs (n=15), hyperplastic polyps (n=6), other GI diseases (n=39),
and control subjects (n=79).



Sample collection

Naturally evacuated fecal samples were obtained from subjects previously instructed to self-
collect the specimen at home. Samples were collected in nucleic acid collection and transport
tubes with RNA stabilizing solution (Norgen Biotek Corp.). Stool aliquots (200ul) were stored
at -80°C until RNA extraction®. For the Validation-cohort of CRC patients from Brno, stool
samples were collected from untreated patients before the scheduled surgery with DNA-free
swabs (Deltalab). Patients performed the collection at home and returned the samples to the
hospital where they were immediately frozen at -80°C until further processing.

For the FIT-cohort, leftovers from FIT tubes (~1.2ml) used for automated tests (OC-sensor®,
Eiken Chemical Co.) for hemoglobin quantification were stored at -80°C until use.

Plasma samples were obtained from 8ml of blood centrifuged for 10min at 1000rpm, and
aliquots were stored at -80°C until use. Plasma EVs were precipitated from 200ul of plasma
using the ExoQuick (System Biosciences) according to®2.

Paired tumor/adenoma tissue and adjacent non-malignant mucosa (at least 20cm distant) were
obtained from CRC and adenoma patients during surgical resection and immediately immersed
in RNA later solution (Ambion). All samples were stored at -80°C until use.

Total RNA extraction, small RNA-Seq library preparation and Quantitative Real-Time
PCR

Total RNA from stool and FIT leftovers samples was extracted using the Stool Total RNA
Purification Kit (Norgen Biotek Corp.) as previously described?®. Total RNA from plasma EVs
was extracted as described in%2. For tissue samples, total RNA was extracted using QIAzol
(Qiagen), according to the manufacturer’s instructions.

Small RNAs were converted into barcoded cDNA libraries for Illumina single-end sequencing
(75 cycles on HiSeq4000 or NextSeq500, Illumina Inc.) as previously described?.

Candidate miRNA biomarkers were replicated in stool samples using the miRCURY LNA
miRNA PCR Assays (Qiagen). Reverse transcription (RT) was performed using the miRCURY
LNA™ RT kit (Qiagen) according to the manufacturer’s instructions. All the reactions were
run on an ABI Prism 7900 Sequence Detection System (Applied Biosystems). Analyses were
performed as described in®. More details are provided in Supplementary Materials.

Computational and statistical analyses

Small RNA-Seq analyses were performed as described in?, considering a curated miRNA
reference based on miRBase v22 and including a characterization of novel miRNAs
(Supplementary Table 1A). Differential expression analyses were performed using DESeq2
v1.22.2%, Functional enrichment analysis was performed with RBiomirGS v0.2.12%,
considering the validated miRNA-target interactions. A Generalized Linear Model (GLM) was
defined by considering the miRNA levels as dependent variable and subject age, sex, Body-
Mass Index (BMI), smoking habit, and cohort as independent variables.

A ML strategy was implemented to identify the optimal fecal miRNA signature to accurately
classify CRC patients from control subjects. The ML approach is composed of three-phases:
data preparation, feature selection, and classification (more details are provided in
Supplementary Materials). The signature was determined by considering an increasing
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number of miIRNAs prioritized by filter and classifier-embedded methods applied to the
training set (70% of IT/CZ-cohort). The optimal set of miRNAs providing the highest Area
Under the Curve (AUC) was selected and further tested by 100 stratified 10-Fold Cross-
Validations first on the remaining 30% of IT/CZ-cohorts excluded from the training set and
then on the Validation-cohort. The training and test sets were defined by a stratified selection
to maintain the same proportion of subjects characterized by specific covariates (i.e., age, sex,
cohort, disease status, and tumor staging).

Other statistical tests were performed using Wilcoxon-Mann-Whitney and Kruskal-Wallis’s
(continuous variables) or chi-squared (categorical variables) methods. Benjamini-Hochberg
(BH) method was used for multiple-testing correction. Results were considered significant at
P<.05.

Study Design

This study was designed to define and characterize a fecal miRNA signature that accurately
distinguishes CRC patients from control subjects (Figure 1). The applied analysis strategy
included the following phases:

1) Fecal miRNome profiling and biomarker discovery:

- Detection of stool miRNAs with altered levels in CRC. miRNA profiles from small RNA-Seq
and metadata were used for a differential expression analysis between CRC and control
subjects of both IT-cohort and CZ-cohort, independently. The overlapping differentially
expressed miRNAs (DEmiRNAs) from both cohorts were the input of the next step.

- Feature selection and definition of a miRNA predictive signature. A ML strategy identified a
miRNA signature composed of the minimal set of DEmiRNAs that better distinguished CRC
patients from controls by a stratified cross-validation procedure.

- Validation of the miRNA predictive signature. The signature performance was estimated in
the Validation-cohort by a stratified cross-validation procedure.

2) Fecal DEmiRNA characterization in different sample types and diseases:

- Assessment of DEmIiRNA profiles in different biospecimens and clinical situations.
DEmMIRNA levels were evaluated in: (i) tumor/adenoma tissue and adjacent mucosa; (ii) plasma
EVs of CRC patients and control subjects; and (iii) fecal samples from patients with a Gl
disease or precancerous lesions to identify CRC-specific or commonly altered miRNAs. In
particular, the miRNA signature from 1) was also tested in the discrimination of patients with
precancerous lesions (AA or nAA), alone or in combination with CRC, from controls.

- Testing the DEmiRNA levels in samples from a CRC screening program. DEmiRNA profiles
were explored in parallel in FIT buffer leftovers and in stool collected in tubes with RNA
stabilizing solution. Subsequently, stool DEmiRNA levels were analyzed in the leftover
samples of the FIT-cohort by stratifying subjects based on the colonoscopy results.

A detailed description of the methods is provided in Supplementary Materials.




Results

Stool miRNA profiles are altered in CRC patients: evidence from two European
populations

In agreement with previous studies®® 2431, an average of 479 (range=86-1516) miRNAs were
detected in each stool sample by small RNA-Seq (further details in Supplementary Materials
and Supplementary Table 1B and C). The age and sex-adjusted differential expression
analysis between CRC and control subjects was performed independently on both IT-cohort
and CZ-cohort identifying, respectively, 250 and 29 DEmiRNASs (median expression >20 reads
and adj. P<.05) (Figure 2A and Supplementary Table 2A).

Twenty-five stool DEmiRNAs were in common between both cohorts (Figure 2B, Table 2,
and Supplementary Table 2A), all with a coherent expression trend (20 up-regulated and five
down-regulated, rho=0.75, P<.001, Figure 2B). The alteration of these fecal miRNA levels in
relation to CRC was further supported by a GLM analysis adjusted for cohort, age, sex, BMI,
and smoking habits: 22 out the 25 DEmMiRNASs remained significantly associated (P<.05)
(Supplementary Table 2B). DEmIiRNA profiles were further explored in relation to CRC
patient clinical data (Figure 2C and D). The levels of three down-regulated miRNAs (miR-
607-5p, miR-677-5p, and miR-922-5p) significantly decreased with increasing tumor size (T)
(Figure 2D). miR-922-5p also significantly decreased in patients with advanced disease stages
or lymph node invasion (Figure 2D and Supplementary Table 2C). Conversely, increasing
levels of 19 out of the 20 up-regulated mMiRNAs in CRC were observed along with tumor size,
with miR-1246, miR-1290, miR-148-3p, and miR-194-5p significantly related to this
parameter. The levels of 11 CRC-up-regulated miRNAs significantly increased in patients with
lymph node invasion. In addition, the levels of 11 miRNAs were significantly higher in samples
from patients with rectal compared to colon cancers (Figure 2D).

Functional analysis of DEmIiRNA target genes showed their involvement in cancer-related
processes, including cell cycle regulation and DNA repair, particularly for up-regulated
mIiRNA targets (Supplementary Table 2D and E).

