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Abstract 
 
Sukithar Kochappi Rajan (2020): Metagenomic Characterization of the Gut 
Microbiome in Cohorts of Elderly. Örebro Studies in Medicine 222. 
 
Human gut microbiota plays a vital role in maintaining host health. This 
thesis aims to investigate the gut microbial population and function using 
next generation sequencing (NGS) data from faecal samples. Paper I exam-
ines the influence of sequencing depth and analysis methods in microbiota 
profiling using NGS whole genome sequencing (WGS) data. By subsampling 
the metagenomic data, the influence of varying sequencing depths on dif-
ferent phylogenetic classification methods is investigated. This suggests 
that necessary sequencing depth would be dependent on the individual 
research plan. This paper recommends the need for a consensus approach 
and an informed choice of NGS analysis method selection for a reliable 
prediction. Paper II relates the gut microbiota to general health, nutrient 
intake, physical activity, medications, and psychological distress in com-
munity-dwelling older adults and senior orienteers. A higher abundance of 
F. prausnitzi in the faecal microbiota of senior orienteers confirms the hy-
pothesis that senior orienteers can be seen as a model for healthy ageing in 
the perspective of the microbiota. Paper III focuses on assessing the validi-
ty of function prediction using LC-MS at multiple annotation levels. Pre-
dicted and quantified protein-pathway profiles were subjected to correla-
tion analyses, which showed statistically significant association between 
predicted and quantified proteins as well as predicted and quantified 
pathways. This study also showed a direct relation between protein abund-
ance and correlation for predicted and quantified proteins at higher func-
tion levels. Paper IV investigates the effects of faecal microbiota transfer 
(FMT) on functional microbiota profiles. This study showed that allogenic 
FMT did not alter the metabolite profiles, but it seems to disturb the gut 
microbiota-metabolite interactions when compared to autologous FMT. 

This thesis reiterates the need for carefully selecting prediction tools 
and methods for microbiome analysis. The findings of this thesis could 
stimulate more focused studies using NGS in medicine and aid in better 
understanding of host-microbe interactions. 
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INTRODUCTION 

Gut microbiota 
The human gastrointestinal tract is a complex ecosystem, colonized by a dy-
namic microbial population, which forms communities of bacteria, viruses, 
and microbial eukaryotes; collectively known as gut microbiota (1–3). These 
microbes, which exist and expand from birth, consist of almost 2000 known 
microbial species with more than 3 million genes, together with unknown 
species, which weighs up to 2 kgs (4,5). Gut microbiota maintain a balanced 
symbiotic status with the host, having an important role in maintaining host 
health, forming crucial barrier against invading pathogens. Gut microbiota 
also play a vital role in the development and maturation of host immune sys-
tem and in the metabolism of non-digestible compounds, ensuring adequate 
supply of essential vitamins and short-chain fatty acids (3). The efforts to 
understand and characterise the human gut microbiota, in relation to their 
composition structure, diversity, and function, has gained acceleration in re-
cent past, making full advantage of advancements in molecular techniques 
and sequencing technologies. Given the importance of gut microbiota in 
maintaining host health, the more we are informed about their composition 
and function, the easier it becomes to understand the pivotal relation be-
tween the microbiota and the host. 

Human gut microbiota composition, which is unique for every individual, is 
shaped by multiple factors like age, diet, geography, environmental exposure 
and many more as shown in Figure 1 (6–9). 

Figure 1. Factors affecting the composition of gut microbiota (Figure 
adopted from previous study (10)). 
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However, only a small part of this microbial variation can be attributed to 
host genetics. The composition of the gut microbiota has been shown to be 
shaped largely by factors other than by the host genetics. Studies have shown 
significant similarities in microbiota composition of genetically unrelated 
hosts. However, 20% of microbiota variability between hosts can be ex-
plained by environmental factors such as dietary habits, psychological stress, 
medications, and other aspects of lifestyle (11). The human gut microbiota 
helps in digestion, breaking down complex carbohydrates, proteins, and fats 
to an extent. This results in a multitude of microbial metabolites that can act 
both locally and systematically on reaching the bloodstream. Human gut mi-
crobiota is largely involved in the regulation of multiple host metabolic path-
ways, resulting in host-microbiota metabolic, signalling, and inflammatory 
axis that physiologically relates the gut, liver, muscles, and brain (12). Micro-
bial metabolism of both exogenous and endogenous compounds to nutrients 
usable by the host is a direct benefit, while metabolites can also modulate the 
immune system through impacting the physiology and gene expression of 
the host (13). The diversity of human gut microbiota composition has been 
correlated with aging, which was characterized by varying abundance of bac-
teria in different age groups (10). 
 
Gastrointestinal problems 
The human gut microbiota composition undergoes largely natural, inevitable 
and benign changes during different stages of life. Previous studies have 
shown an association between disturbed microbiota and several health dis-
orders (14–16). Recent studies show that involuntary perturbations in gut 
microbiota composition could strongly impact several features of host health 
and disease (10,17). Studies have also shown that disturbances in gut micro-
biota, along with mucosal inflammation may contribute to the development 
of Irritable Bowel Syndrome (IBS) (2,3). Patients with gastrointestinal disor-
ders such as inflammatory bowel disease (IBD), irritable bowel syndrome 
(IBS), and metabolic syndrome, and patients with extraintestinal diseases 
such as neuropsychiatric diseases are shown to have a different gut microbi-
ota from healthy subjects (18). Gut barrier integrity and enhanced pro-in-
flammatory cytokines could partly or potentially influence the pathogenesis 
and progression of various metabolic diseases that are prevalent in elderly 
people. An imbalanced gut microbiota and microbial metabolites are known 
to be associated with an aberrated gut barrier (12). Alterations in the aging 
gut microbiota composition can also impact the bidirectional neurohormo-
nal communication system, known as the gut-brain axis, and thereby imped-
ing neural, endocrine, nutrient, and immunological signals. Such an obstruc-
tion of the gut-brain axis could influence a broad spectrum of diseases in-
cluding IBS, multiple sclerosis, autism, and psychiatric disorders like 
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depression and anxiety (19). Age-related gut microbiota dysbiosis are also 
shown to be a vital contributing factor of age-associated pathological states 
such as chronic inflammation (20), neurodegeneration (21), diabetes (22), 
liver fibrosis (23), non-alcoholic fatty liver disease and cardiovascular dis-
ease (24). Diet has an important role in healthy aging alongside genetics, so-
ciological, physiological, and psychological factors and external conditions. 
Even though the role of diet and nutrition is central to sustaining of life, little 
is known about the specific nutritional interventions that can effectively pro-
mote healthy aging (25). 
 
