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Abstract

Modern technological advances allow study of microbial communities with unprecedented
precision. It is crucial to investigate and understand these communities in disease, as it
can lead to discovery of new treatments. This thesis aims to explore gut microbiome
dynamics in inflammatory bowel disease, in particular with the influence of the sodium
butyrate treatment. To achieve this goal, a dataset of 16S rRNA sequences obtained from
stool samples of patients with Crohn’s disease and ulcerative colitis was used as well as
data from healthy donors for comparison. The patients were participants of the sodium
butyrate drug trial, thus the study of its efficiency was possible. The bioinformatics anal-
ysis was performed using QIIME 2 software, followed by functional assignment with a
use of Genomic Content Network and KEGG annotations. Then, functional composition
of the gut microbiome was studied. As a result, previously reported distinguishing pat-
terns for healthy and unhealthy microbiome were observed. It was found that sodium
butyrate treatment shows a positive influence on patients with Crohn’s disease, which can
be seen through function/function Pearson correlation values histogram and eigenvalue
decay profile of correlation matrices; while patients with ulcerative colitis did not show
any improvements.
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1
Introduction

The theoretical investigation of biological systems has been attracting attentions of physi-
cists since last century. A father of modern computing, Alan Turing, proposed reaction-
diffusion theory in his work “The Chemical Basis of Morphogenesis” (1952) in order to
explain formation of spatial patterns like the ones on animal skins. Simple reaction equa-
tions can be also used for describing self-organization of micelles. This description plays a
crucial role for understanding biological processes as, for example, membrane formation.
More sophisticated methods were applied for biological systems as well, such as statis-
tical mechanics: for example, it was used to model genetic mutations (Max Delbrück),
interactions and movement of molecules in cells (via random walk model), modelling of
mechanical properties of polymers (e.g. wormlike chain model for describing flexible
and semi-flexible polymers). A Nobel Prize in Physics (2024) was given to John Hop-
field, who proposed energy-minimizing systems, analogous to a spin glass model, that
represent associative memory. This work in particular bridged the gap between physics
and neuroscience, inspiring modern AI research.

Physicists contributed not only in theoretical research of biological systems, but also in
experiments. Rosalind Franklin, biophysicist and X-ray crystallographer, obtained diffrac-
tion images of DNA (1953), that unrevealed its double-helix structure. Such modern
technologies, as optical tweezers, allow to detect molecular motors (e.g. kinesin) or to
explore DNA’s mechanical properties. Besides that, experiments of Alan Hodkin and
Andrew Huxley on neural signaling (1952) laid a foundation for modern computational
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neuroscience.
Modern advances in technologies, such as next-generation sequencing (NGS), disclose

the possibility of investigating a particular type of biological systems, microbial commu-
nities, with unprecedented resolution. Nowadays, NGS experimental data has been made
publicly available to researches on such resources as NCBI Sequence Read Archive (SRA),
EMBL-EBI European Nucleotide Archive (ENA), Gene Expression Omnibus (GEO) and
many others. This “data explosion” is both challenging, as it requires inventing new tools
for analysis, but also an opportunity for many researchers to identify rules driving the
functioning of biological systems.

This thesis aims to explore microbial community’s dynamics in gut in inflammatory
bowel disease, using data-driven approaches. Besides that, influence of the sodium bu-
tyrate treatment is studied as well.

First, in this chapter an overview of existing approaches of studying gut microbiome is
discussed as well as why is it important for inflammatory bowel diseases in particular. In
chapter 2 the dataset used in this work is defined. Chapter 3 is dedicated to the pipeline
for bioinformatics analysis and functional inference. Finally, in chapter 4 the results are
reported.

1.1 Inflammatory bowel disease and gut microbiome

Inflammatory bowel disease (IBD) is a chronic disease of gastroenteric tissue, which leads
to episodes of inflammation [1]. IBD has two disorders – Crohn’s disease (CD) and ul-
cerative colitis (UC). During CD, areas of inflammation alternate with normal-appearing
mucosa anywhere in the gastrointestinal tract, while UC affects only the colon, resulting
in continuous inflammation [2].

IBD has become a global disease. Since 1990, while in such regions as North America,
Oceania and Europe this disease mainly shows stable or decreasing incidence, in newly
industrialized countries in Africa, Asia and South America diagnosis of IBD has been
growing [3]. However, even in western countries IBD affects 1 in 200 individuals [3].

The cause of the IBD appears to be related to abnormal host immune responses to the
intestinal microbiota [1]. Therefore, before embarking upon microbiome in IBD, first
the thorough description of the microbiome and its influence on human health should be
provided.
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Figure 1.1: Phylum-level taxonomic composition of the human gut microbiome [7].

The human gut is home to bacteria, viruses, fungi and protozoa, resulting in 100 tril-
lion different microbial organisms [4]. In fact, the gastrointestinal (GI) tract is one of the
largest borders between environmental factors, antigens and host in a human body [5]. The
composition of these microbial organisms in GI tract is referred to as gut microbiome or
microbiota. In healthy microbiome, cellular relative abundances is much greater for bac-
teria [6]. In more detail, it has been found with a combined dataset [7, 8] of MetaHit [9]
and Human Microbiome project [7] that 93.5 % of the phyla present in human gut belongs
to Proteobacteria, Firmicutes, Actinobacteria and Bacteroidetes (fig.1.1). Due to the en-
vironmental conditions of the colon, the majority of the bacteria are anaerobes. However,
there exist gradients of oxygen across the colonic wall, thus some of bacteria are faculta-
tive anaerobes [10], meaning that their energy cycles utilize oxygen if it is available and
is anaerobic if it is not available.