A fecal miRNA signature distinguishes CRC patients from control individuals

An explainable ML strategy was implemented to identify the minimal set of miRNAS as a
signature for CRC detection (Supplementary Figure 1 and Supplementary Materials). The
pipeline was applied on the 25 DEmIRNA profiles and considering 70% of the I1T-cohort and
CZ-cohort as the training set (Supplementary Table 3A). The best miRNA signature
distinguishing CRC patients from controls included miR-607-5p, miR-6777-5p, miR-4488,
miR-149-3p, and miR-1246 (AUC=0.87+0.01; Figure 2E). This set of five miRNAs
represented the best combination of not correlated molecules with the highest discriminative
power. Moreover, they showed a good performance in the classification of the 30% of subjects
excluded from the training set (AUC=0.81+0.01; Figure 2F). The classification improved after
the inclusion of sex and age in the model (AUC=0.86+0.01; Table 3 and Supplementary
Table 3B). The performance of the signature was again tested in the Validation-cohort, where
it remained fairly similar, irrespectively (AUC=0.91+0.01) or not (AUC=0.96+0.01) of age and
sex (Table 3, Figure 2F, and Supplementary Table 3B).



By stratifying patients for CRC stage, the same five-miRNA signature accurately distinguished
patients with stages IlI-1V CRC (Validation-cohort, AUC=0.96£0.01 and 0.94+0.01,
respectively including or not age and sex), or CRC stages I-11 from control subjects (Validation-
cohort, AUC=0.95+0.01 and 0.87+0.01, respectively including or not age and sex; Table 3,
and Supplementary Table 3B).

The panel of five miRNAs of the signature identified by sequencing was tested by RT-gPCR
in RNA isolated from a subset of 96 stool samples equally distributed among IT and CZ-cohort
subjects, with a balanced number of CRC cases and controls (Supplementary Figure 2A). The
five miRNAs were detected in all samples also using this second method. The normalized
levels from RT-gPCR showed patterns comparable to those provided by sequencing, except
for miR-4488 (Supplementary Figure 2A). In particular, miR-1246 and miR-149-3p levels
were significantly increased in patient samples. The same method was used to test the five
miRNA levels in RNA from eight FIT leftover samples of subjects with positive FIT at the
CRC screening: all miRNAs were detected also in this biospecimen (data not shown).

For four signature miRNAs, a concordant expression pattern was observed between small
RNA-Seq and RT-gPCR normalized levels, particularly for miR-1246 (rho=0.63, P<.001) and
mMiR-149-3p (rho=0.26, P<.05) (Supplementary Table 3C and Supplementary Figure 2B).
Only the levels of miR-4488 were characterized by a negative correlation (rho=-0.48, P<.001)
in CRC patients only.

Stool DEmiRNA profiles mirror those of primary CRC and adenoma tissues

A paired differential expression analysis was performed between tumor tissues and matched
adjacent mucosa collected from 102 CRC patients. Among the 25 stool DEmiRNAs, 14
resulted differentially expressed (adj. P<.05) in this comparison (Figure 3A and
Supplementary Table 4A), with seven miRNAs (miR-21-5p, miR-1246, miR-1290, miR-
148a-3p, miR-4488, miR-149-3p, miR-12114) up-regulated in tumor tissues coherently with
their increase in CRC patient stool. Among them, three (miR-1246, miR-4488, miR-149-3p)
were included in our miRNA signature. The five miRNAs significantly down-regulated in CRC
patient stool (miR-607-5p, miR-6777-5p, included in the five-miRNA signature, miR-6076,
miR-922-5p, and miR-9899) were poorly expressed (normalized reads <20) in both tumor and
adjacent tissues (Supplementary Table 4A).

The differential analysis performed on 30 adenoma tissues matched with adjacent mucosa
showed miR-21-5p, miR-1290, miR-148a-3p, and miR-200b-3p as significantly up-regulated
in adenoma tissues (adj. P<.001), while let-7i-5p and miR-4508 were down-regulated (Figure
3A and Supplementary Table 4A).

Few miRNA levels are dysregulated in circulating EVs of CRC patients

Small RNA-Seq was performed on RNA isolated from plasma EVs collected from 210 subjects
in the IT-cohort, detecting an average of 309 (range=252-1213) miRNAs in these samples
(Supplementary Table 4B). Among the 25 DEmiRNAs identified in stool samples of CRC
patients, both miR-1246, and miR-4488 emerged as coherently significantly dysregulated in
plasma EVs, albeit the latter was associated with low levels (normalized reads <20)
(Supplementary Table 4B). Another miRNA (miR-150-5p) was differentially expressed
between CRC and control subjects (Supplementary Table 4B).
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A subset of stool DEmiRNAS is specifically dysregulated in CRC patients but not in those
with other GI diseases

The CRC DEmiRNAs were further compared with those from patients with Gl disorders and
other precancerous lesions in both IT- and CZ-cohorts. The age-, sex-, and cohort-adjusted
differential expression analysis between each disease category and control subjects showed that
the levels of 21 out of the 25 CRC DEmiRNASs were significantly altered in at least another Gl
disease (Figure 3B). Notably, in patients with ulcerative colitis, diverticulitis, nAA, or AA,
60% of the CRC DEmiRNAs were also dysregulated (Figure 3B and Supplementary Table
4C). The lowest number of dysregulated miRNAs was observed in patients with Crohn’s
disease (two miRNASs) or diverticulosis (five miRNAs), while no DEmiRNAs were found in
patients with hyperplastic polyps.

Considering the five miRNAs constituting our predictive signature to distinguish CRC from
control subjects, miR-6777-5p was not differentially expressed (compared to control) in any
other GI disease, miR-149-3p was significantly up-regulated only in patients with AA, while
miR-607-5p was significantly down-regulated in patients with AA or ulcerative colitis,
compared to control subjects (Figure 3B and Supplementary Table 4C). Conversely, miR-
4488 and miR-1246 stool levels significantly increased in patients with diverticulosis,
ulcerative colitis, diverticulitis, or AA, with the latter miRNA also increased in Crohn’s disease
patients.

The identified signature was also used to classify AA and nAA patients from control subjects.
Specifically, the miRNA signature was able to distinguish AA from controls, both including
(AUC=0.82+0.01) or not (AUC=0.77+0.02) age and sex in the analysis, as well as nAA
(AUC=0.80+0.03 and 0.77+0.02, respectively including or not age and sex). Finally, patients
with either CRC or AA were accurately distinguished from controls (including or not age and
sex, AUC=0.84+0.01 and 0.81+0.01, respectively) but not between them (CRC versus AA,
AUC=0.68+0.02; Table 3 and Supplementary Table 3B).

MiRNAs are detectable in FIT leftover samples by small RNA-Seq

The sequencing analysis was extended to 185 available leftover samples of the FIT-cohort, still
detecting an average of 618 miRNAs in each sample (Supplementary Table 1B). All the 25
stool DEmiRNAs were detected in this type of samples. Considering the threshold adopted by
our pipeline (i.e., a minimum of 20 reads), four (miR-607-5p, MiR-1246, let-7a-3p, MiR-922)
were detected in all samples and 18 in more than half (Figure 3C and Supplementary Table
4D). Three miRNAs included in our signature (miR-607-5p, miR-1246, miR-6777-5p) were
detected in over 95% of samples (Figure 3C) while miR-149-3p and miR-4488, were detected
in 112 (57.4%) and 57 (30.8%) samples, respectively.

Then, miRNA levels in FIT-cohort samples were explored stratifying subjects according to the
colonoscopy results. Comparing the levels of the 25 stool DEmiRNAS between 46 subjects
with a negative colonoscopy (excluding seven subjects with high hemoglobin levels) and 22
patients with CRC, eight (let-7a-5p, let-7i-5p, miR-148a-3p, let-7b-5p, miR-320a-3p, MiR-
12114, miR-21-5p, miR-607-5p) were significantly different (adj. P<.05, Supplementary
Table 4E and Figure 3C). Correlating the miRNA levels in FIT leftovers with the hemoglobin
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levels, only let-7b-5p showed a significant, but limited correlation (rho=0.16, P<.05)
(Supplementary Table 4F).

Interestingly, miR-1246 and miR-607-5p were characterized, respectively, by increasing and
decreasing levels from colonoscopy-negative subjects to CRC patients, as observed in the stool
of the three case-control cohorts initially investigated for the miRNA signature identification
(Figure 3D).

Comparable miRNA expression levels and variability were observed between paired FIT
leftover/stool samples from 57 individuals analyzed by small RNA-seq (Rho=0.70, P<.001)
(Supplementary Table 1B and Supplementary Figure 2C). Considering the levels of 468
MiRNAs detected in at least half of FIT leftover samples, 99.6% were coherent with those in
stool, with 282 miRNAs significantly correlated (average Rho=0.39, P<.05; Figure 3C,
Supplementary Figure 2C, and Supplementary Table 4D). In both sample types, miR-3125-
3p, MiR-6075-5p, and miR-1246 were characterized by the highest levels, and miR-3125-3p
was detected in all samples and associated with the lowest expression variability, in agreement
with our previous findings in stool samples of 335 control subjects?® (Supplementary Figure
3A and Supplementary Table 4D). The levels of all 25 stool DEmiRNAS positively correlated
between the two specimens, with 13 of them reaching the statistical significance (including
mMiR-607-5p, miR-1246, miR-149-3p, and miR-4488 from the five-miRNA signature, P<.05;
Figure 3C and Supplementary Table 4D).