Recent studies show poor diet intake (quantity and quality) in older people 
are linked to less diverse gut microbiota, and more rapid signs of frailty and 
aging. Studies demonstrate that higher dietary quality was positively corre-
lated to a higher gut microbiota diversity. In particular, individuals who con-
sume whole grains and vegetables on a daily basis manifested with higher 
gut microbiota diversity (26). Recent studies are offering novel insights into 
the relationship between diet, gut microbiota, and general health. Studies 
demonstrate the feasibility modulating the host gut microbiota by improving 
the habitual diet, which in turn has the potential to promote healthy aging 
(10,26–28). 
 
Current treatment options 
Administration of viable microorganisms that promote or support a benefi-
cial balance of the autochthonous microbial population of gastrointestinal 
tract - probiotics - is reported to improve gastrointestinal discomfort and im-
mune health (29). Probiotics have an important role in maintaining the im-
munological homeostasis in the GI tract through direct interaction with im-
mune cells. They help to restore normal bacterial microflora in the colon and 
aid in effective functioning of the GI tract by a variety of mechanisms (30). 
Prebiotics are food components that often consist of carbohydrates, that are 
not digested by the host, but are fermented by the gut microbiota. Prebiotics 
are nondigestible food particles (oligosaccharides in general and fructooli-
gosaccharide and xyloseoligosaccharide in particular) that beneficially affect 
the host by selectively stimulating the growth or activity of selected colonic 
microbial species, and thus help to improve host health (31). Prebiotic health 
benefits are mainly attributed to immune regulation and microbial metabo-
lite production (32). Common probiotic strains like Bifidobacterium and Lac-
tobacilli, when combined with prebiotics, are able to improve the viability of 
the probiotics (33). This combination of probiotics and prebiotics that bene-
ficially affects the host is known as synbiotics (34). Improved IBS symptoms 
have been reported in human and animal studies by manipulating gut micro-
biota with diet and probiotics, with promising short-term and long-term 
therapeutic options (35). Although both prebiotics and probiotics 
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approaches seem to have some beneficial effects on the host immune system 
and overall gut homeostasis, the changes induced are often limited and non-
persistent. 
 
Recent studies have shown a more effective approach to reinstate the gut 
microbiota composition by faecal microbiota transfer (FMT) (36). FMT is an 
infusion in the colon, or the delivery through the upper gastrointestinal (GI) 
tract, of suspended stool from a healthy donor into the intestine of a recipient 
(patient) with the aim to reinstate the healthy gut microbiota (37). The 
short-term success of FMT in treating GI tract symptoms has led to investi-
gations of its application to other gastrointestinal disorders and extra-intes-
tinal diseases with probable gut dysbiosis. Recent studies show success in 
restoring gut microbiota after Clostridioides difficile infection using FMT 
methods with a positive effect (38,39). Studies have shown the influence of 
FMT on gut microbiota composition and their functions, by reporting a 
change from baseline microbiota and predicted functions (40). Despite 
promising results of FMT, several barriers remain, including characterizing 
gut microbiota, monitoring safety of the recipient of faecal material, quality 
control, and maintaining reasonable cost (41). 
 
 
Microbial identification methods 
Knowing “who is there”, in relation to gut microbes, is essential for decoding 
the physiological relationship between the host and strains in the gut micro-
biota. Historically, the focus to understand human-microbe interaction was 
set on single pathogenic organisms, as the non-pathogenic microbes were 
thought to be benign and unlikely to have effects like their counterparts 
(42,43). 
 
Culture-based methods 
The cultivation of microbes plays an important role in decoding the physio-
logical relationship between the host and strains in the gut microbiota (42). 
Following the invention of plating techniques for microbial culturing by Rob-
ert Koch in 1881, microbiology became entirely culture dependent through-
out a century. Since then, more than 1000 different species across all three 
domains of life – bacteria, archaea, and eukaryote – have been identified in 
the human gastrointestinal tract (44). The cultivation of microbes under ver-
ified laboratory conditions is still complicated for various reasons and rather 
laborious and tedious. Low-abundant and slow-growing microorganisms 
may be outcompeted by high-abundant and fast-growing species. Others 
may fail to grow on conventional media due to unfavourable conditions like 
change in pH, redox state, temperature, or availability of essential nutrients 
(42). It is estimated that less than 20% of the environmental bacteria could 
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be grown in defined growth conditions (45). This approach is labour-inten-
sive, time-consuming, and often inadequate to differentiate the strains phe-
notypically. These limitations are critically important in areas which rely 
heavily on rapid and accurate identification such as medical diagnostics, food 
quality control, pharmacology, and even in forensic investigations (46,47). 
 
Culturomics – the massive culturing of bacteria by using different types of 
growth media and conditions (aerobic and anaerobic) and incorporating by-
products into the culturing media in order to mimic the natural habitat – is a 
new method of culturing bacteria in masses. This method has made signifi-
cant advances in enabling the discovery of new bacterial species. Still, it re-
mains biased favouring high-abundant and fast-growing at the expense of 
low-abundant and slow-growing microbes even under simplified conditions. 
This remains a tool used mainly for research, with limited clinical acceptance 
(48,49). 
 
