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What is Metagenomics?

Reading all the DNA from all micro-organisms directly from their environments.
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@ The goal:

To uncover how the
invisible microbial world
works — who is there,
what they do, and how
they interact with us and
the environment.
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How Do We Unlock the Microbial World?

DNA Extraction DNA Sequencing
All DNA is extracted from Sequencing machines read the
the sample (soil, water, DNA base by base, producing
gut, etc.) millions of fragments
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DNA Reads

Short DNA sequences
representing all organisms
in the sample

@FORJUSPO2AIWD1

CCGTCAATTCAT ‘ AGTTTTAACCTTGCGGCCGTACTCCCCAGGCGGT
+

AAAAAAAAAAAA:|:99@: : : : ??@@: : FFAAAAACCAA: : : : BB@@?A?
&

‘ 1 Q scores (as ASCII chars) ‘

’ Base=T, 0=":'=25 ‘

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA



Why Should We Care?

@ Antibiotic Resistance
Monitoring the spread of
resistance genes in
hospitals, farms, and the
environment is essential
to prevent future health
crises

@ Human Microbiota
Gut microbes influence
immunity, brain function,
and chronic diseases —
understanding their role
is key to personalized
medicine.

€OVID - 19

@ covip-19
Sequencing revealed new
variants early and helped
track the evolution of the
virus during the
pandemic.

@ Wwastewater Detection
Sewage surveillance can
spot outbreaks before
clinical cases emerge,
offering a powerful early-

warning system.
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Who Does What in a Metagenomic Study?

< Clinicians & Biologists
* Design the study and select subjects/sampling sites
* Collect and prepare biological/environmental samples

* Bioinformaticians
* Process raw DNA sequences into usable formats

* Use HPC systems and massively parallel pipelines (often described as “embarrassingly parallel”) to efficiently handle
large-scale data

Il Data Scientists & Statisticians
* Analyze abundance profiles or embeddings
* Uncover patterns, associations, and biological insight
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How Do We Analyze Metagenomic Data?
Once we have the DNA reads, how we can extract useful information?

Profile-Based Analysis Language-Based Modeling
7454
s Tokenization ~ Deep Model
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* Quantify known or reconstructed elements * Tokenize DNA into little pieces and embed
(e.g., species, genes, MAGS) with deep models.
* Produces sample x feature matrices for e Captures structure and semantics, similar to

downstream analysis natural language.
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Absolute Counts Don't Tell the Whole Story
How variations in sequencing depth affect the interpretation of metagenomic profiles
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From Counts to Proportions
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Compositional Datasets: Proportions, Not Absolute Values
Just like voting trends and wealth distribution, metagenomic data represents proportions

2PP voting intention trends
Average of national polls from YouGov Galaxy, Essential, Resolve, Roy Morgan, and Ipsos

Jun19 Sepl19 Decl19 Mar20 Jun20 Sep20 Dec20 Mar2l Jun2l Sep2l Dec?l Mar22 Jun2?2

Polling average model by Professor Simon Jackman

Political voting trends as proportions of the
total electorate, where relative changes
matter, not absolute numbers.

The share of total US wealth

1913-2012
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The share of total wealth held by different
income groups, illustrating how proportions
reflect the inequality, not total wealth.
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Metagenomics Data Lives on the Simplex
Euclidean Metrics and Compositional Data: A Bad Match

Cartesian Space Simplex
100 £

o
o
o . |
D Fixed Sum
| Transformation
"ol 00> P
N o 50
Qt 40
20
o + + + +
0 20 40 60 80 100
X Y4

Euclidean metrics for proximity and correlation estimations.

ALMA MATER STUDIORUM
11 UNIVERSITA DI BOLOGNA



Choosing the Right Metric Changes Everything
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Different metrics lead to different
structures in microbiome data.
Be cautious: standard distances can distort
the real biological variation when applied

to compositional data.
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Horrible Distributions in Metagenomic Data
Heavy tails, positive values and many zeros completely violate the assumption of normality.

Frequent zeros represent
values below the detection
threshold, not the absence of
taxa. They should be treated as
missing values due to technical
limitations in measurement.
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Metagenomics Data Could Be Really Sparse

About 90% of the elements of the count matrix are 0!

Taxa

Counts Sparsity

Samples

Detection

. Absence (=0)
. Presence (>0)
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Misleading Relationships in Compositional Data

How the fixed-sum constraint can create false relationship between variables.

Winter

Summer

1.00

0.751
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Species
Deer
Elephant
Gazelle
Giraffe
Hippopotamus
Lion
Mosquito
Zebra

Proportionality Issue: The
increase in mosquito abundance
doesn't mean other species have

decreased. The fixed sum

constraint leads to a shift in
proportions, not actual
decreases.

Interpretation Caution: Relative
changes in compositional data
are influenced by the fixed sum
constraint and may not reflect
true biological changes.
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False Correlations from Relative Data
The fixed-sum constraint ties all variables together—one change alters the rest.

Increasing the abundance of a single
variable (top row) in compositional
data leads to widespread false
correlations when applying standard
correlation (bottom row). These
spurious links are not real but
induced by the fixed-sum constraint.

Generated O

This phenomenon was already
described by Karl Pearson in 1897 as
"spurious correlation"” due to
common denominators.
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Recap On Metagenomic Data Issues

Spurious ! High

Correlations

Compositional
Nature

Excess of Zeros

Dimensionality

Not Normal
Distributions

* Requires filtering out rare features with excessive
zeros to reduce sparsity.