The five-miRNA signature analyzed in FIT buffer leftovers was finally tested for the
classification of patients with CRC from control subjects considering the signature alone or in
combination with patient age, sex, and FIT hemoglobin levels. The five-miRNA signature
alone showed comparable classification performance (AUC=0.85) than using age, sex, and
hemoglobin levels (AUC=0.87); while the combination of both data provided the best
classification results (AUC=0.93) (Supplementary Table 3D).
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Discussion

In the present study, we performed the first large-scale profiling of the stool miRNome by deep
sequencing of samples from patients with CRC, colorectal polyps, or other Gl diseases and
controls. Given the pervasive detection across multiple cohorts, we confirmed previous
findings about fecal miRNA potential use as non-invasive molecular biomarkers?®
(Supplementary Table 1C and Supplementary Figure 3A). We also reported novel evidence
on specific markers across different disease conditions. Notably, a fecal miRNA signature was
able to distinguish CRC patients from controls accurately: both its ability to distinguish AA
and its detection in FIT leftovers support future investigations for a use in CRC screening
implementation.

In CRC patients, 25 fecal miRNAs emerged coherently altered in two independent cohorts. The
profile of these miRNAs in stool reflected their altered expression in tumor tissue or adjacent
colonic mucosa. More than half of such DEmiRNAs were already reported as altered in CRC,
either in tissue or in various biofluids, including the up-regulated miR-21-5p, miR-148a-3p,
miR-149-3p, miR-194-5p, miR-200b-3p, and miR-320a-3p (Supplementary Table 5A)% 3¢,
Other miRNAs were associated with a disease for the first time by us; thus, further in vitro
studies are needed to characterize the functional activity of these molecules and their
involvement in CRC. Moreover, three DEmiRNAs identified in our study (miR-4323-5p, miR-
607-5p, and miR-922-5p) are not currently annotated in miRbase, but were quantified based
on the read mapping position within the miRNA hairpin. This is consistent with the need for
continuous refinement of miRBase annotations®’ and with evidence of new miRNAs reported
by different groups® 3°,

Consistently with their overall higher/lower levels in stool of CRC patients with respect to
control subjects, the 25 DEmIRNA levels also increased/decreased with tumor size (T) and
stage. On the other hand, they were characterized by coherent altered levels when patients were
stratified by tumor localization (proximal, distal, rectum) (Supplementary Table 4C). This
further supports the importance of these miRNAs in relationship with the disease, as confirmed
by the overrepresentation of cancer-related processes involving their validated target genes
(Supplementary Table 2D and E).

Based on this initial evidence, we implemented an integrated explainable ML strategy to
explore, among the 25 DEmiIRNAs, the minimal set of stool miRNAs able to accurately
discriminate CRC patients from control individuals. Our approach generated a signature
composed of five miRNAs (hamely miR-1246, miR-607-5p, miR-6777-5p, miR-4488, miR-
149-3p) that was clinically validated in an additional independent cohort of cases compared to
healthy volunteers and technically validated by another methodology (i.e., RT-gPCR). The
accurate discrimination of both early and late cancer stages from controls confirmed the
robustness of these five miRNAs for CRC detection. Although based on a small sample set, the
signature could also discriminate AA from controls accurately (AUC=0.86), and in all analyses,
high performances were obtained irrespectively by adjusting or not for sex and age, two
relevant risk factors for this cancer®. To the best of our knowledge, this is the first signature
based on fecal miRNAs whose efficiency was proven in populations from two countries
characterized by different lifestyle and dietary habits** and CRC incidence®. Notably, such
populations also show different trends in early-onset CRC*3, whose incidence is linked with
unhealthy individual habits, such as a sedentary lifestyle**.
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Similarly to the functional analysis of all the 25 DEmiRNASs, a focused research on the five-
signature miRNA target genes evidenced a prevalence of genes involved in cancer-related
processes, including regulation of cell cycle, programmed cell death, and DNA damage
response. Interestingly, functional analysis of predicted target genes of miR-607-5p highlighted
terms/processes related to nuclear cell cycle DNA replication and showed TRIM66, HIPK2,
GRIN2B, and WTIP as the targets with the highest number of miR-607-5p binding sites
(Supplementary Table 5B and C).

Among all the miRNAs of the signature, miR-1246 has been previously widely studied in CRC.
Altered levels of this miRNA have been found in circulating exosomes in relation to cancer
metastasis and prognosis > %6, Exosomal miR-1246 levels were induced by Fusobacterium
nucleatum in in-vitro and in-vivo CRC models with an increase of tumor cell metastatic
potential*’. These results align with more recent observations on the relationship between
intratumor levels of F. nucleatum and the aggressiveness of colon and breast cancers®. An
intratumor increase in this well-known CRC-related bacteria might induce the release of
exosomal miR-1246 in the gut lumen with the subsequent detection of this miRNA in stool
samples. Similar considerations could be drawn from another research investigating a model
of enterotoxigenic Bacteroides fragilis that induced up-regulation of exosomal miR-1246 in
CRC cell lines®. Interestingly, in the same study, this microbial species reduced the exosomal
levels of another fecal miRNA included in our signature, miR-149-3p, that was demonstrated
to regulate tumor infiltrating CD4+ T-helper type 17 differentiation”.

Similar findings were observed analyzing the fecal miRNome and gut metagenome data from
a previous study by our group in which we investigated the miRNA-microbiota relationships
in stool samples®. Specifically, by reanalyzing the data from that study, miR-1246 levels
emerged as significantly related to both F. nucleatum and B. fragilis abundances, while miR-
149-3p was inversely related to B. fragilis abundances (Supplementary Figure 3B). This
pervasive relationship between in vitro exosomal miRNA levels and microbial infections
suggests that the most informative stool biomarkers for CRC might reflect the dysregulated
interactions between colonic tissue and the gut microbiota. Interestingly, in the miRNA-
microbiota correlation analysis, two down-regulated fecal miRNAs (miR-607-5p and miR-
6777-5p), included in the predictive signature and so far scantly investigated in the literature,
were inversely related not only to F. nucleatum and B. fragilis abundances but also to
Escherichia coli, another species related to CRC onset>*(Supplementary Figure 3B).

To further explore the stool results, we tested DEmiRNA patterns in tumor and adenoma tissues
paired with non-malignant adjacent mucosa from patients of the IT-cohort. Stool generally
mirrored the altered miRNA expression levels of these tissues. Only the levels of miR-21-5p
and miR-148a-3p increased in both CRC and adenoma compared to matched adjacent mucosa,
while the other DEmiRNAs (including miR-1246, miR-4488, and miR-149-3p of the signature)
showed a CRC-specific dysregulation. miR-607-5p and miR-6777-5p, decreasing in patients’
fecal samples, were characterized by low expression levels in both tumor/adenoma and
adjacent mucosa, suggesting their deletion or epigenetic silencing. In The Cancer Genome
Atlas®, both miRNAs are frequently deleted in CRC (Supplementary Table 5D), supporting
the down-regulation in stool and tumor tissues observed by us. In agreement with our findings,
previous studies have demonstrated that the down-regulation of miRNAs seems to be a
premature step in the development of several cancers® %3, Surprisingly, miR-320a, let-7b-5p,
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and let-7a-3p, more abundant in stool of CRC patients, were more expressed in adjacent
mucosa than in tumor tissue. miR-320a has been widely reported as down-regulated in CRC>,
while its circulating levels increased in relation to gut inflammation in IBD patients®,
coherently with our data in stool samples. Interestingly, miR-320a has been described as a key
regulator of intestinal barrier formation®®. Similarly, the expression of let-7 family members
has been observed in the healthy gut epithelium, while their genetic depletion induced
tumorigenesis in CRC mouse models®. Thus, the analysis of stool miRNAs is relevant to
identify not only markers of the tumor small non-coding transcriptome, but may also unveil an
intestinal response of the stromal component to the presence of a tumor mass.