Culture-independent methods 
The limitations of culture-based identification studies prompted great inter-
est in alternative approaches, called culture-independent methods or molec-
ular methods. Molecular fingerprinting is an approach that generates pat-
terns of bands from DNA directly from a sample or from PCR amplification 
of specific regions, suitable for examining bacterial composition (50,51). The 
widely used fingerprinting methods are denaturing gradient gel electropho-
resis (DGGE) (52), temperature gradient gel electrophoresis (TGGE) (53), 
and terminal restriction fragment length polymorphism (T-RFLP) (54). 
These methods are based on the separation of DNA fragments based on their 
chemical or physical properties into a pattern, using gel electrophoresis. 
However, the lack of taxonomic mapping of communities and underestima-
tion of communities due to band overlapping are considered main draw-
backs of these methods (49). 
 
Fluorescent in situ hybridization (FISH) is a cytogenetic technique that uses 
fluorescent labelled short DNA fragments (oligonucleotides) to target spe-
cific locations on DNA sequence. This method, which is good sensitivity for 
detecting low abundance organisms, allows bacterial quantification. FISH is 
most often used clinically, when a specific bacterial group is targeted in a 
sample. However, oligonucleotides are species-specific or group-specific and 
have limited use in whole population analysis (55). 
 
Quantitative PCR (qPCR), also known as real-time PCR, is another molecular 
method for detecting specific groups of organisms using species-specific and 
group-specific primers (short pieces of single stranded DNA). By using uni-
versal primers that amplify bacteria in general, all bacteria content of a 
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sample can be quantified. Whereas, a different set of primers is needed to 
target each bacterial taxon under consideration, which urges the use of mul-
tiple probes to target multiple taxa within a single reaction. Apart from the 
complexity in multiplexing, these reactions are time-consuming, expensive, 
and result in limited amounts of data (56). 
 
Microbial identification using advanced molecular methods facilitated inclu-
sion of numerous novel members to the domain. However, many other ob-
servations like those related to the microorganism’s metabolic and ecologi-
cal function, remained unanswered. DNA or gene cloning is a method where 
a specific fragment (DNA) of interest is inserted into the genetic material of 
a growing bacteria (57). This cloned “insert” can be amplified and sequenced 
later, followed by data analysis. This labour-intensive, expensive, and low 
output procedure was later automated by Sanger sequencing and later by 
NGS. 
 
 
Next Generation Sequencing technologies 
DNA sequencing is the process of determining the exact order of nucleotide 
bases in a DNA strand. First DNA sequence of 24 base pairs of lac operon was 
obtained in 1973 using two-dimensional chromatography. Frederick Sanger, 
in 1977, became the first person to sequence the complete DNA genome of 
bacteriophage ΦX. This was considered as first generation sequencing tech-
nology and referred to as Sanger sequencing (58). Moreover, Walter Gilbert 
introduced “DNA sequencing by chemical degradation” technique in 1977 
(59). Sequencing of complete genomes demanded better and improved tech-
nologies, as early sequencing techniques were slow and expensive. The 
newer next-generation sequencing (NGS) or Massive parallel sequencing 
methods, is a high-throughput approach of automated DNA sequencing, able 
to produce more sequences at higher pace. Noted advances in NGS platforms 
happened after 2000. “Sequencing by synthesis” is an approach used by Illu-
mina, which is the most used sequencing platform. 454 Life Sciences is an-
other company that uses “sequencing by synthesis” principle. “Sequencing 
by ligation” is another method, known as SOLiD sequencing, used by Life 
Technologies. Detection of hydrogen ion release during incorporation of de-
oxynucleotide triphosphates (dNTPs) into a growing DNA is yet another 
strategy, marketed as ion torrent sequencing, implemented by Thermo 
Fischer (60). All these platforms have advantages like long reads and high-
throughput and disadvantages like high cost and low sequence quality; mak-
ing the researcher choose a preferred platform that suits their research 
goals. There are more advanced platforms known as third-generation se-
quencing like PacBio and Oxford Nanopore, which use no amplification – sin-
gle molecule methods, producing longer reads (4kbp to 50 kbp) at higher 
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rates (61). NGS is a powerful platform that has enabled sequencing of 1000s 
to millions of DNA molecules simultaneously. Owing to the richness of NGS 
output, storing and analysing NGS data needs special consideration (62). 
NGS is performed mainly in two types: whole-genome sequencing, where the 
nucleotide ordering of entire genome of an organism is determined to un-
derstand the entire gene pool; and targeted sequencing, where only a se-
lected region of the genome is being sequenced to study specific regions 
(63,64). NGS methods eliminated the need to clone PCR products into a vec-
tor, and then sequence the bacterial vector. NGS facilitated a paradigm shift 
from studies reporting a dozen to hundreds of bacterial sequences to studies 
that reported millions, at a lower cost and effort. 

Metagenome sequencing is used to randomly sequence fragments to DNA 
content of an environmental sample (e.g. faeces). In this approach, the DNA 
is sequenced directly from the sample, bypassing PCR amplification and re-
ducing potential bias. Metagenomic sequences are used to understand the 
underlying taxonomy composition and to predict the functional profile of a 
sample using bioinformatic tools. Targeted amplicon sequencing focuses on 
specific genes and amplicons (amplicon is a piece of DNA/RNA which is the 
source or product of amplification or replication events). Direct amplifica-
tion of highly conserved regions (e.g. 16S rRNA) and hypervariable regions 
that differ greatly between strains are sequenced by NGS. This data can be 
used to investigate the microbiota composition of the sample (49). 