Gut microbiome’s symbiotic interaction with a host (human) is essential to the human
health, since it is related to the supply of nutrients and energy, development of immune
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system and host defense against pathogens [4].

One of the important processes in gut is bacteria expression of carbohydrate-active
enzymes, that later generate metabolites such as short-chain fatty acids (SFCAs). These
SFCAs can be absorbed by colon, playing a role in gut motility, inflammation, glucose
homeostasis [11]. The most abundant SFCAs are acetate, propionate and butyrate (with
a proportion of 3:1:1), which together have a concentration of 50-150 mM in colon [12].
In particular, butyrate is known for its anti-inflammatory and anticancer effects, and is an
important energy source colonocytes [5]. Among other SFCAs influence on host’s health
are modulating appetite regulation and energy intake.

Another key activity of the gut microbiome is the de novo synthesis and supply of
vitamins, as humans lack biosynthetic capacity for most vitamins and thus these should
be provided exogenously [13]. Gut microbiome provides vitamins K and B (B2 and B12),
biotin, folates and possibly others [11]. For example, vitamin B12 is mainly synthesized
by lactic acid bacteria and it cannot be produced by animals, plants or funghi [5].

As for the immune system, it was found that gut microbiome is important for both
intestinal mucosal and systemic immune system [5].

Lastly, another important function of the microbiome is protection from pathogens [14].
Microbiome influences pathogen colonization using activities such as, for example, com-
peting for attachment sites or nutrient sources [5].

The above important role of the gut microbiota is described in health. Dysbiosis, a dis-
advantageous change in gut microbiota, alternates the host-microbiota interaction. Dys-
biosis in IBD is characterized by reduced diversity of the microbiota, decrease of bac-
teria that produce short chain fatty acids, increase of mucolytic bacteria and increase in
pathogenic bacteria [4]. IBD has been long associated with dysbiosis, as composition
and diversity of the gut microbiota is a key factor of developing IBD [15]. However, no
definitive cause-effect relationship between them has been proven for humans [16]. Thus
dysbiosis is often referred to be as a “feature” of the IBD.

Nowadays, growing attention is drawn to potential treatments for IBD by influencing
gut microbiome [17]. Thus, a thorough understanding of the gut microbiome is needed,
in order to characterize better its composition and function in IBD patients. Additionally,
studying gut microbiome before and after treatment is needed for the evaluation of the
treatment in question.
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1.2 16S rRNA sequences for studying gut microbiome

16S ribosomal RNA marker gene has become widely used to access microbiome diversity.
The choice of 16S rRNA gene is dictated by several of its functions, such as ubiquity and
evolutionary properties [18]. In more detail, as reported in [19], 16S rRNA is present in
almost all bacteria, its function over time has not changed and it is big enough for bioinfor-
matics purposes. 16S rRNA gene plays a crucial role in cellular function and survival [20].
The majority of the 16S rRNA-based genotype protocols use V5 − V6,V3 − V4 or V4 hy-
pervariable regions out of the nine variable regions (V1 − V9), which with a highly con-
served primer binding sites constitute the gene sequence [20]. The alternation of highly
conserved and hypervariable regions allow researchers understand both phylogenetic re-
lationship of distant organisms as well as differentiate organisms on genus- and family-
levels.

In order to obtain 16S rRNA sequences for microbiome analysis, it is needed to perform
stool sample collection. There are three key parameters to address during sample collec-
tion and handling [20]: contamination, transportation, storage and safety. The first aspect
is important due to different sample environment or proximity of other samples leading
to unreliable results. The second aspect refers to microbial community instability, thus
immediate freezing and maintaining the same conditions are principal. The last aspect
underlines the importance of maintaining of these conditions before sequencing.

The pipeline for sequencing 16S rRNA in next or third-generation sequencing meth-
ods includes several steps: genomic DNA extraction, targeted PCR amplification, library
construction and finally sequencing [21]. More specifically, Polymerase Chain Reaction
(PCR) amplification stage targets only specific regions mentioned above; and a library con-
struction step involves collecting DNA fragments from samples that have special adapters
added to both of their ends. Then, sequencing is performed from one end to another of
each fragment and each base is detected by a unique signal that is specific to it. When
the signal is sufficient to determine the base, it is written along with a quality score that
quantifies the confidence in the base call [22]. As a result, a FASTQ files are obtained.
These files are text files that shows amino acid sequences with quality score.

After the described above procedure it is possible to use a specific software for 16S
sequence analysis with further taxonomic identification.
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1.3 Bioinformatics analysis of the microbiome
The bioinformatics pipeline is needed for microbial identification. In microbiome re-
search, methods are using either Operational Taxonomic Units (OTUs) or Amplicon Se-
quence Variants (ASVs). The general pipeline of bioinformatics analysis consists of work-
ing with raw sequences (quality-filtering and handling errors in sequences), obtaining
some form of sequence representations (OTUs or ASVs) and taxonomic classification.
The details for both methods are provided below.