We also explored the miRNome of plasma EVs from a subset of the study population using the
same experimental approach as in stool and tissue samples. However, in this circulating
biospecimen, only few miRNAs showed similar trends as in feces. For instance, among the
miRNAs of the signature, miR-1246 and miR-4488 levels significantly increased in plasma
EVs of CRC patients compared with control subjects. These results are consistent with previous
findings reported by us, supporting stool miRNAs as more sensitive than plasma miRNAs in
reflecting intestinal changes driven by a long-term dietary pattern?®. Although more data are
needed to compare the stool and plasma EVs miRNome, given the above-reported relationships
between miR-1246 levels in EVs and CRC metastasis #°, these circulating molecules may be
more informative for advanced stages of the disease, which is beyond the scope of our
investigation.

In this study, we sought to compare stool DEmiRNA profiles of CRC patients with those of
subjects with other bowel inflammatory diseases of different severity confirmed by
colonoscopy. Besides different polyp types, we included samples from several Gl diseases, like
different types of IBDs and diverticulitis. Notably, while the CRC-specific miRNAs were
down-regulated, most of the altered miRNAs in common with adenomas and inflammatory
diseases were up-regulated: miR-21-5p was the clearest example, confirming the literature®.
As an exception, miR-607-5p was down-regulated in stool miRNA profiles of patients with
AA and ulcerative colitis. Accordingly, recent studies showed altered miRNA profiles in fecal
samples of patients with inflammations®® %°, even in relation to microbiota®. We can therefore
conclude that altered stool miRNA profiles reflect either the intestinal response to an
inflammatory process or the transcriptional alterations related specifically to CRC
development. Importantly, we clearly demonstrated that well-known CRC-related miRNAs,
such as miR-21-5p, show dysregulated fecal levels in several disease contexts, suggesting that
other miRNAs, such as miR-6777-5p and miR-149-3p, should be investigated to design CRC-
specific molecular signatures. These are the first evidence from a large-scale analysis of
subjects with different gastrointestinal diseases of stool miRNAs specifically altered in CRC.
It also highlights an extensive reflection of the gut inflammation on the fecal miRNA levels.
The fact that specific dysregulated fecal miRNAs could distinguish subjects with CRC or
precursor lesions from controls and that, at least for cancer, data were confirmed in different
cohorts, encourage their use to complement the existing non-invasive screening tests. In this
respect, we also investigated whether miRNAs can be detected in buffer-diluted stool leftovers
from FIT tubes used in a context of a population-based screening program and we found a
remarkable similarity between the profiles detected in the stool samples collected in nucleic
acid preservative medium tubes from the same subjects. Despite data on a larger cohort being

15



needed, this pilot small RNA-Seq-based quantification of miRNAs in FIT buffer leftovers is
consistent with previous evidence measuring miRNAs in this sample type by RT-gPCR 22, as
well as by us. By exploring miRNA profiles within FIT-positive patients, we observed a subset
of miRNAs differentially expressed between subjects with a positive or a negative colonoscopy
outcome. In addition, miR-1246 and miR-607-5p from the five-miRNA signature deserve
further investigation since they were detected in most of the samples and their levels
respectively increased and decreased progressively going from colonoscopy negative subjects,
those with adenomas of different severity to CRC patients. Although these data confirm that
mMiRNAs can be widely detected in FIT leftovers, the comparative results between subjects
must be carefully considered given the small group size analyzed so far, the lack of samples
from FIT-negative subjects, and the fact that we cannot rule out the role of confounding factors,
including subclinical diseases in the colonoscopy negative patients.

Most likely, including hemoglobin levels evaluated by FIT, the discrimination capability of the
present stool miRNA predictive signature would be further improved, as already reported in
the past (FIT/FOBT+microbiome!? ¢!, FIT+miRNAs?!, and FIT+methylation markers®?). The
sensitivity and specificity of our five-miRNA signature suggest that it could show a similar
diagnostic performance as the multitarget stool DNA test 3, when used as a screening test in
average risk populations. Duran-Sanchon and colleagues proposed a two-stool miRNA-based
classification signature (namely miR-27a-3p and miR-421) combined with hemoglobin levels,
age, and sex of FIT-positive subjects. The signature accurately classified CRC (AUC=0.93)
from control subjects, but was less efficient when AA patients were included (AUC=0.70)%.
Differently from us, the authors initially selected miRNAs based on their differential
expression between tumor tissue and adjacent mucosa and included in all models sex and age,
two important risk factors for CRC. Hereby, we demonstrated the robustness of our signature
since its performance remained similar even without the inclusion of age and sex covariates.
In addition, despite the study not being designed for identifying stool biomarkers for adenomas,
the five-miRNA signature was able to accurately distinguish AA alone or in combination with
CRC (AUC=0.84), suggesting its use to detect precancer lesions at risk. In our study, miR-27a-
3p and miR-421 were detected in tissue samples but not in stool, where only the former miRNA
was measurable. In search of reproducible fecal molecular biomarkers for non-invasive
diagnosis of CRC and adenomas®!, a hypothesis-free miRNome-wide approach, such as the
small RNA-Seq analysis in stool performed in multiple independent populations, overcome
these issues.

The present study has several strengths: 1) the inclusion of independent cohorts from two
countries with different diet and lifestyle habits as well as CRC rates; 2) the fact that cohorts
were different for CRC clinical characteristics allowing the identification of accurate
biomarkers independent on the disease stage; 3) the adoption of the same protocol for the
collection of stool in both training cohorts; 4) the validation of the signature on a cohort with
different stool collection protocol showing its robustness; 5) the miRNome-wide approach in
different biospecimens and different Gl diseases contexts that has allowed us to discriminate
miRNAs specifically dysregulated in stool of CRC patients; 6) the implementation of an
explainable ML approach able to provide an unbiased method for identifying the minimal set
of predictive biomarkers. However, we are also aware of several limitations. Although there
was a similar study design for recruitment, the two cohorts were heterogeneous for individual
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cancer categories. This heterogeneity could be responsible of the observed differences in the
median stool miRNA levels and expression differences between the two cohorts. Given the
difference in the clinical characteristics of CRC patients, the main driver of such difference
may be the higher proportion of low-grade and low-stage tumors in the CZ-cohort. However,
the fact that the results are reproducible between cohorts further supports the robustness of the
signature identified in this study.

Despite the large number of analyzed samples, the variegated spectrum of CRC, adenomas and
other precancerous lesions need to be more exhaustively represented and deserves further
investigation. For example, we did not investigate serrated lesions or deeply explore the
alterations in CRC stratified based on molecular or clinical data. In addition, even though the
observed DEmiRNAs were not reported to be modulated by the dietary habits?*, the lack of
dietary/lifestyle information of analyzed subjects may represent a limitation of the study.
Follow-up studies with additional cohorts representing patients with different ethnicity, dietary
patterns, and lifestyle habits are required but this is beyond the scope of this study, which
represents the largest sequencing-based analysis of stool miRNAs, so far.

In conclusion, this multicentric and international study based on small RNA-Seq allowed us to
comprehensively detect in stool several miRNAs differentially expressed in CRC.
Furthermore, the implemented ML approach identified a minimal number of miRNAs whose
combined profiles showed a good discriminating power for the presence of a tumor or AA,
independently from age and sex. This may represent a fecal signature for improving the
effectiveness of current non-invasive screening programs, potentially increasing sensitivity and
maintaining high specificity and applicable on a large scale, with a reasonable cost/time
required.

In this respect, for the FIT implementation, in the near future miRNA profiles will be
investigated in additional cohorts, possibly from different countries, increasing the
number/types of precancer lesions and including also FIT-negative samples, with the chance
to explore the role of diet and lifestyle habits on an adequate scale. Furthermore, the inclusion
of FIT-negative samples will allow the possibility to prospectively test miRNA profiles at
subsequent rounds of CRC screening, collecting multiple samples per individual. In parallel,
the analysis of the microbiome composition of stool/leftover FIT samples will help to deepen
the research on gut-host crosstalk with small non-coding RNAs. Finally, even if small RNA-
Seq and RT-gPCR currently represent the most commonly used approaches for miRNA
analyses, we must consider that more rapid, practical but reliable approaches, such as
biosensors, may provide an alternative to test the miRNA signature in a large clinical setting.
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Figure legends
Figure 1. Representation of the study design.