Assessing microbiota composition and function using NGS 
Metagenomics is a molecular tool for the genomic analysis of microbes by 
direct extraction and cloning of DNA from a microbial population. Meta-
genomics revolves around the notion “what is present and what are they do-
ing” in relation to microbial communities (43). Metagenomic analysis pro-
vides an extended level of technical innovation that facilitates the under-
standing of physiology, function, and ecology of environmental microorgan-
isms (65). The effective use of metagenomics has played a significant role in 
microbial profiling, understanding the diversity and abundance of a micro-
bial population, and providing a quantitative measure of community dynam-
ics (66). Functional metagenomics enables high resolution genomic analysis 
of unculturable microbes and tries to correlate their genomes with specific 
functions in the environment. Metatranscriptomics and metaproteomics are 
relatively recent sub-areas of metagenomics, analysing RNA and proteins re-
spectively, enabling further functional analysis of microbial communities. 
The integrative omics approach enables a comprehensive understanding of 
the community from genera-species to genes to RNA to proteins and metab-
olites as illustrated in Figure 2(67). 
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Figure 2. Schematic illustration of different components of integrated multi-
omics data approach. (Figure 2 has been adopted and modified accordingly 
(68)) 

Current bioinformatics practices for analysing metagenomic data is to map 
the sequencing data on similar known sequences, which relies heavily on col-
lections and databases of reference genomes. Often, the diversity of the met-
agenomic data is far beyond the coverage of available reference genome da-
tabases. Sequence classification and taxonomy assignment methods largely 
depend on identifying similarity between a query sequence and a collection 
of annotated sequences in bacterial genomes (69). Previous studies have re-
ported the influence of choice of reference genome databases in taxonomy 
classification (70,71). Studies comparing different reference genome data-
bases showed different taxonomy assignment using the same sample (69). 
“Clustering-first” and “assignment-first” are two widely used classification 
strategies used by common classifiers (72). Classification tools like MetaPh-
lAn 2.0 (73), QIIME (74), and mothur (75) use the clustering-first approach, 
where sequences are grouped based on their similarity initially, and taxo-
nomically classified using reference genome databases later. In a “assign-
ment-first” strategy, on the other hand, sequences are classified directly us-
ing reference genome databases (69). Kraken (76) and Clark-S (77) are clas-
sification pipelines that uses this approach. 

Individuals within a group often do not share their specific microbiota com-
position, even when they have shared clinical characteristics. This presented 
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a need for more aggregated measures of composition like diversity and in-
vestigating the functional potential (78). The widely accepted practice of 
function prediction for new sequences is to find the most similar sequences 
with existing functional annotations and translate their annotations (79). As-
signing functions to sequences, referred to as “functional annotation”, has 
been established on different annotation levels like proteins, orthologs, me-
tabolites, and pathways (80). Similar to taxonomy annotation, function an-
notation also relies on different reference genome databases used, resulting 
in varying functional assignment. Commonly used tools like Prokka (81), 
DeepGOPlus (79), and DFAST (82) enable annotation using multiple refer-
ence databases, whilst others like PICRUSt (83) and tax4fun (84) rely on a 
single reference sequence database for function annotation. 

Downstream analysis of microbiota compositional and 
functional profiles 
In microbiota analysis, downstream analysis generally refers to any further 
analysis performed after the main tasks like sequence mapping, classifica-
tion, or prediction. Downstream analysis is essential as it helps in the valida-
tion, interpretation, and generation of biological information from experi-
mental data (for example; genomic sequences) (85). There are generally two 
types of statistical analysis based on the data: (1) univariate, where single 
variables are analysed at a time, and (2) multivariate, where two or more 
variables are being analysed (86). The initial stage of downstream data anal-
ysis is to observe the data, assess the distribution, understand the overall 
variation and variability between elements, and to perform quality control 
steps, if needed. Visual examination of the data using graphical representa-
tions (for example; box plots and scatter plots) are effectively the first unsu-
pervised steps and are useful in observing whether two different datasets 
can be combined or checking for comparability of different groups. This 
could also serve as quality control or to inspect data to identify possible out-
liers. If the data is normally distributed, parametric methods can be used, 
while nonparametric methods are used for not normally distributed data. Ef-
fects of technical heterogeneity and batch effects in omics data analysis have 
been reported in previous studies (87). In such a scenario, the data is being 
normalized, by detecting and removing any bias, without distorting the 
ranges in the values or losing any information, prior to further analysis (88). 

Microbiota diversity analysis, exploring natural ecosystems and microbi-
omes, is important for understanding the community structure, and mainly 
relates to species diversity. Briefly, microbial diversity is the range of differ-
ent kinds of microbes in an ecosystem. The most common unit of microbial 
diversity is the operational taxonomic unit (OTU) that clusters sequences 
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based on nucleotide similarity (89). A 97% sequence similarity of 16S rRNA 
gene is often used as an estimation of species clusters (90). Microbial com-
munity analysis using 16S rRNA gene sequences has been used widely and 
has revealed an extensive diversity. Taxon-based diversity is mainly meas-
ured as two subsets: (1) α diversity, which is estimated as the number of spe-
cies in a community (often referred as species abundance or richness) and 
(2) β diversity, which is often the richness of shared species (referred as spe-
cies evenness) (91).

The availability of large datasets and exponential growth in computational 
power led to unprecedented interest and implementation of “machine learn-
ing” methods in medical research. Machine learning aims to optimize the 
performance of modelling algorithms by using example data and/ or using 
prior knowledge. Generally, machine learning can be grouped into two main 
categories; supervised and unsupervised learning. Supervised learning 
trains the model to find the unknown features with the help of a previously 
known labelled data (data points with known outcomes) (85). A careful ex-
ploration of patterns (features) found in the labelled training data is used to 
classify observations with unknown labels (classification and regression). 
Unsupervised learning deals with finding patterns in unlabelled data as in 
clustering and ordination analysis (dimensionality reduction). Briefly, su-
pervised methods take advantage of response variables and attempt to pre-
dict their value, while unsupervised methods do not take responses into con-
sideration as illustrated in Figure 3 (92). 

Figure 3. Schematic illustration of machine learning taxonomy. The unsu-
pervised branch relies on feature-observation relation without considering 
class labelling, while the supervised branch makes use of training response 
(label) and is used to predict unknown observations. 
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Often in microbial ecology studies, unsupervised multivariate methods are 
used to visually represent levels of similarity (or dissimilarity) in large da-
tasets. Dimensionality reduction techniques, where high-dimensional data is 
transformed to relatively low-dimensional data by keeping meaningful prop-
erties and their natural dimension, are often used to deal with large numbers 
of observations and variables. Principal component analysis (PCA) is a mul-
tivariate tool for visualizing data with quantitative variables in 2- or 3- di-
mensional space. PCA uses the raw quantitative data and uses the Euclidean 
distance (straight line between two points) between the objects, generally 
for showing similarities (93). Principal coordinate analysis (PCoA), also 
known as multidimensional scaling (MDS), is an ordination method for any 
distance matrix, and attempts to represent the inter-object similarity (or dis-
similarity) in the low-dimensional space. PCoA algorithm uses UniFrac dis-
tance for phylogeny and Bray-Curtis (94) distance for community population 
(95,96). These methods help to identify microbiota endotypes, which are of-
ten found by unsupervised approaches, and may represent subgroups of 
samples which otherwise are thought to belong to the same class of clinical 
phenotypes. 

