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INTRODUCTION

The microbiota includes the collection of microorganisms
that colonize our body, playing a pivotal role in maintain-
ing homeostasis and modulating immune responses. An im-
balance in the composition of these microbes is associated
with various diseases, including oncological conditions [1].
From a methodological perspective, several aspects should
be considered during microbiome analysis, such as the com-
positional nature of the dataq, its high dimensionality, overdis-
persion, and the prevalence of zero-inflated count data [2].
The institutional microbiome project currently active at the Fon-
dazione IRCCS Istituto Nazionale dei Tumori was designed to
assess the feasibility of investigating the microbiota in different
tumors settings and biological matrices, with the final aim of
identifying microbial communities able of distinguishing pa-
tients characterized by worse prognosis from those with less
aggressive disease. The cancer settings included in the pro-
jects are lung, breast and prostate cancer, as well as pseu-
domyxoma peritonei.

OBJECTIVES

Given the unique characteristics of microbiome data, we
propose a unified workflow designed for analysing data from
various cancer settings to ensure consistency and compara-
bility across the different cancer types.

METHODS

Biological samples analysed in this study were dis-
ease-specific and include, tumor tissues and matched nor-
mal counterpart for lung cancer, tumor tissues for breast and
prostate cancer, matched tumor tissue, feces and mucin for
pseudomyxoma peritonei. Samples were processed using the
same standardized analytical pipeline across all pathologies.
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This process includes bacterial DNA extraction, enrichment,
library preparation and sequencing of the variable regions
of the bacterial 165 rRNA gene. Microbial communities were
firstly characterized in terms of alpha- and beta-diversity: the
first one quantifies the diversity within a given sample in terms
of richness or eveness [3], whereas second one assesses di-
versity differences between sample-groups. Specifically, for
alpha-diversity we used a set of different indices: Chaol,
Hill and Observed for richness, Gini-Simpson and Shannon
for eveness [3]; for beta-diversity the Principal Coordinate
Analysis (PCoA) analysis [4,5] was adopted together with
the PERmutational Multivariate ANalysis of VAriance (PER-
MANOVA) [4] and PERmutational Multivariate analysis of
DISPersion (PERMDISP) tests [6] by using the Bray-Curtis dis-
tance metrics [5]. Then, the workflow incorporates tests and
statistical models for both continuous and categorical data
to identify bacterial taxa that are differentially expressed or
present in distinct biological matrices or associated with clin-
ical-pathological characteristics investigated in each cancer
context. Test for paired or unpaired groups comparison were
included for both continuous and categorical data analysis.

RESULTS

Using lung cancer as a model setting, matched tumor and
normal counterpart of 155 lung cancer patients (stage I-l1),
were profiled using 16S rRNA gene sequencing for a total of
310 observation and 63 identified bacteria taxa (i.e. genus
level). The analysis revealed distinct microbial compositions, in
terms of beta-diversity, according to histology. Moreover, by
modelling the count data and its presence/absence, a specif-
ic subset of bacteria was significantly associated with tumor
progression and aggressiveness; specific bacteria were also
found differentially expressed between tissue types (tumor or
normal counterpart). We are now applying this workflow at
the other settings, with the final aim of better understanding
the bacteria that characterize tumor aggressiveness.
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CONCLUSION

The developed workflow allows: (i) the use of a shared
pre-analytical and analytical workflow of analysis among the
different tumor settings under investigation, (i) the character-
ization of the microbial community within/between samples
and {(iii) the evaluation of associations between specific taxa
bacteria and tumor characteristics.
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