Figure 2. A) Scatter plot reporting the stool miRNA average levels in CRC patients (y-axis) or
control subjects (x-axis) from IT-cohort (left) or CZ-cohort (right). The dot color represents
the log2 fold change (log2FC) from the differential expression analyses between CRC and
healthy individuals, while the size is proportional to the age, sex, and multiple testing adjusted
P-values. B) Scatter plot reporting the correlations of log2FC of the 25 differentially expressed
fecal miRNAs (DEmiRNASs) from the comparison between CRC and control subjects and in
common between the IT-cohort (x-axis) and the CZ-cohort (y-axis). In red and blue are
reported the up-regulated and down-regulated miRNAs, respectively. C) Heat map of stool
DEmMIRNA levels in CRC and control subjects of both cohorts. For each subject are reported:
CRC stage and grade based on the AJCC system, presence of metastasis, lymph-node invasion
status (pN), tumor size (pT), tumor localization, the cohort of origin, and disease status (CRC
or controls). D) DEmiRNA levels comparing CRC patients stratified for clinical data. The dot
color represents the log2FC, while the dot size is proportional to the statistical significance.
Black borders represent tests with a P<.05. E) Line plot reporting the ability of different
combinations of feature selection methods and classifiers to perform the classification of CRC
and control subjects. Each dot represents an Area Under the Curve (AUC) obtained using a
different number of fecal DEmIRNAS in input. F) Receiver operating characteristic (ROC)
curves obtained for the classification of CRC and control subjects using the identified miRNA
signature. Data are reported for the 30% of subjects excluded from the training set (left) and
for the Validation-cohort (right).

Figure 3. Characterization of the 25 fecal DEmiRNAs in different sample types. A) Bar plot
reporting the median levels in tumor, advanced adenomas (AA), and non-advanced adenomas
(nAA) tissues. The color code represents the log2FC from the paired differential expression
analysis between CRC/adenoma tissues and matched adjacent mucosa, ***adj. P<.001; **adj.
P<.01; *adj. P<.05. B) Comparison of miRNA levels in stool of patients with CRC, colorectal
adenomas, hyperplastic polyps, or other Gl disorders with respect to control subjects. The dot
color represents the log2FC, while dot size is proportional to the analysis significance. Black
borders represent results with an adj. P<.05. C) DEmiRNA analysis in FIT leftover samples
from CRC screening: (left) the fraction of FIT-cohort samples in which each miRNA was
detected; and (center) results of the differential expression analysis between FIT-positive
patients with CRC diagnosis based on colonoscopy outcome and those with a negative one.
The dot color represents the log2FC while the dot size is proportional to the analysis
significance. Black borders represent a DESeq2 BH adj. P<.05; (right) correlation coefficients
between miRNA levels in stool and FIT buffer leftover samples from the same individuals
(***P<.001; *P<.05). D) Box plots reporting miR-1246 and miR-607-5p levels in all study
cohorts and biospecimens.
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Table 1. Study population characteristics

IT-cohort (n=317)

CZ-cohort (n=162)

Covariate Controls | Other Gl Polyps CRC P-value | Controls | Other Gl Polyps CRC P-value
(n=105) disease (n=74) (n=89) (n=36) disease (n=28) (n=66)
(n=49) (n=32)
Age Average * 59.6+10.7 | 56.7+13.6 | 66.2+9.1 | 70.6+£9.7 | 7.34E-13 | 57.8+10.5 | 58.7+9.4 63.1+8.4 | 68.0+11.2 | 8.34E-06
St.Dev.
Range 39-84 30-82 42-93 50-88 40-76 41-75 48-82 40-88
Sex Male 52 23 41 52 4.83E-01 | 14 16 14 46 1.74E-02
Female 53 26 33 37 22 16 14 20
BMI Average 25.3+4.5 | 25.0+3.4 25.0+3.7 | 25.845.1 | 9.02E-01 | 28.2+6.1 | 28.8+7.0 29.0+3.5 | 27.1+5.4 | 1.61E-01
Range 15.4-40.0 | 19.5-33.7 19.5- 16.0-44.1 21.0-43.9 | 22.0-60.9 22.6- 16.9-47.6
36.0 34.7
Smoking Non-smoker | 31 17 18 35 2.16E-01 | 25 24 13 32 2.53E-02
status Ex-smoker 16 6 20 15 3 0 8 12
Smoker 38 12 22 31 8 8 6 18
na 20 14 14 7 0 0 1 4
Localization* | Proximal 19 37 16 16
Distal 11 20 11 15
Rectum 18 28 6 34
na 32 6 0 1
Polyp type Tubular 18 19
adenoma
Tubulo- 12 0
villous
adenoma
Tubular 5 0
sessile
Hyperplastic 6 9
polyp
na 31 0




Adenoma AA 48 6
type nAA 20 13
(AA/nAA)
pT T1-T2 27 20
(Combined) | T3-T4 54 43
Tis 0 1
na 7 2
AJCC I 18 16
Staging I 24 16
Il 29 15
v 5 14
na 13 5
Grade G1-G2 39 44
G3 38 18
na 12 4
Metastasis No 49 52
(lymph node | yes 31 11
or distal) na 9 3
Other Gl Crohn's 6 3
diseases disease
Ulcerative 9 11
rectocolitis
7 17
Diverticulosis
Diverticulitis 14 0
Hemorrhoidal 13
disease
na 0 1

BMI=body mass index; CRC= colorectal cancer; Gl=gastrointestinal;AA=advanced adenoma; nAA=non-advanced adenoma; AJCC=American Joint
Committee on Cancer. *Numbers may be different from those of the of the subjects in each category due to the presence of multiple lesions.



Table 2. Expression levels and fold changes of the 25 stool DEmiRNAs in common between the IT- and CZ-cohorts.

Median levels Median levels log2FC BH Adjusted p-
Healthy CRC value*
ID MiRNA Chromosom  Genomic context IT- Cz- IT- Cz- IT- Cz- IT-cohort CZzZ-
gene ID e cohort  cohort cohort  cohort cohort  cohor cohort
t
let-7a-5p MIRLET7A  chr22 Intergenic 52.18 28.12 717.25 50.53 5.44 1.39 2.51E-24 1.05E-02
3
let-7b-5p MIRLET7B  chr22 Intergenic 20.19 12.94 47450  26.28 4.63 1.83 3.04E-19 6.54E-03
let-7f-5p MIRLET7F1 chr9/chrX Intergenic / Intron  54.93 33.83 513.72  38.72 5.41 1.40 2.27E-27 1.05E-02
/ (HUWEL1)
MIRLET7F2
let-7i-5p MIRLET7I chrl2 Partial overlap 16.75 10.68 57793  27.38 5.68 2.49 1.25E-23 6.54E-04
(LINCO01465)
miR-1181 MIR1181 chrl9 Exon (CDC37) 72.46 38.12 83.60 65.61 0.64 0.78 1.12E-02 4.63E-02
miR-12114 MIR12114 chr22 Intron (PPP6R2) 126.48 43.52 266.97 67.67 1.50 1.53 1.06E-07 4.71E-03
miR-1246 MIR1246 chr2 Intron 909.33  568.34 297091 236491 3.59 2.83 9.63E-17 3.98E-06
(LINCO01117)
miR-1290 MIR1290 chrl Intron (ALDH4A1)  46.70 33.77 231.36 82.25 3.73 2.29 1.71E-21 4.13E-04
miR-148a- MIR148A chr7 Intergenic 19.17 11.56 42527  25.82 5.60 2.27 4.19E-22 1.92E-03
3p
miR-149-3p MIR149 chr2 Intron (GPC1) 30.82 16.15 34.55 36.97 0.58 0.96 1.89E-02 3.92E-02
miR-194-5p MIR194-1/ chrl/chrll Intron (IARS2)/ 69.85 59.45 206.31  68.59 3.63 1.02 3.44E-20 2.38E-02
MIR194-2 Intergenic
miR-200b-  MIR200B chrl Intergenic 22.03 20.39 20493  23.29 5.16 1.43 2.85E-23 2.01E-02
3p
miR-21-5p  MIR21 chrl7 Exon (VMP1) 37.68 42.23 557.19  63.56 5.36 1.78 1.15E-22 1.22E-02
miR-26a-5p MIR26A1/ chr3/chrl2  Intron (CTDSPL)/ 36.78 33.23 42588 44.01 4.77 1.59 2.85E-23 1.68E-02
MIR26A2 Intron (CTDSPL2)
miR-320a- MIR320A chr8 Intergenic 27.26 16.26 27119  33.93 3.29 1.50 1.01E-15 5.33E-03
3p
miR-4323-  MIR4323 chrl9 Intron (POU2F2- 67.11 29.50 73.39 58.96 1.62 1.92 8.88E-07 5.12E-03
5p AS1)
miR-4488 MIR4499 chrll Intergenic 113.12  50.73 34290  73.67 2.53 1.23 2.94E-19 2.91E-02



miR-4492 MIR4492

miR-4508 MIR4508
miR-607-5p MIR607
miR-6076 MIR6076

miR-6131 MIR6131
miR-6777-  MIRG777

o5p
MiR-922-5p MIR922

miR-9899 MIR9899

chrll

chrlb
chrl0
chrl4

chrb
chrl?