Motivation 
Sequencing costs money, and it has a direct connection with deciding on the 
sequencing depth of the experiments. In a certain sense it would be wasting 
resources to read sequences into larger depth, which the study would not be 
able to detect possible interesting taxonomy or functions. These important 
aspects, like influence of sequencing depth and function prediction valida-
tion, in metagenomics analysis has been rarely investigated and reported. 
Previous efforts have been made to compare different classification methods 
for 16S rRNA gene-based sequences and whole genome sequences (97,98). 
Other studies have also shown the influence of sequencing depth in inferring 
taxonomic composition (69,99), as well as the impact of quality and content 
of reference genome databases in taxonomy assignment (69,100). Composi-
tion prediction validation has mainly been performed by a comparison with 
mock community (sequences of known composition) analysis (61,69), whilst 
function prediction validation has rarely been performed (80,101). A part of 
this thesis is dedicated to compare the influence of specific sequencing depth 
and choice of methods using whole genome sequencing metagenome analy-
sis, in more detail. Another aspect of this thesis is to validate the protein func-
tion prediction using proteomics data, which was not attempted earlier ei-
ther. An added aspect of this thesis is about systematically using taxonomy 
classification and function prediction to elucidate the influence of factors af-
fecting gut microbiota. Thus, this thesis tries to decipher novel insights into 
important methodological details regarding metagenomics analysis. 
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Aim of the thesis 
The overall aim of this thesis is multi-faceted, which deals with understand-
ing and exploring some important aspects influencing metagenome analysis, 
as well as to explore phylogenetical and functional annotations of meta-
genomes using NGS reads. The overall rationale of methods and experiments 
are illustrated in Figure 4. 

 
Figure 4. Conceptual workflow of the thesis. NGS metagenomic sequences at 
varying depths were tested for influence of sequencing depth and reference 
genome databases in taxonomy annotation. Taxonomy classification meth-
ods were validated using mock community data. Covariates examined with 
regard to their influence on microbiota composition. Metagenomic function 
prediction was validated using proteomic data from the same samples. 
 
Specific aims for the thesis are described below. 
 
Study I: Investigating the influence of sequencing depth and choice of classi-
fication methods in taxonomy composition prediction. 
 
Study II: Investigating the differences in gut microbiota in older adults with 
different activity levels, as influenced by other factors. 
 
Study III: Validation of NGS-based protein function prediction with LC-MS 
proteomics using faecal sample microbiota. 
 
Study IV: Investigating the effect of faecal microbiota transfer on faecal mi-
crobiota composition and functional profiles. 
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Materials and methods 

1. Ethical considerations
This thesis is based on data from previous studies, conducted by others, for 
which the ethical approval was sought and obtained from the Central Ethical 
Review Board of Uppsala, for respective studies. Data acquisition and analy-
sis for this thesis comes under ethically approved projects (registration 
number dnr:2012/309, dnr:2013/037, dnr:2015/357, and dnr:2013/180), 
which were conducted in accordance with principles of the Declaration of 
Helsinki and its revisions (102). The study was conducted at Örebro Univer-
sity in Örebro, Sweden from May 2014 until April 2016. 

2. Study participants and data acquisition

Sample data 
Faecal samples collected from two previously established cohorts were used 
in this thesis. The first cohort comprised community-dwelling older adults 
(n = 70) and physically active senior orienteers (n = 28). All participants 
were ≥65 years of age; the inclusion and exclusion criteria for participants 
are presented in Table 1 (10,103). 

Table 1. Inclusion and exclusion criteria 

Older Adults Senior Orienteering Athletes 
Inclusion criteria 

Informed consent signed by the 
study participant 
Age ≥65 years 
Mentally and physically fit to com-
plete questionnaires during the 
study period 

Informed consent signed by the 
study participant 
Age ≥65 years 
Mentally and physically fit to com-
plete questionnaires during the 
study period 
Actively performing and competing 
in orienteering 

Exclusion criteria 
Any known gastrointestinal dis-
ease, malignancies, and ischemia 
Inflammatory bowel disease 
Participation in another clinical 
trial in the past three months 

Any known gastrointestinal dis-
ease, malignancies, and ischemia 
Inflammatory bowel disease 
Participation in another clinical 
trial in the past three months 
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The second cohort constituted 17 IBS (irritable bowel syndrome) patients 
with (1) faecal microbiota transplant (FMT) from healthy doners (Allogenic 
FMT, n=8) and (2) FMT with their own stool (Autogenic FMT, n=9) (104). 
 
Covariate data 
Microbial composition is known to be influenced by several factors. In order 
to investigate this, in Paper II, twelve covariates were included in this study, 
which covered gastrointestinal symptoms, psychological distress, macronu-
trient intake, medications, sex, and age. GI symptoms and psychological dis-
tress were assessed through validated questionnaires: Gastrointestinal 
Symptom Rating Scale (GSRS) (105) and Hospital Anxiety and Depression 
Scale (HADS) (106). GSRS includes 15 questions assessing GI symptoms like 
reflux, abdominal pain, dyspepsia, diarrhoea, and constipation, which were 
scored between 1 to 7 based on their severity. A total score is then calculated 
as an average for each of the symptom scores. The HADS questionnaire in-
cludes 14 questions, with two subscales assessing anxiety and depression, 
giving an estimation of psychological distress. A semi-quantitative and vali-
dated Food Frequency Questionnaire (FFQ) was used to estimate the nutri-
ent intake, asking for dietary intake during the past year (107), which was 
previously described and used in elderly population studies (108). Raw 
questionnaire responses were further analysed according to standard pro-
cedure and following macronutrients were assessed: fibre, protein, satu-
rated fat, unsaturated fat, and carbohydrates. Use of medications was self-
reported and grouped according to the Anatomical Therapeutic Chemical 
(ATC) classification system, by a physician using a national tool(109). 
 