The first group of methods, named clustering methods, use OTUs. OTUs are clusters
that are grouped together based on a sequence identity above a chosen threshold, which
is usually set to 97% [23]. This clustering helps to reduce the size of the dataset and
the influence of sequences with errors. The pipeline for such methods involve primer
trimming, quality-filtering, sequence clustering, chimera removal, generating OTU table
and taxonomic classification [24]. A popular tool for OTU-based sequence analysis is
MOTHUR [25].

Figure 1.2: Bioinformatics pipeline example, flowchart for ASV data in QIIME 2 [26].

The second, alternative, group of methods (ASV-based) is called denoising methods.
These methods provide higher resolution, as they identify exact sequence after error cor-
rection, without clustering. The general pipeline for such methods include quality filter-
ing, error correction, chimera removal, generating ASV table, taxonomic classification.
A popular tool for implementing ASV-based method is DADA2 [27]. Besides that, in QI-
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IME 2 [28] software both OTU- and ASV-based methods are provided, leaving a choice
to the user.

For both groups of methods the last step of the analysis is taxonomic classification.
This classification is done through machine learning methods such as, for example, Naive
Bayes classifier, or mapping to reference databases, for example SILVA [29] or Green-
genes [30]. The mentioned above tools (MOTHUR, DADA2 and QIIME 2) have built-in
functions in order to perform taxonomic classification. As an example, in fig. 1.2 the
flowchart of a typical bioinformatics pipeline for the ASV data performed in QIIME 2 is
shown.

1.4 Functional analysis of the gut microbiome
After performing taxonomic classification, a logical subsequent step would be inferring
functions from taxonomy in order to further analyze microbial community. However, it
is not possible to achieve directly from 16S rRNA sequences and additional software or
databases are required.

There are several widely used databases for classification of bacterial functions. Among
them there are:

• KEGG (Kyoto Encyclopedia of Genes and Genomes) [31]: a database that classifies
functions based on pathways, ortholog groups and metabolic networks;

• eggNOG (evolutionary genealogy of genes: Non-supervised Orthologous Groups)
[32]: extended orthologous group classification with functional annotations;

• COG (Clusters of Orthologous groups) [33]: classification focusing on grouping
proteins into families with similar functional roles;

• CAZy (Carbohydrate-Active enZymes Database) [34]: useful database for studying
bacterial carbohydrate metabolism;

• MetaCyc [35]: a database which focus is on describing metabolic pathways and
enzymes;

• Pfam (Protein Families Database) [36]: classification of protein domains and fami-
lies.

These databases provide reference in order to assign functional roles based on taxo-
nomic data. There are around ≈ 20 tools that perform such assignment [37]. The most
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popular tools are PICRUST2 [38] and Tax4Fun [39]. However, it is possible to use directly
the mentioned above databases for functional annotation.
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2
Dataset

This thesis aims to explore dysbiosis in IBD patients and the efficiency of the sodium
butyrate treatment. In order to do this, a comprehensive dataset was chosen. This sec-
tion outlines key aspects and details of the dataset source, experimental setting, and its
characteristics.

The dataset consists of IBD patients and healthy donors (HD), the latter 24 in total. The
details for the IBD patients are provided below. Sequencing was performed similarly for
both groups.

2.1 Experimental setting

The study of sodium butyrate treatment was conducted at Azienda Ospedale Università
of Padua (Italy) from September 2020 to June 2022. Sodium butyrate drugs and placebo
were provided by SILA srl, Noale Venice, Italy. Drug and placebo pills had similar ap-
pearance and taste. The study was funded by Department of Surgery, Oncology, and
Gastroenterology, University of Padua, and SILA srl, Noale. This study was conducted
by S.Facchin, M.Calgaro, M.Pandolfo, A.Buda, B. Barberio, F. Zingone, N. Vitulo, E. V.
Savarino in order to evaluate sodium butyrate treatment efficiency [40, 41]. S.Facchin
provided the raw data for an alternative analysis described in this thesis.

The choice of sodium butyrate was dictated by the fact that SFCAs, as was described
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before, are among the crucial types of microbiome bio-products. A presence of butyrate in
colon depends on the amount of butyrate-producing bacteria, cross-feeding interactions
with the gut microbiome and fibers consumed. Butyrate is the main energy source for
coloncytes, which uses of 95 % of all colonic butyrate. Besides that, it is crucial for the
intestinal immune system. Previous studies suggested that butyrate treatment could be
beneficial for IBD patients, however it was not clear for which type of IBD.

The trial was randomized placebo-controlled and prospective. The patients involved in
the study had a histologically confirmed diagnosis of IBD in the last 6 months, within an
age range 18-80. IBD patients who agreed to participate and who met the conditions for
participation in the study were randomly assigned to a drug or a placebo with probability
50 %. The drug or placebo was taken by IBD patients 3 capsules per day for 90 days.

The assignment to interventions was done by a non-involved in a study nurse and con-
cealed, thus all further processing of the data was performed blindly. Since, as stated
before, the pills had similar taste and appearance, the trial was double-blind.