chr3
chr2

Exon/Intron
(BCLIL)
Intergenic

Intergenic

Intron
(LINC01588)
Intergenic

Intron (SREBF1)

Exon (RUBCN)
Intron (LYPD6)

25.04

94.44
22253
32.14

31.05
235.14

335.74
71.25

14.50

34.09
132.30
23.14

15.50
140.02

206.43
50.86

34.76

98.33
51.44
15.10

103.66
42.53

71.51
33.99

22.24

86.36
87.13
15.54

22.39
80.22

89.57
26.40

1.28

0.87
-1.72
-0.68

2.08
-1.60

-2.06
-0.55

1.26

1.12
-0.88
-1.24

1.49
-1.02

-1.26
-1.03

1.62E-06

3.85E-04
2.17E-18
1.05E-02

2.19E-12
4.60E-08

1.99E-11
1.09E-02

7.47E-03

2.56E-02
6.54E-03
1.83E-02

3.31E-03
1.29E-02

3.92E-02
4.00E-02

*Age and sex adjusted analysis



Table 3. Performance of the five-miRNA predictive signature in the different comparisons.

Analysis details*

Precision

F1-score

Comparison Validation set AUC 95% ClI  Accuracy Sensitivity Specificity Diseas Control Diseas Control
(Mean % e S e S
St.Dev.)

CRC vs Controls IT-cohort + CZ- 0.86 = 0.79-0.94 0.78 0.78 0.78 0.82 0.74 0.80 0.76
cohort** 0.01

CRC vs Controls Validation cohort 0.96 + 0.92-1.00 0.89 0.90 0.88 0.93 0.83 0.91 0.85
0.01

Stage I-11 CRC vs IT-cohort + CZ- 0.86 = 0.76-0.96 0.81 0.65 0.90 0.79 0.82 0.71 0.86
Controls cohort** 0.01

Stage I-11 CRC vs Validation cohort  0.95 + 0.90-1.00 0.86 0.82 0.91 0.90 0.83 0.86 0.87
Controls 0.01

Stage Il1-1V CRC vs IT-cohort + CZ- 0.88 + 0.78-0.98  0.83 0.66 0.92 0.82 0.83 0.73 0.88
Controls cohort** 0.01

Stage I11-1V CRC vs Validation cohort  0.96 + 0.91-1.00 0.85 0.75 0.94 0.91 0.82 0.82 0.88
Controls 0.01

CRC+AA vs Controls IT-cohort + CZ- 0.84 + 0.77-091  0.77 0.83 0.67 0.81 0.70 0.81 0.69
cohort** 0.01

AA vs Controls IT-cohort + CZ- 0.82 = 0.71-0.97 0.79 0.61 0.86 0.62 0.85 0.62 0.85
cohort** 0.01

AA+nAA vs Controls IT-cohort + CZ- 0.77 = 0.65-0.89 0.73 0.62 0.81 0.67 0.77 0.64 0.79
cohort** 0.02

nAA vs Controls IT-cohort + CZ- 0.80 + 0.63-0.97 0.82 0.13 0.99 0.79 0.82 0.22 0.90
cohort** 0.01

CRC vs AA IT-cohort + CZ- 0.68 0.54-0.82 0.76 0.92 0.25 0.80 0.49 0.85 0.33
cohort** 0.02

*Analysis includes age and sex covariates.
**30% of samples excluded from the training and matched by age, sex, cohort, and CRC stage
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Supplementary methods

Stool study cohorts

Italian (IT) cohort — Stool specimens, clinical and demographic data were collected from 317
subjects recruited in a hospital-based study at one hospital in Vercelli, Italy (Table 1, Figure
1A). Based on results of a completed colonoscopy examination with adequate bowel
preparation, participants were classified into: (i) 89 CRC patients (individuals with newly
diagnosed sporadic CRC); (ii) 74 polyps patients, stratified in hyperplastic polyps (n=6), non-
advanced adenoma (nAA, n=20), or advanced adenoma (AA, n=48); (iii) 49 subjects with
gastrointestinal disease (GI) such as inflammatory bowel disease (IBD, including Crohn’s
disease, indeterminate or ulcerative colitis), or diverticular disease; and (iv) 105 control
subjects.

AA were defined based on the presence of high-grade dysplasia, villous component, or lesion
length >1 cm as defined by*. Of this cohort, 93 stool samples (from 29 CRC patients, 27 polyps,
13 subjects with a Gl disease, and 24 colonoscopy-negative control subjects) have been
employed and described previously in .

Czech (CZ) cohort — Stool specimens, clinical and demographic data were collected for a cohort
of 162 Czech individuals recruited in two hospitals in Prague and one in Plzen, Czech Republic
(Table 1, Figure 1A). Based on colonoscopy results subjects were divided in: (i) 66 CRC
patients, (ii) 28 individuals with colorectal polyps grouped in hyperplastic polyps (n=9), nAA
(n=13), and AA (n=6); (iii) 32 patients with other GI disorders; and (iv) 36 colonoscopy-
negative control subjects.

In both studies, colonoscopy was recommended for two main reasons: 1) because of the
recommendation of the family doctor for various reasons (age of the patient, complaints in the
gut, etc.); 2) because the patient had positive fecal immunochemical test (FIT; i.e., there was
blood in the stool at the time of the test and therefore it was invited to have a colonoscopy in
order to further investigate the reason for blood in stool). In any case, subjects with other major
Gl diseases than cancer were considered apart from those controls with negative colonoscopy.
Validation cohort —Stool specimens from 141 CRC patients recruited in the hospital in Brno,
Czech Republic® and 80 stool samples of healthy volunteers contributing to science® were
included as an independent validation cohort. Stool specimens from 141 CRC patients were
recruited in a hospital in Brno, Czech Republic: these subjects were previously described in °
and here sequenced for the first time for small RNA-seq.

Stool samples of healthy volunteers contributing to science are a part (about 20%) of the cohort
described and sequenced for small RNA-seq in & 7. The healthy volunteers are derived from a
subgroup of healthy subjects (no cancer, no precancer lesions) nested from the omnivorous
group described in Tarallo et al.® and from Francavilla et al.”. Only subject with age >30 years
were considered for the analysis.

Fecal Immunochemical Test (FIT) cohort — FIT leftover samples collected from 185 subjects
with positive result from FIT analysis in the CRC screening for the general population of
Piedmont Region (Italy) were added to the study. Based on results of a completed colonoscopy
examination with adequate bowel preparation, the individuals were classified as controls
(n=53), with AA (n=80) or nAA (n=30) and with CRC (n=22). Among the 185 subjects, 57
also provided stool samples before undergoing colonoscopy.

Colonoscopy was recommended because the patients resulted with an abnormal or positive FIT
levels (i.e., there was blood in the stool at the time of the test) and therefore they were invited
to have a colonoscopy to further investigate the reason for blood in stool.

Other analyzed bio-specimens



For 132 patients (102 CRC patients and 30 patients with colorectal adenoma) primary
CRC/adenoma tissues paired with adjacent colonic mucosa were collected in the same hospital
of IT-cohort. Among these patients 69 (51 CRC and 18 colorectal adenoma) donated their stool
and plasma samples and were included in the IT-cohort.

Blood samples were collected from 210 subjects of IT-cohort stratified in 52 patients with

CRC, 19 with AAs, 15 with nAAs, 6 with hyperplastic polyps, 34 with other GI disorders, and
79 control subjects.

Sample collection

Naturally evacuated fecal samples were obtained from all subjects previously instructed to self-
collect the specimen at home. For all the cohorts, stool samples were collected in nucleic acid
collection and transport tubes with RNA stabilizing solution (Norgen Biotek Corp.) and
returned to the endoscopy unit. Stool aliquots (200ul) were stored at -80°C until RNA
extraction & 8. The only exception was represented by the Validation-cohort of CRC patients
from Brno, for which stool samples were collected from untreated patients before the scheduled
surgery with DNA-free swabs (Deltalab, Spain). Patients performed the collection at home, the
morning of their hospitalization for the surgery and brought the samples to the hospital, where
they were immediately frozen at -80°C until further processing.