Next generation sequencing data 
Metagenomic DNA extraction from faecal samples was performed according 
to extraction protocols, as reported elsewhere (110). Briefly, DNA samples 
for sequencing were prepared by repeated bead beating using QIAamp DNA 
Stool Mini Kit (Qiagen Art.no: 51504) (111). A full lane paired-end DNA se-
quencing, amounting about 200 million read-pairs having raw sequences of 
126 bases each, was run using Ilumina HiSeq 2500 system (Illumina, San Di-
ego, CA, USA). Shotgun metagenome sequence from a single faecal sample 
was used in Paper I (about 200 million read pairs), while all remaining sam-
ples were used in Papers II and III (with about 50 million read pairs per 
sample on an average). For Paper IV, 16S rRNA-gene targeted sequencing 
was performed on faecal samples collected at different time points using Ilu-
mina HiSeq 2500 system. 
 
Mock community data and custom-made reference database 
In Paper I, a mock community dataset of shotgun genomic sequences from a 
mixture of 11 bacterial species, covering 7 genera by Jovel et al., was used for 
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validating the selected classification methods (70). As the default databases 
for the three methods differ in size and taxonomic level, a harmonized con-
sensus reference genome database was created based on the “detectability 
of species” by all selected methods. Genomic sequences for these species 
were collected and were the basis of this custom database. For methods us-
ing “assignment-first” strategy, this custom database was used directly. 
However, for methods using “clustering-first” approach, clade-genes that are 
connected to the species in the custom database were used, after subsequent 
internal database modification of those methods. 
 
LC-MS proteomics data 
In Paper III, proteins were extracted from faecal samples, digested using 
trypsin and labelled using TMT 10-plex isobaric mass tagging reagents 
(Thermo Fisher Scientific, USA), following standard procedures and manu-
facturer instructions. The labelled samples were subjected to reversed-
phase high pH fractionation using XBridge BEH C18 3.5 μm, 3.0x150 mm col-
umn (Waters Corporation, USA). All fractions were analysed on Orbitrap Fu-
sion Tribrid mass spectrometer interfaced with Easy-nLC 1200 nanoflow liq-
uid chromatography system (Thermo Fisher Scientific, USA). The MS/MS 
spectra files were merged for identification and relative quantification of 
proteins using Proteome Discoverer version 1.4 (Thermo Fischer Scientific, 
USA). Searches were performed using Mascot 2.5 search engine (Matrix Sci-
ence, USA) using 3 reference databases; (1) Gut proteome database from 
UniProtKB, (2) Swissprot human database, and (3) a combined database of 
amino acid sequences derived from protein prediction and Swissprot human 
database. 
 
 
3. Microbiota composition prediction 
 
Simulation of different sequencing depths 
In Paper I, whole metagenomic shotgun sequences were quality checked us-
ing FastQC (112) and subsampled to varying sequencing depths to simulate 
experiments at lower sequencing depth before performing taxonomy classi-
fication. A set of 50 subsamples was generated at specific depths of 5, 10, 20, 
40, 80, and 100 million read pairs of the sequenced full lane sample which 
amounted to around 200 million sequence read pairs. 
 
Selection of sequence classification methods 
Subsampled metagenome sequences were used for taxonomy classification 
using alternative approaches at each sequencing depth in Paper I. This study 
used MetaPhlAn 2.0, Kraken, and Clark-S taxonomy classifiers at default set-
tings as implemented in each software. The above-mentioned methods were 
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selected, after considering multiple other tools, based on their ability to clas-
sify sequences at species level resolution. MetaPhlAn 2.0 is a “clustering-
first” based method, which uses a preselected clade-specific marker gene da-
tabase, compiled from IMG (Integrated Microbial Genomes) database for tax-
onomy classification (113). On the other hand, Kraken and Clark-S, which are 
“assignment-first” based methods, base their classification directly on NCBI 
Reference Sequence Database (114). Standard operating procedures were 
followed for each software, and only species with non-zero abundance were 
considered. Kraken, which employs “assignment-first” strategy and slightly 
ahead of Clark-S with regards to species abundance, time consumed, and 
user friendliness, was used for taxonomy classification in Papers II, and III. 
However, in Paper IV, taxonomy classification was performed by mothur 
v.1.35.1, using Greengenes version 13.5 (75), as it employs a pipeline for an-
alysing 16S rRNA gene-based amplicon sequences. 
 
 
4. Microbiota function prediction 
A widely accepted way of predicting functions for a new sequence is to find 
the most similar sequences with existing functional annotations and trans-
late their annotations (115). Shotgun whole genome sequences were assem-
bled using Velvet de novo assembler at default settings (116). In Paper III, 
the assembled contigs (continuous sequence resulting from DNA fragments) 
were used for protein prediction using Prokka at default settings (81). 
Prokka annotation is a two-stage pipeline: (1) initial gene finding (by Prodi-
gal (117)) and homology search using known sequences from UniProtKB 
(118), NCBI-RefSeq (114), Pfam (119), TIGRFAMs (120), and (2) annotation 
using UniProtKB, Enzyme Commission, and Cluster of Orthologous Groups 
(COGs) (121,122). 
 
For predicting functions using 16S rRNA gene-based next generation se-
quences in Paper IV, we used another tool, which is designed to predict met-
agenome functional content from maker genes. PICRUSt is designed to esti-
mate gene family contributed to a metagenome by bacteria or archaea iden-
tified using 16S rRNA gene sequences (83). Briefly, the OTU table derived 
from mothur taxonomy classification was normalized by dividing each OTU 
by the predicted 16S gene copy number abundance. This normalized OTU 
matrix was then used for predicting gene content for each OTU identifier, by 
mapping OTU identifiers to KEGG Orthologs (123). As the final step of PIC-
RUSt pipeline, this information was used for predicting associated KEGG 
pathways and for estimating the degree of their presence in the overall func-
tional profile. 
 