Besides sodium butyrate or placebo, the patients were receiving a conservative therapy
for IBD.

2.2 Dataset details
Overall, there were 140 IBD patients in the age range 18-80 years old in total. Among
them, 60 were diagnosed with CD and 80 with UC. Since the metadata for these patients
was also provided, it was possible to make descriptive plots shown on fig.2.1. Stool sam-
ples were collected before and after 90 days of the treatment.

Collected samples were solubilized, stabilized and then stored at -20°C. The V3 − V4

regions of the 16S rRNA data were amplified with the use of these two primers:

• Pro341F: 5’-CCTACGGGNBGCASCAG-3’;

• Pro805R: Rev 5’-GACTACNVGGGTATCTAATCC-3’.

The modification of primers, needed for dual-index library preparation, was done with
forward overhang: 5’-TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG [locus-specific
sequence]-3’ and with reverse overhang:
5’-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG [locus-specific sequence]-3’.
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Figure 2.1: Descriptive plots for IBD patients: distribution of the patients’ ages for both males and fe-
males; the total number of patients receiving either sodium butyrate or placebo specified below the plots.

This procedure was done following Illumina protocol. After this, samples were normal-
ized, pooled and run on Illumina MiSeq with 2 × 300 bp approach.

The dataset is in the form of FASTQ files. In total, there are 280 files for IBD patients,
as for each patient there were two time points for stool sample collection, before and
after treatment. Each FASTQ file contains raw sequencing data, which includes these key
components for each DNA read:

• sequence identifier;

• nucleotide sequence;

• separator lines;

• quality scores.

From the metadata file, the following entries were used in this thesis:

• pathology (CD or UC);

• treatment (sodium butyrate or placebo);

• time point (T0 – before treatment, T1 – after 90 days of treatment).

The FASTQ files were then processed using bioniformatics software, followed by func-
tional assignment. These two procedures are described in detail in the next chapter.
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3
Methods

This chapter is dedicated to the bioinformatics analysis and further functional analysis of
the microbiome. First, the bioinformatics pipeline is discussed. The result of this step
is obtaining taxonomy and counts of the gut bacteria found in the samples. Second, the
methodology for mapping of functions to the taxonomy is examined in details.

3.1 Bioinformatics analysis
The bioinformatics analysis was done with QIIME 2 2024.2 [28]. Overall, there were
three main steps in this analysis:

1. preparing raw sequences;

2. denoising;

3. taxonomy assignment.

Preparing raw sequences started with importing FASTQ files into QIIME 2 and demul-
tiplexing them with q2-demux plugin. At this step, using the visualization tools available
in QIIME 2, the number of sequences found in each sample was explored. An example
of this step’s visualization is shown in the fig.3.1. Undersampling was discovered for one
sample, thus it was discarded. Then, the quality plots were explored in order to determine
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truncating lengths for forward and reverse reads. An example of the interactive quality
plot is shown in the fig.3.2. Based on these plots, the truncation lengths, used later in the
pipeline, were set to:

• 280 (forward reads) and 220 (reverse reads) for IBD patients;

• 280 (forward reads) and 205 (reverse reads) for HD.

The last procedure at preparing raw sequences was removing primers using q2-cutadapt
plugin within QIIME 2 [42]. This procedure was done separately for the batches of data
both for IBD patients and HD.

60000 80000 100000 120000 140000 160000 180000
Number of sequences

0

5

10

15

20

Nu
m

be
r o

f s
am

pl
es

Figure 3.1: Example of a distribution of number of sequences found in each sample for one batch of data
for IBD patients (forward reads), QIIME 2 visualization.

The second step of the bioinformatics analysis was denoising. Denoising was per-
formed using DADA 2 [27] implementation in QIIME 2. At the same time, the sequences
were truncated with the specified above lengths as parameters. This procedure was done
for batches of data as before. As the result, the ASV tables were obtained for each batch
of data. These tables track the number of times a given ASV was observed in each sample.
Finally, using feature-table merge function, all ASV tables were combined into two tables,
which correspond to IBD patiens and HD. Following QIIME 2 notation, these tables are
called “feature tables”. An example of a feature table is shown in the fig.3.3. Overall,
5134 and 1082 features were found for IBD patients and HD respectively.
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Figure 3.2: Example of an interactive quality plot in QIIME 2 for one batch of data of IBD patients (for-
ward reads).

Last step is the taxonomy assignment. The SILVA 138.1 [29] was chosen as a refer-
ence database. In order to make a QIIME 2-compatible database, based on NR99 SILVA,
RESCRIPt was used [43]. For the purpose of making a reference database for the specific
dataset, the low-quality sequences were culled (sequences containing 5 or more degener-
ate pairs) and the reads for amplicon region in interest were extracted, using the primers
specified above. After these steps, a ready-to-use sequence and taxonomy files were saved.
The taxonomy assignment was performed to the ASV tables through q2-feature-classifier
plugin [44] with Naive Bayes classifier [45]. This step was done for IBD patients and HD

Figure 3.3: Example of the ASV table: first five entries of the ASV table for IBD patients, QIIME 2
visualization.
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Figure 3.4: Interactive QIIME 2 interface for taxonomic assignment on a class level for IBD patients:
sample ID and frequency of the taxa are on the x and y axis respectively, colours define different taxa.

separately.