* Requires normalization to address both the
compositional nature and the heavily skewed
distribution of the data.

\h

To properly deal with compositional data, | rely on the

theory developed by John Aitchison in the 1980s. This

framework uses log-ratio transformations to correctly
handle the constant-sum constraint.

While this is a widely accepted approach, other strategies
also exist depending on the context and research goals.
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Real Case Study - POMP DO

Control Fat

18

Protein

Objective: To investigate microbiome
differences in mice subjected to three
different diets.

Diets:

e Control: AIN

e High Fat: CHOLICH

* High Protein: PROTEIN

Cohort Size: Over 800 samples.
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Overview

Alpha Diversity Beta Diversity
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distinction between the
three diets
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Filtering Step

protein

count

ain cholic 100

50

After the filtering step there is a core
of shared OTUs (43%) but also others
specific for the diets with a larger

overlap between control and protein
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Bacterial Networks

AIN - Taxonomies

PROTEIN - Taxonomies

CHOLIC - Taxonomies
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PROTEIN - Communities

CHOLIC - Communities

Top row networks with vertex
color associated to the
taxonomical families.

Bottom row same
networks but the colors are
associated to communities.

All networks show clear
distinction in
communities with a
modularity >=0,6.
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From Who’s There? to What Are They Doing?
Predicting Metabolic Functions from Microbial Communities

* Afteridentifying the microbial composition, | inferred metabolic pathways to understand the functional
potential of each community.

e This marks a conceptual shift from "Who are you?" (bacterial profiles) to "What do you do?" (metabolic
functions).

* | used PICRUSt2 to predict pathways, running the analysis in parallel on the OPH HPC cluster at UniBo.

* Thanks to parallelization, it took just 1 hour on the cluster — versus a few days on a standard laptop.
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Real Case Study — POMP DO Metabolic Pathways

Aok

Community

® ain_1
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Methodology: Extracted metabolic
pathways from bacterial communities
using PICRUSt2.

Key Findings:

* Isolated Communities: Two distinct
islands represent unique
communities specific to the
network diet.

* Major Island: One large island with
three highly conserved communities
across all diets.

* Macro Island: A significant grouping
of various communities, each linked
to different dietary conditions.
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Real Case Study — Map Of Antimicrobial Resistance Genes

Abundance
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Reconstructed Bacterial Genomes from Sewage
A glimpse into the bioinformatics behind large-scale genome recovery

~1 month of computation @7

MEGAHIT

7 a
Single Sample
bbduk2 Assembly (SSA) Metabat?2 Checkm2 dRep gtdb-tk
Raw Reads Trimmed Reads ~42*108 contigs MAGs (SSA) 9,466 De-replicated MAGs ,
- 9 Bins (SSA) 23,082 MAGs (COASS) 3,401 2332 glaaxsosl?ﬁglt(l;:rlm
Pairec_!-end samples phred<20, Ve Bins (COASS) 11,643 Conta;mnat/on<_10 ~65% Unolassified Species
7 Sites, 2 years min length 50bp Co-assembly Completeness>=50 ANI>=0.95
Trimming (C022*81SO)6on 7t§|tes Binning Quality Control De-Replication Classification
~ contigs

-

contig size >= 1000bp

Assembly

In metagenomics, assembly is the process of merging millions of short sequencing reads into longer contiguous
sequences (contigs), aiming to reconstruct microbial genomes. It’s a standard yet computationally intensive step. In this
project, the assembly alone took over one month on 40 CPU cores and 1 TB of RAM using the Computerome
supercomputer in Denmark.
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2,332 MAGs Reconstructed — Many Still Unknown
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Assembly Method Classification
Il COASS M Classified
SSA B Unknown
Order
o__Acidaminococcales M o_ Enterobacterales o__Pseudomonadales
o__Acidimicrobiales I o__Flavobacteriales o__Rhizobiales
M o__Actinomycetales I o__Lachnospirales o__Rhodobacterales
[ o__Anaerolineales o__Lactobacillales o__Saccharimonadales
[l o__Bacteroidales o_ LD1-PB3 o__Sphingomonadales
. o__Burkholderiales o__Micavibrionales o__Synergistales
o__Campylobacterales  o__Moranbacterales [ o__Veillonellales
[ o__Caulobacterales o__Mycobacteriales 0__Xanthomonadales
I o__Chitinophagales o_ Oscillospirales Others

. o__Christensenellales o__Peptostreptococcales
o_ Desulfovibrionales [ o__Propionibacteriales

classify
M FALSE
M TRUE
1344
911
.
496 146
142 350
dRep COASS SSA SHARED

~65% of MAGs are
unclassified species

Genomic diversity
reflects the complexity
of urban wastewater
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Bacteria—AMR Network of the Global Sewage
A community of Enterobacteriaceae shows strong links with resistance genes

* Network linking bacterial taxa
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Key Insights from Today

Metagenomic data are compositional — absolute counts can be misleading

Proper normalization and modeling are crucial for meaningful analysis

Dimensionality reduction and networks help uncover biological patterns

Bioinformatic pipelines and HPC enable large-scale processing

Interpretation requires awareness of both technical and biological constraints
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Thanks for your attention

Questions?

www.unibo.it
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