For the FIT-cohort, leftovers from FIT tubes (~1.2ml) used for automated tests (OC-sensor®,
Eiken Chemical Co.) for hemoglobin quantification were also collected and stored at -80°C
until use.

Plasma samples were obtained from 8ml of blood centrifuged for 10min at 1000rpm, and
aliquots were stored at -80°C until use. Plasma exosomes/EVs were isolated from 200ul of
plasma using the ExoQuick exosome precipitation solution (System Biosciences, Mountain
View, CA, USA), according to the manufacturer’s instructions * 19, Briefly, plasma was mixed
with 50.4ul of ExoQuick solution and refrigerated at 4°C overnight (at least 12h). The mixture
was then further centrifuged at 1500g for 30min. The EVs pellet was dissolved in 200ul of
nuclease-free water and RNA was extracted immediately from the solution.

Paired primary tumor/adenoma tissue and non-malignant adjacent mucosa were obtained from
CRC and adenoma patients (at least 20cm distant) collected during surgical resection and
immediately immersed in RNA later solution (Ambion). All tissues samples were stored at -
80°C until use.

Extraction of total RNA

Total RNA was extracted from all stool samples using the Stool Total RNA Purification Kit
(Norgen Biotek Corp) as previously described & °. Total RNA from plasma EVs was extracted
as described in ®1°. For tissue samples, total RNA was isolated using QIAzol (Qiagen) after
tissue homogenization performed with ULTRA-TURRAX® Homogenizer, followed by
phenol/chloroform extraction according to the manufacturer's standard protocol.

Library preparation for small RNA sequencing (small RNA-seq)

Small RNA-seq libraries were prepared from RNA extracted from tissues, stool, and plasma
EVs.as previously described in °. Briefly, the NEBNext® Multiplex Small RNA Library Prep
for Illumina® (New England Biolabs, Inc.) kit was used to convert small RNA transcripts into
barcoded cDNA libraries. For each library, 6 pul of RNA (35 ng for EVs RNA and 250 ng for
tissue/stool RNA) were processed as starting material. Each library was prepared with a unique
indexed primer. Multiplex adapter ligations, reverse transcription primer hybridization, reverse
transcription reaction and PCR amplification were performed according to the manufacturer's
protocol. After PCR amplification, the cDNA constructs were purified with the QIAQuick®
PCR Purification Kit (QIAGEN), following the modifications suggested by the NEBNext®
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Multiplex Small RNA Library Prep for Illumina® protocol. Final libraries were loaded on the
Bioanalyzer® 2100 (Agilent Technologies) using the DNA High Sensitivity Kit (Agilent
Technologies) according to the manufacturer's protocol. Libraries were pooled together (in 24-
plex or 30-plex) and further purified with a gel size selection. A final Bioanalyzer® 2100 run
with the High Sensitivity DNA Kit (Agilent Technologies) allowed to assess DNA libraries
quality regarding size, purity, and concentration. The obtained libraries were subjected to the
Ilumina sequencing pipeline on Illumina HiSeq4000 and NextSeq500 sequencers (Illumina
Inc., USA).

Quantitative Real-Time PCR

Five miRNAs of the final signature (miR-607-5p, miR-6777-5p, miR-4488, miR-149-3p, and
miR-1246) were validated with a different technique in two subsets of stool RNA from the
Italian (IT) cohort (n=51), from the Czech (CZ) cohort (n=45), and the FIT-cohort (n=8), using
the miRCURY LNA SYBR Green PCR kit (Qiagen) according to the manufacturer’s
instructions for plasma/serum. Reverse transcription (RT) was performed using the miRCURY
LNA RT kit (Qiagen) according to the manufacturer’s instructions with the addition of one
spike-in (UniSp6) to the RT reaction.

For gPCR, complement cDNA was diluted 1:30. Three ul of 1:30 water diluted cDNA products
were mixed at 7 ul of mMiRCURY SYBR Green Mastermix and 1 ul of specific miRNA probe
(Qiagen). All cDNA products were prepared in triplicate PCR reactions following
manufacturer’s instructions. For quality control purpose, one RNA sample was measured twice
and a sample containing nuclease-free water and carrier RNA was profiled as negative control.
All the reactions were run on ABI Prism 7900 Sequence Detection System (Applied
Biosystems). A melt curve analysis was performed for amplification specificity of each
individual target per sample.

GenEx software (Multi-D) was used for data pre-processing including inter-plate calibration,
evaluation of isolation and reverse transcription efficiency, setting specific cut-offs for negative
control miRNA Ct values, and triplicates averaging. The analyses were performed calculating
delta Ct (ACt) values by global mean. The fold-change was calculated as log 2-AACT between
CRC (or BC subcategories) and control samples. miRNAs with a Ct value > 38 were deemed
to be not detected. To avoid biased inference due to gPCR non-detects (Ct value = 40) a left-
censoring approach was employed. Ct values of 40 were in fact substituted with the highest
observed Ct value for a given miRNA!L. Ct values were then normalized by subtracting the Ct
value of the selected endogenous controls or the global mean Ct from each of the 5 miRNAs
of interest. Differential miRNA expression was determined by logistic regression adjusted for
age and smoking. The unadjusted P-values< .05 were considered as statistically significant,
since these analyses were hypothesis-driven.

Bioinformatics and statistical analysis

Small RNA-seq pipeline analyses were performed using a previously published Docker-
embedded software to guarantee the computational reproducibility of the analysis . Trimmed
reads were mapped against an in-house curated reference of human miRNAs based on miRbase
v22 (Supplementary Table 1A). The alignment was performed using BWA algorithm v0.7.12
12 miRNA levels were quantified using two methods called the “knowledge-based” and
“position-based” methods as described in 8. The sequences of the mature miRNAs were
compared and in case of mature miRNAs characterized by identical sequences, the associated
read counts were summed. A miRNA was considered as detected if supported by at least 20
normalized reads.

The age- and sex-adjusted differential expression analysis was performed using DESeg2 R
package v1.22.2 13 using the Likelihood ratio test (LRT) method. For tissue samples, to test the
significance of miRNA differential expression levels between CRC/adenoma tissue and



matched adjacent non-malignant colonic mucosa, a paired DESeq2 analysis was applied. A
miRNA was considered differentially expressed (DEmiRNA) if associated with an adjusted P-
value< .05 and a median number of reads >20 in at least one study group. In each analysis in
which IT and CZ-cohorts were analyzed together the cohort variable was added to the DESeq2
model to adjusted for cohort batch effect.

Statistical analysis between continuous variables was performed using Wilcoxon Rank Sum
test or Kruskal-Wallis’s test. Statistical analysis between categorical variables was performed
using chi-square test.

Functional enrichment analysis was performed with RBiomirGS v0.2.12'* in default settings
and considering the validated miRNA-target interactions from miRTarBase and miRecord. A
term was considered enriched if associated with an adj. P<.05 and at least two target genes.
The analysis was performed on KEGG (c2.cp.kegg.v7.5.1), Reactome (c2.cp.reactome.v7.5.1),
WikiPathways  (c2.cp.wikipathways.v7.5.1), Gene Ontology Biological Processes
(c5.go.bp.v7.5.1), and Hallmark gene set libraries (h.all.v7.5.1) from MSigDB v7.5.1%. The
analysis input was the average log2FC and combined adjusted P-value computed by the
differential expression analysis between CRC and control groups of IT-cohort and CZ-cohort.
Analysis of the copy number variation data from COAD cohort of The Cancer Genome Atlas
was performed by retrieving the GISTIC score from CBioPortal v4.1.15
(https://www.cbioportal.org/) considering the dataset named “Colorectal Adenocarcinoma
(TCGA, PanCancer Atlas)”.

Functional analysis of signature miRNA target genes was performed using Enrichr (version
March 29th, 2021)% considering the validated targets provided by miRTarBase. A Gene
Ontology Biological Processes was considered enriched if associated with a P<.001. Since
miR-607-5p was a novel miRNA identified in this study, its putative targets were predicted
using miRanda v3.3a ’. to scan the human 3’UTR sequences from Ensembl v109. Among the
3,807 potential targets identified, the top 100 gene characterized by the highest binding score
were used for the analysis.