Final procedure in the bioinformatics analysis was pre-filtering taxonomy and choos-
ing its level. In general, QIIME 2 provides these levels of taxonomy assignment: domain,
phylum, class, order, family, genus, species. First, using taxa filter-table taxa were pre-
filtered, excluding entries that were not assigned to the phylum level. Then, metadata files
(for HD the metadata was just names of the samples) were merged with the obtained tax-
onomy in order to receive the interactive visualization for taxonomic assignment (fig.3.4).
Using this interactive interface, the csv files for the genus-level taxonomy were saved.
Genus level was chosen due to the fact that in QIIME 2 taxonomic classification done
against the SILVA database does not provide species-level classification.

In the end, the output of the bioinformatics pipeline were tables in csv files (separate
for IBD patients and HD), in which there were samples’ numbers as rows and taxonomy
labels as columns.
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3.2 Inference of bacteria functions
As discussed before, inferring functions from taxonomy is not possible in bioinformatics
software. Obtaining functions was done following methodology developed in [46]. In
this section taxonomic datasets (TDs), Genomic Content Network (GCN) and Functional
datasets (FDs) are defined as well as procedure of constructing these datasets and network
is described.

3.2.1 Taxonomic dataset
First, the TDs are constructed for HD and IBD patients. More precisely, for IBD patients
TDs were done for the following groups separately (for each group a further division
before and after treatment was considered as well): CD patients who received sodium
butyrate treatment, CD patients who received placebo, UC patients who received sodium
butyrate treatment and, finally, UC patients who received placebo. Overall, there were
constructed eight TDs for IBD patients and one TD for HD.

As stated above, the outputs of QIIME 2 pipeline are tables with samples’ numbers
as rows and taxonomy up to genus level as columns. The pre-processing of these tables
consisted of the following steps:

1. Removing all the missing assignments.

After this procedure, only valid genus level labels stay in the tables.

2. Combining some of taxonomic assignments.

Since later the Unified Human Gastrointestinal Genome (UHGG, version 2.0.1) [47]
database is used for inferring functions, having the labels that are found in this
database is essential. Thus, some of the assignments were combined into existing in
this database labels, e.g. Clostridia_UCG– 014 and Clostridia_vadinBB60_group
were united into Clostridia column.

3. Discarding all the taxonomic labels that were not found in the UHGG database.

After these steps, all the tables were transposed and normalized column-wise, resulting
in a vector of relative bacteria abundances for each sample. After this, it is necessary
to remove the false-positives appearing in the tables. Thus, the threshold was applied.
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Following [46], this threshold is chosen as the logarithmic flex point of the curve of the
average (α) local diversity as a function of threshold values:

η0 = argmin
η

d⟨α(η)⟩
d log(η)

. (3.1)

Alpha diversity was calculated using diversity.alpha_diversity function from skbio pack-
age [48] with chosen Shannon entropy as a metric. After this, the tables were renormalized
again, to maintain the normalization. The resulting tables are called TDs. TDs were made
separately for IBD patients and HD.

3.2.2 Genomic content network
Second, Genomic Content Network (GCN) of microbiome was constructed both for IBD
patients and HD. GCN is a bipartite graph connecting microbes to the genes in their
genomes [49]. GCN provides all the information about functional overlap of different
microbes in microbial communities. In other words, GCN provides mapping of bacterial
taxa to its functions. Furthermore, GCN’s links are weighted, representing the appearance
of a given function in a particular genome.

In order to construct GCN, the reference database and function annotations need to
be chosen. As mentioned above, UHGG (version 2.0.1) [47] was selected as a reference
database. The functional annotation adopted in this work is KEGG [31], in particular
KEGG pathways.

In detail, GCN (separately for IBD patients and HD) were constructed following this
pipeline:

1. Finding genus in interest in the database.
For each taxa from TDs, the corresponding entries (species level) were found in the
database. For each genus label, a list of links to these entries were collected.

2. Finding counts of each KEGG pathway for each genus.
Using the previous lists of corresponding to each genus entries, the total counts of
each KEGG pathway for each genus were obtained.

3. Normalization.
First, each KEGG pathway count was divided by the number of species found in the
database for each genus. Then, for each taxa the counts were normalized to one.
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Figure 3.5: Visual representation of construction of functional dateset from taxonomic dataset and ge-
nomic content network [46].

The result of the previous steps is two GCNs, for IBD patients and HD, that provide
average functional profiles within each bacteria genus.

3.2.3 Functional dataset
The last step needed for further functional analysis is obtaining FDs both for IBD patients
and HD. Conceptually, this step is shown in the fig. 3.5.

If we define FD as Φ, TD as T and GCN as G, then the equation for FD would be [46]:

Φfs =
∑
t∈taxa

GftTts. (3.2)

Here indexes f,t, and s correspond to functions, taxa, and samples respectively.
FDs were constructed for the groups specified above, thus eight FDs were made for

IBD patients and one FD was done for HD.
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4
Results

In this chapter, the obtained functional datasets for HD and IBD patients are analyzed in
order to determine the functional patterns found in healthy and unhealthy microbiome and
the influence of the sodium butyrate treatment on CD/UC patients.