28 
 

SUKITHAR KOCHAPPI RAJAN Metagenomic characterization of the gut microbiome             
 

5. Influence of sequencing depth and choice of methods  
(Paper I) 
In order to investigate the influence of different sequencing depth in taxon-
omy classification, we subsampled a single metagenome as described earlier. 
Classification methods under consideration, for analysing whole meta-
genome sequences, were selected as described earlier. Thus, the initial whole 
metagenome and subsampled sequences were taxonomically classified us-
ing MetaPhlAn 2.0, Kraken, and Clark-S, at default settings. The taxonomy 
output table, presented as relative abundance of assigned taxa, was used for 
downstream analysis. 
 
 
6. Validation of methods (Paper I) 
The ability of a taxonomy classification method to assign all available taxa in 
a sample, without any information loss, is crucial for the outcome of any clas-
sification study. Since the assignment is based on the similarity between the 
analysing sequence and reference sequences of known assignment, taxon-
omy will be assigned only to those sequences that have a representative con-
sensus reference sequence. In order to validate the selected methods, we an-
alysed a mock community dataset using a consensus reference genome da-
tabase (as described earlier) with the selected methods. The taxonomy an-
notation from each method was assessed and compared in order to confirm 
the validity of methods used. 
 
 
7. Validation of function prediction (Paper III) 
Shotgun whole genome sequences from faecal samples were used for protein 
prediction using Prokka. Aliquots of the same faecal samples were used for 
measuring proteins using LC-MS proteomics technique. The assessment of 
function prediction validation was performed by examining correlations be-
tween measured and predicted proteins. Higher aggregated annotation lev-
els such as KEGG Orthologs (KOs) and KEGG pathways were predicted from 
both measured proteins and predicted proteins. Predicted and measured 
protein profiles were mapped to KOs and KEGG pathways. KO values were 
scored as median values for mapped proteins per KO and pathway scores 
calculated as median values for mapped KOs per KEGG pathways. The corre-
lations of KOs and KEGG pathways between predicted and measured pro-
teins were examined for validating the function prediction. Profiles of pre-
dicted proteins, KOs, and KEGG pathways (both mapped using predicted pro-
teins) were permuted with 500 iterations. Correlations between the per-
muted annotation profiles and profiles of measured proteins, KOs, and KEGG 
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pathways (both mapped using measured protein profiles) were examined 
for establishing significance of observed correlations. 
 
 
8. Statistical methods and considerations 
Microbiota composition data, functional prediction data, and proteomics 
data used in this thesis were tested for normal distribution, and appropriate 
tests were chosen. A two-sample t-test was used for comparing proportions 
of normally distributed microbiota species (and genera) between cohorts of 
orienteers and non-orienteers (paper II) and correlation test was used for 
hypothesis testing to examine correlation between predicted and measured 
profiles in paper III. Continuous demographic data and categorical data were 
analysed using Mann-Whitney U test and Chi-square test respectively. 95% 
confidence intervals (CI) were estimated from microbiota composition data 
in paper I, covariates in paper II, and from protein profiles in paper III. A 
confusion table was used to display false positives and false negatives of tax-
onomy prediction in paper I. Relative abundance profiles of species were 
normalized to depict sequence counts per million (CPM), before statistical 
analysis in paper II. However, in paper III, read counts were attributed to 
genes and corrected for gene lengths, initially. These corrected gene counts 
were later normalized as per million reads. 
 
Unsupervised machine learning method were used for microbiota composi-
tion analysis using appropriate distance matrices; i.e. principal component 
analysis (PCA) using Euclidean distance in paper I and principal coordinate 
analysis (PCoA) using Bray-Curtis distance in paper II and IV. Welch Two 
sample t-tests followed by Benjamini & Hochberg false discovery rate (FDR) 
estimation procedure were used for multiplicity correction in paper II and 
IV. Differentially occurring groups (species in paper II and genes in paper IV) 
were selected based on false discovery rate (FDR) less than 5%. A zero-in-
flated negative binomial regression model (ZINB) was used in paper II, to 
estimate if the difference in bacterial composition was consistent after the 
effect of covariates was taken into consideration. The corrected difference in 
bacterial abundance was tested using ANOVA (Analysis of Variance) type-II 
sum of squares in paper II. The relative importance of all covariates was ex-
amined using a multi-covariate model using Likelihood-Ratio Chi-square sta-
tistics in paper II. Pearson correlation was used in paper III to correlate the 
predicted and measured annotation profiles. 
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Results and Discussion 
 
This section describes and discusses the main finding of the research con-
ducted in this thesis. A more comprehensive and detailed description of the 
results and discussion can be found in the respective papers. 
 
Phylogenetic microbiota profiling in faecal samples  
depends on combination of sequencing depth and choice of 
NGS analysis method (Paper I) 
 
Results 
Taxonomy classification of NGS reads using different methods, which are de-
signed specifically for analysing whole genome-based sequences, differed 
considerably in their results at phylum, genus, and species level resolution. 
MetaPhlAn 2.0, which is based on marker gene mapping, reported the least 
number of taxa at all levels. Kraken and Clark-S reported almost similar num-
ber of taxa, with increasingly varying taxa abundance from genus to species. 
Interestingly, only a small fraction of genus and species was reported by all 
the three methods, and a substantial percent of genus and species being 
shared by Kraken and Clark-S. Species diversity as dependent on varying se-
quencing depths represented similar patterns regarding abundance and 
evenness for all three methods. The mock community analysis using all three 
methods showed better accuracy, based on precision-recall ratio, for Met-
aPhlAn 2.0 assignments. 
 