The correlation analysis between faecal miRNA levels and microbial abundances was
performed by reanalyzing the small RNA-Seq and shotgun metagenomic data from 2.
Preprocessing of metagenomic data was performed following the procedures described in 23,
Specifically, raw reads quality-controlled, adapter removal, and removal of human and PhiX
reads was performed using the pipeline available at
https://github.com/Segatal ab/preprocessing. Then, taxonomic profiling was performed with
MetaPhlAn3 in default settings with mpa_v30_CHOCOPhIAn_201901 as markers database.
Correlation analysis was performed using the Spearman method and graphically represented
using the corrplot R package.

Explainable Machine Learning approach
The three-phases explainable machine learning approach to identify the minimal miRNA

predictive signature is shown in the Supplementary Figure 1. The three phases of the
workflow were: data preparation, feature selection and classification.

The data preparation phase has been designed to make the data usable to the machine learning
(ML) approach and consists in: a) dataset loading and encoding, b) dataset splitting in training
and test sets, and finally c) feature Z-score normalization. The input data consists of a list of N
subjects associated with the pathological category, characterized by a set of covariates (e.g.,
age and sex) and by a count matrix of dysregulated miRNAs. Once loaded and encoded, the
dataset is represented by a matrix X paired with a vector Y. The matrix X is composed of N x
M real numbers, where N is the number of subjects that are described by M features, which are



https://github.com/SegataLab/preprocessing

either miRNASs or covariates. The vector Y is of length N as well and contains the encoded
pathological category of each subject represented in X.

The dataset is divided into training and test sets (with a given proportion of individuals, e.g.,
70% versus 30%). The former set is used to train ML models, while the latter is used only to
evaluate the model performances. During the dataset split a stratification of the subjects
according to the pathological category and specific confounding covariates (e.g., sex, age,
disease stage) is performed. This guarantees that the proportion of pathological categories of
the whole dataset is maintained in both the training and test sets.

Finally, a Z-score normalization is applied. The mean and standard deviation of all the features
of the training set were estimated, and used to normalize both the training and the test set.

The feature selection phase identifies the most relevant and non-redundant features in the
distinction of the subjects between groups of interest. To identify the k-best features from a
given dataset multiple selection criteria are available!®. Specifically, filter methods assess
features relevance by computing a score between each feature and the target variable, while
embedded strategies are based on learning algorithms that have built-in feature selection
mechanisms. Hereby, ANOVA F-test and mutual information were adopted as filter methods,
whereas the embedded methods were based on logistic regression and random forest.

A repeated stratified k-fold Cross Validation (CV) setting is adopted to apply the selection
criteria on different subsamples of the training set to avoid, or at least reduce data overfitting.
For this study, the whole procedure was repeated 30 times for any k from 1 to 25 to test feature
sets composed of an increased number of DEmIRNASs. Each feature set was evaluated by a
classification procedure described below, to identify its average performance.

The final selection was performed by means of a utility function (peak of the AUC(k)) that
guarantees the best balance between Area Under the Curve (AUC) and the number of features
selected, namely, to select the minimal number of miRNAs providing the best performance,
that ultimately constitutes the miRNA predictive signature.

The classification phase is used to predict the qualitative response for a given subject to a
category, according to the miRNA signature previously identified. Hereby, three classifiers
were selected and applied independently: random forest!®, logistic regression?’, and gradient
boosting?. The classifiers were applied with default values for the hyperparameters.
Specifically, for random forest classifier, the parameters were num_trees=100 and
criterion=entropy while penalty = 12 was selected for the logistic regression and
num_trees=100 was set for the gradient boosting classifier. The set of patients to be classified
was partitioned using a stratified 10-fold CV. For each classifier, 100 independent runs were
performed. The performance metrics for each classifier, AUC, accuracy, precision, and recall)
were computed as an average metrics among all runs performed.

The above approach was implemented in Python 3 using the following libraries: scikit-learn?8,
pandas, matplotlib library?> for machine learning algorithms, dataset representation and data
visualization, respectively.

Overview of the miRNA content in the analyzed sample types

Faecal samples from IT-cohort and CZ-cohort. From the analysis of small RNA-seq
experiments an average of 86.50+10.03% of reads passed the preprocessing phase while an
average of 1.32+2.22% of reads were aligned to human miRNAs. The observed percentage of
aligned reads is in line with previous small RNA-seq analyses of faecal miRNA content & 8,
Despite all miRNA annotations were used for the differential expression analysis, a threshold
of 20 normalized reads was used to define a miRNA as detected in a specific sample. Using
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this threshold, on average 421.97+222.07 (range: 86-1516) miRNAs were detected in each
sample.

Faecal samples from the Validation cohort. From the analysis of small RNA-Seq experiments
on the Validation cohort, an average of 95.58+2.88% of reads passed the preprocessing phase
while an average of 1.14+1.34% of reads were aligned to human miRNAs. An average of
440.73+£217.94 (range: 75-1,713) faecal miRNAs were detected in these samples.

Plasma EV samples. From the small RNA-seq experiments on plasma EV samples, an average
of 91.41+9.85% of sequencing reads passed the preprocessing phase and on average
20.12+11.56% were assigned to human miRNA annotations. The average number of miRNAs
detected in these samples was 309.69+90.40 (range: 252-1,213).

Tissue samples. In tissue samples an average of 81.75+13.01% sequencing reads were obtained
from the preprocessing step and among them 68.56+£18.01% aligned on human miRNA
annotations. On average 581.84+173.34 (range: 403-1,997) miRNAs were detected in each
sample.

FIT leftover samples: From the small RNA-seq experiments on FIT leftover samples, an
average of 90.30+£6.04% of sequencing reads passed the preprocessing phase and on average
1.18+0.49% were assigned to human miRNA annotations. The average number of miRNAs
detected in these samples was 633.81+41.07 (range: 541-744).



Supplementary Figure legends

Supplementary Figure 1. Schematic representation of the three-phase explainable machine
learning approach. A miRNA count matrix and the clinical/demographic data are the input data,
while the best performing miRNA signature is the output.

Supplementary Figure 2. A. Box plot showing the RT-gPCR normalized levels of the five
miRNAs of the stool signature. P-value by Wilcoxon Rank-Sum test. ***P<.001, **P<.01. B.
Scatter plot comparing the stool levels of miR-1246 measured by small RNA-seq (x-axis) and
RT-gqPCR (y-axis). The coefficient and significance of the Spearman correlation analysis is
also reported. C. Scatter plot reporting the median levels (x-axis) and the expression variability
(as the ratio between MAD and median, y-axis) of miRNAs measured in stool samples (left
plot) or FIT buffer leftover (right plot).

Supplementary Figure 3. A. Box plots reporting for each study cohort, the normalized levels
of the five stool miRNAs belonging to our CRC-predictive signature. At the bottom, the levels
of miR-21-5p are also reported. The read dashed lines refer to the median miRNA level
measured in control subjects of the 1T-cohort. B. Correlation plot representing the results of
the Spearman correlation analysis between the levels of the five fecal miRNAs and F.
nucleatum, E. coli, and B. fragilis abundances by the reanalysis of data from [2]. The size of
the dot is proportional to the absolute correlation coefficient. ***P<.001; **P<.01; *P<.05.
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What You Need to Know.
BACKGROUND AND CONTEXT

Current screening programs for non-invasive detection of colorectal cancer (CRC) are based on fecal tests
with limited accuracy for early malignancies or precancerous lesions. Evaluating miRNA profiles in stool
could improve screening strategy.

NEW FINDINGS

Investigating the whole miRNome in stool and with an ad hoc explainable machine learning, we identified in
two independent cohorts five miRNAs that could accurately classify CRC from control subjects. The
signature was validated in a third cohort and assayed in fecal immunochemical test leftover samples from the
screening.

LIMITATIONS

Despite the large number of samples overall collected and sequenced, still the disease subtypes investigated
were not exhaustive of heterogeneity in CRC and adenomas. Although we showed the feasibility of the
molecular analysis, the investigation on screening samples represents still a pilot approach.

CLINICAL RESEARCH RELEVANCE

The investigation of the whole miRNome in all the cohorts led to obtain a comprehensive overview of the
fecal miRNA profiles providing the possibility to accurately single out those signals that may enhance the
accuracy of the screening. The identified miRNA signature accurately discriminate different stages of CRC
development and it constitutes a co-adjuvant to current screening programs for a non-invasive accurate
diagnosis.

Lay summary

miRNAs are involved in colorectal carcinogenesis. This study detected their altered profiles in stool samples
of cancer patients and identified a signature capable to accurately discriminate cancer patients