4.1 Functional analysis
In the previous chapter, the procedure for making functional datasets was discussed. As
stated above, there were eight functional datasets for IBD patients (subsetting data was
done based on such criteria as UC/CD, treatment/placebo and before/after treatment time
points) and one functional dataset for HD. However, before doing this, the taxonomic
datasets were also explored in order to verify that they are not representative for the anal-
ysis, as was discussed in [46].

First, the Pearson taxa/taxa and function/function correlation matrices were calculated.
The elements of these matrices are equal to:

ρ[i, j] =
∑m

k=1(Xki − Xi)(Xkj − Xj)√∑m
k=1(Xki − Xi)2

√∑m
k=1(Xkj − Xj)2

,

where X represents either a taxa or a function, Xi =
1
m
∑m

k=1 Xki – mean of the i-th sample
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over all taxa/functions. It was found that, possibly due to the nature of the datasets, corre-
lation matrices were not positive semidefinite. In order to fix it, the algorithm for finding
the nearest positive semidefinite matrix was applied, based on [50]:

Algorithm 4.1 Nearest Positive Semidefinite Matrix (Higham’s Method)
Require: M ∈ Rn×n, maximum iterations kmax, tolerance δ
Ensure: Nearest positive semidefinite matrix X

1: Initialize Y← M
2: Set weighting matrix W← In to an identity matrix
3: for k = 1 to kmax
4: Eigenvalue decomposition: Y = QΛQ⊤

5: Replace negative eigenvalues in Λ with zero
6: X← QΛQ⊤

7: X← 1
2(X + X⊤)

8: R← Y− X
9: Y← X + WRW

10: Compute Frobenius norm ∥R∥F
11: if ∥R∥F < δ
12: Return X
13: end if
14: end for
15: Warning: Did not converge within kmax iterations
16: Return X

For all the datasets the algorithm 4.1 converged with δ = 10−12. Then, the results
were summarized into histograms and are shown in fig. 4.1 for TDs and in fig.4.2 for
FDs. In order to calculate probability density function shown in these figures, to original
histograms with 30 bins the gaussian_kde function from SciPy [51] Python package was
applied.

As it can be observed from the fig.4.1, it is not representative for the analysis, as there
is no significant difference between healthy and unhealthy microbiome taxonomic corre-
lation histograms. Thus, the further analysis was done for function-function correlation
matrices.

In order to interpret the results shown in fig. 4.2, it is necessary to mention some key
findings of [46]: there exist a core of strongly correlated functions in a healthy micro-
biome, while in unhealthy one more uncorrelated functions are observed. Since in the
dataset used in this thesis HD were provided as well, it was possible to verify this finding.
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Figure 4.1: Histograms of the values of the taxa/taxa correlation matrix before (T0) and after (T1) treat-
ment. HD group put as a reference. (A, B) UC patients, treatment/placebo. (C, D) CD patients, treat-
ment/placebo.

Indeed, the histograms values near +1 and -1 in the fig.4.2 are greater for HD than for
IBD patients. The further interpretation should include efficiency of the sodium butyrate
treatment. If the treatment is efficient, then the probability density functions of ‘after
treatment’ subgroups for IBD patients who received sodium butyrate should be more re-
sembling the healthy one compared to ‘before treatment’; and should stay the same for
placebo subgroups for both ‘before’ and ‘after’ treatment time points. As it can be seen,
for CD patients this pattern is observed, while for UC patients there are no observable
improvements after receiving sodium butyrate treatment.

To verify the above conclusions, the two sample Kolmogorov-Smirnov (KS) statistical
test was performed, using the probability densities functions from the fig.4.2. This test

23



Figure 4.2: Histograms of the values of the function/function correlation matrix before (T0) and after
(T1) treatment. HD group put as a reference. (A, B) UC patients, treatment/placebo. (C, D) CD patients,
treatment/placebo.

is a nonparametric test, which is used in order to determine whether two samples come
from the same distribution. Adopted hypotheses:

• H0: samples are drawn from the same distribution, F(x) = G(x);

• H1: samples are drawn from different distributions, F(x) ̸= G(x).

The KS statistic is defined as:

Dn,m = supx|F(x)n − G(x)m|,

where Fn(x),Gm(x) are the empirical cumulative distribution functions (cdfs). For large
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samples, H0 is rejected at level α, if

Dn,m > c(α)

√
n + m
n× m

. (4.1)

The KS test was performed with the use of SciPy’s function ks_2samp for two cases:
first, the cdfs “before” and “after” treatment were compared; second, all the cdfs for IBD
patients were compared to the cdf corresponding to HD. The results are shown in tab.4.1
and tab.4.2.

Table 4.1: Kolmogorov-Smirnov test for samples before and after treatment.

Samples KS-statistic p-value Conclusion
UC: treatment 0.03 0.76 Fbefore = Gafter
UC: placebo 0.021 0.98 Fbefore = Gafter
CD: treatment 0.071 0.013 Fbefore = Gafter
CD: placebo 0.014 0.99 Fbefore = Gafter

Table 4.2: Kolmogorov-Smirnov test for samples for IBD patients and healthy donors.

Samples KS-statistic p-value Conclusion
UC: treatment, T0 0.063 0.04 FUC_tr_T0 ̸= GHD
UC: treatment, T1 0.083 0.002 FUC_tr_T1 ̸= GHD
UC: placebo, T0 0.063 0.04 FUC_pl_T0

̸= GHD
UC: placebo, T1 0.066 0.03 FUC_pl_T1

̸= GHD
CD: treatment, T0 0.097 0.00016 FCD_tr_T0 ̸= GHD
CD: treatment, T1 0.033 0.65 FCD_tr_T1 = GHD
CD: placebo, T0 0.048 0.2 FCD_pl_T0

= GHD
CD: placebo, T1 0.058 0.07 FCD_pl_T1

= GHD

At level α = 0.05, as can be seen from tab.4.1, the null hypothesis cannot be rejected
for all the cases. However, only for CD patients with sodium butyrate treatment the p-value
is not far from the threshold and significantly lower than for other cases. Therefore, the
conclusion that for CD patients, who received treatment, the histograms of correlation
values changed much greater than in other cases can be drawn. This conclusion is in
agreement with the previously written observations.
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Next, regarding the results shown in tab.4.2, a stronger conclusion can be drawn: the
sodium butyrate treatment made function/function correlation values for CD patients dis-
tributed the same as for HD. Therefore, the sodium butyrate treatment can be considered
effective for CD patients. However, this table also brings another observation: “before”
and “after” treatment placebo subset of CD patients’ correlation values are drawn from
the same distribution as for HD. In fact, this can be observed from fig.4.2(C,D), as the
placebo subset from the beginning was much more resembling the healthy one than the
treatment one. But, with the combination of the previous results, since there is no signifi-
cant difference between two histograms for placebo subset, the conclusion of the positive
influence of sodium butyrate treatment on CD patients remains.

Secondly, the decay profile of the eigenvalues of the correlation matrices was explored.
According to [46], this profile should be steeper for healthy microbiome. This pattern is
observed for both UC and CD (fig.4.3). Moreover, for CD patients who received treatment,
the profile of eigenvalue decay became more resembling the one from HD, meaning that
this is yet another signature of sodium butyrate treatment working.

The eigenvalues of the correlation matrices were studied further: the raised question
was whether the spectrum of eigenvalues of functional correlation matrices differs from
the one obtained from random matrices. The theoretical distribution for the eigenvalues
of the random matrix is given by the Marchenko-Pastur theorem:

Theorem 4.1.1 Let X be an n×m random matrix with independent, identically distributed
(i.i.d.) entries with mean 0 and variance σ2. Define the sample covariance matrix:

C = 1
nXXT, which has dimension n× n.

The eigenvalues of C follow the Marchenko-Pastur density (as n,m → ∞ with a fixed
ratio q = m

n ):
ρ(λ) = 1

2πqσ2λ

√
(λ+ − λ)(λ− λ−), λ ∈ [λ−, λ+],

where:
- λ+ = σ2(1 +√q)2 is the upper limit of the spectrum,
- λ− = σ2(1−√q)2 is the lower limit of the spectrum,
- q = m

n is the aspect ratio of the matrix.

The properties are:

1. Spectrum Bounds: Most eigenvalues lie in the interval [λ−, λ+]. Eigenvalues out-
side this interval are considered outliers or noise.
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Figure 4.3: Decay profile of the eigenvalues before (T0) and after (T1) treatment. HD group put as a refer-
ence. (A, B) UC patients, treatment/placebo. (C, D) CD patients, treatment/placebo.

2. Limiting Cases: When q → 0 (i.e., m ≫ n), the distribution approaches a Dirac
delta at σ2.

As the relationship between correlation and covariance is given by ρxy =
cov(x, y)

σxσy
, it

is possible to proceed with eigenvalues for the correlation matrices with applied normal-
ization. The results are shown in fig.4.4 and fig.4.4. In each case, only eigenvalues in the
range [0,12] or [0,10] are taken into account, however, for each correlation matrix there
is a small subset of much larger eigenvalues (up to ≈ 120). From the figures it can be
seen that for all the cases the majority of the eigenvalues are small and do not follow the
Marchenko-Pastur distribution. First, this means that the inner structure of correlation
matrices is far from random. Second, the fact that the majority of eigenvalues are small
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Figure 4.4: Spectrum of eigenvalues of function/function correlation matrices compared to the theoreti-
cal distribution for eigenvalues of random matrices: UC patients subset.

means that functions considered are redundant and/or the data is noisy. In the context of
the adopted functional annotations, KEGG pathways, the redundancy can mean that only
a subset of the pathways are activated in the considered conditions.

Lastly, the mean abundance (MA) of each function across UC and CD patients was
found (with the division to treatment/placebo and two time points, as before). The result
is shown in fig.4.6. As it can be observed from this figure, there is no distinct pattern for
UC patients, as both treatment and placebo subsets have increase/decrease in functional
MA. On the contrary, for CD patients the MAs for placebo subset stay the same before and
after treatment, while for the group that received treatment some of the functional MAs
increase and some decrease. In fig.4.6(C) two main groups of functions are separated for
the treatment subset of CD patients for biological interpretation.
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Figure 4.5: Spectrum of eigenvalues of function/function correlation matrices compared to the theoreti-
cal distribution for eigenvalues of random matrices: CD patients subset.

4.2 Biological interpretation of change in functional mean
abundances for CD patients

In this section the two subsets of functions from 4.6(C) are discussed and interpreted with
the regard of the previous studies on the butyrate [52].

As was mentioned above, KEGG-pathway was adopted as a functional annotation in
this work. With the use of https://www.kegg.jp/kegg/pathway.html,
it was possible to restore the names and classes of increased and decreased functions. The
summary of the three most represented classes is provided in tab.4.3.

First, the three main classes of the decreased functions were explored. Regarding the
most represented class, signal transduction, there is an established knowledge that bu-
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Figure 4.6: (A, B) Mean abundance of each function computed for UC and CD. Here the mean abun-
dance before (T0) and after (T1) treatment are plotted on x and y axis respectively. The dotted line shows
when before and after treatment subgroups have the same abundances. Functions above the dotted line
increased after treatment, while the ones below decreased. (C) Increased and decreased functions for CD
treatment subgroup.

Table 4.3: Three most represented classes of functions with changed mean abundances for CD patients
who received sodium butyrate treatment.

Top Decreased functions Increased functions
1 Environmental Information Processing: Human Diseases;

Signal transduction Infectious disease:viral
2 Organismal Systems: Cellular Processes:

Endocrine system Cell growth and death
3 Organismal Systems: Human Diseases:

Nervous system Cancer:specific types

tyrate interacts with several signaling pathways associated with the maintenance of the
intestinal barrier’s integrity; specifically, with PI3K/Akt/mTOR [53, 54] and WNT/ERK
[55] pathways. The results suggest that in CD, butyrate may modulate these signaling
pathways as well. As for the endocrine system class, butyrate has been linked to the
regulation of lipolysis in adipocytes [56] and ovarian steroidogenesis [57]. The results
indicate that butyrate may participate in regulating these processes in CD, as we confirm
potential involvement of these metabolic pathways in this condition. Regarding nervous
system, butyrate has been found to influence the cholinergic and nitrergic phenotype of
enteric neurons in the colon of rats [58], as well as it has been linked to the modulation of
neurons such as orexin, which are associated with the endocannabinoid system [59]. The
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results of this work suggest that butyrate may influence the activity of the enteric nervous
system in CD, potentially affecting neural signaling.

Second, increased functions were investigated. As for the viral infectious disease class,
butyrate-producing bacteria was associated with a reduced risk of hospitalization for in-
fections; hence the findings of this work highlight a relationship between butyrate and
the regulation of signaling pathways associated with viral infections in patients with CD,
suggesting a potential protective role. Regarding cancer type class, there was established
that patients with IBD have an increased risk of developing colorectal cancer [60]. The re-
sults demonstrate a possible association between butyrate treatment and functions related
to colorectal cancer, indicating that butyrate could play a role in modulating pathways
linked to cancer progression in CD patients. Finally, as for the last most represented class,
cell growth and death, the findings of this work support involvement of butyrate in mod-
ulating these cellular processes, as reported in [61, 62].
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5
Conclusion

In this thesis, the functional patterns of the gut bacteria in IBD patients was explored using
data-driven approaches. Besides that, the influence of sodium butyrate treatment on IBD
patients was addressed.

First of all, the functional patterns of healthy/unhealthy gut microbiome, reported in a
previous study ([46]), was found for the chosen dataset as well. For both Crohn’s disease
and ulcerative colitis patients the histograms of function/function correlation values are
much lower near +1 and -1 than found in a healthy microbiome. Furthermore, decay
profile of the correlation matrices eigenvalues follows the expected differences between
healthy and unhealthy microbiomes. Thus, the results of this thesis align with the previous
understanding that in a healthy microbiome there is a core of strongly correlated functions,
while in IBD there is none.

Second, the approach discussed in this thesis provides a demonstrative way of evalu-
ating treatment, alternating gut microbiome and thus its functional composition. As an
addition to the statistical tests used in order to study treatment’s efficiency, this approach
could be used. Using this approach, it was found that the sodium butyrate treatment is
effective for Crohn’s disease patients, while it does not show any improvements for ulcer-
ative colitis patients.

Third, the spectrum of the eigenvalues of the function/function correlation matrices was
found to be non-identical to the spectrum of random matrices, thus the inner structures
of these matrices are different. It was shown that possibly the considered functions are
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highly redundant in the gut microbiome.
Lastly, since in this work the functional composition of the gut microbiome is discussed,

it was possible to find the main classes of functions, that were changed after the sodium
butyrate treatment for Crohn’s disease patients. Using the results of functional analysis,
it was found that butyrate treatment is possibly influencing processes linked to the sig-
nal transduction, endocrine and nervous system, infectious diseases and cancer, cellular
processes in Crohn’s disease.

Future work could be possibly focusing on the further exploration of functional patterns
found in IBD, with the aim of finding of unique signatures of ulcerative colitis and Crohn’s
disease. Furthermore, more detailed studies can be focused on the influence of the sodium
butyrate treatment on the Crohn’s disease.
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