Discussion 
This study shows the importance of using a mock community data for vali-
dating methods. MetaPhlAn 2.0 reported all true positive species along with 
one false positive using mock community data. Kraken and Clark-S failed to 
report all true positive species, rather reported too many false positives. 
However, while performing taxonomy classification using the same mock 
community data alongside a consensus reference database, the three meth-
ods were able to report all true positive species. MetaPhlAn 2.0 uses a cata-
logue of marker genes, while Kraken and Clark-S use whole genomes as the 
basis for their taxonomy assignment. However, Kraken and Clark-S differ in 
their approach, as Kraken relies on lowest common ancestor (LCA) while 
Clark-S relies on spaced k-mers for their respective tasks. Thus, Kraken and 
Clark-S differ in their respective approaches and report different taxonomy, 
however, their results are more similar to each other than to MetaPhlAn 2.0. 
Results from mock community data analysis suggests the influence of refer-
ence sequence data in taxonomy assignments, meanwhile the taxonomy 
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reported using deep sequenced and subsampled data suggests the influence 
of sequencing depth and choice of methods in such predictions. Altogether, 
these results suggest that the reference sequence databases used for taxon-
omy classification plays a vital role in “classifiable species”, however the in-
fluence of choice of methods and choice of reference genome data remain 
confounded. In addition, this study also shows the influence of sequencing 
depth, as for shallow sequencing depths all methods reported very low num-
bers of taxa, while for sequencing depths beyond 60 million reads all meth-
ods reported taxa abundances similar to the results for full depth (full lane) 
sequences, that is around 200 million sequence read pairs. In comparison to 
the “clustering first” approach, the “assignment first” approach showed 
higher taxonomy coverage (where the natural expectations were around 
1300 to 1500 species), which can be attributed to either the methods or the 
reference sequence databases. 
 
Limitations 
A major limitation of the study is the use of default software parameters for 
all analyses. The mock community data used in this study was relatively 
small in proportion with the testing data, and with limited number of species. 
Alternate data with varying taxa proportion and higher species richness 
would have been advantageous in methods validation. Influence of sequenc-
ing depth could have also been investigated with mock community data. Im-
pact of factors like sample collection, DNA extraction, and sequencing tech-
niques were not considered. Future attempts should consider testing addi-
tional alternative taxonomy classification methods, like Kaiju, MetAmos, 
MetaWRAP, MEGAN Community Edition, etc. (124–127). 
 
 
Differences in gut microbiome composition between  
senior orienteering athletes and community-dwelling 
older adults (Paper II) 
 
Results 
Bacterial abundances were compared between senior orienteers and com-
munity-dwelling older adults. Faecalibacterium prausnitzii was the most 
abundant species in both orienteers and older adults groups, however, ori-
enteers had higher Faecalibacterium prausnitzii abundance, but lower Para-
sutterella excrementihominis and Bilophila unclassified abundance, com-
pared to older adults. Senior orienteers also had a more homogeneous mi-
crobiota. Some of the covariates used in the analysis showed significant dif-
ferences between orienteers and older adults; and were, therefore, con-
founded with each other regarding their influence on microbiota 
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composition. Faecalibacterium prausnitzii was significantly higher in orient-
eers, even after correcting for all covariates. Diet and psychological factors, 
in general, were not linked to microbiota composition or diversity. A subset 
of older adults was found to have an atypical microbiota but seems to be 
closer to orienteers in terms of significant covariates. A trend for positive 
correlation between Faecalibacterium prausnitzii and fibre was found in the 
group of orienteers, though non-significant. 

Discussion 
A higher abundance of Faecalibacterium prausnitzii has been reported as an 
indication of a healthy gut, and lower abundance of Parasutterella excremen-
tihominis and Bilophila unclassified has been reported as an indication of un-
healthy gut (128,129). A significantly different and homogenous microbiota 
composition, with higher levels of Faecalibacterium prausnitzii, is in line with 
previous assumption of orienteers as a healthy ageing model. Major group 
differences with regard to their microbiota were independent of macronu-
trients, psychological distress, gastrointestinal symptoms, and medications. 
Higher abundance of Faecalibacterium prausnitzii has been associated with 
a healthy gut, which has a direct influence on butyrate production, which also 
has been associated with a healthy gut. In view of previous studies (130,131) 
orienteering among elderly might only have moderate influence on the gut 
microbiota composition. A depleted microbiota contributes to gastrointesti-
nal discomfort and illness, meanwhile physical inactivity, high carbohydrate 
and low fibre diet contributes to a disturbed microbiota, which were the ma-
jor characteristics of community-dwelling older adults. Regular exercise and 
sustained level of physical activity have been associated with enhancement 
of microbiota diversity, however, even with high abundant Faecalibacterium 
prausnitzii, no enhanced microbiota diversity was observed in orienteers. A 
high fibre diet has also been associated with higher levels of Faecalibacte-
rium prausnitzii, as seen in orienteers, however, this relation was nonsignif-
icant. This leads to the assumption of possible bias in self-reported question-
naires for covariates.  

Limitations 
As butyrate production is directly linked to Faecalibacterium prausnitzii 
abundance, non-assessment of butyrate was a major drawback of this study. 
Future studies are needed to better understand the correlation between Fae-
calibacterium prausnitzii and butyrate production. Self-reporting physical 
activity does not always represent the actual intensity of the exercises. It was 
not possible to say if short-term, medium-term exercise have an effect on mi-
crobiota. As most of the covariates measured were from questionnaires, 
there is a risk of biases in the data. Factors affecting gut microbiota like 
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behaviour, diseases, and environment were not considered, however, the 
factors used in this study were partly confounded with each other. 

Functional proteomics profiles in faecal sample  
microbiomes-validating NGS-based predictions with 
LC-MS proteomics (Paper III) 

Results 
A relative protein quantification of faecal samples has been performed using 
LC-MS proteomic approach (n=2677) and was compared with predicted pro-
tein profiles (n=14,657), with some shared proteins (n=1333). Both quanti-
fied and predicted proteins were mapped to KEGG Orthologous and KEGG 
pathways subsequently, and their correlations examined. Correlation analy-
sis was performed by samples and annotation levels, respectively. Correla-
tion of proteins, KOs, and pathways by sample showed a mean distribution 
of correlation values close to zero. While correlation of proteins, KOs, and 
pathways by annotation showed a mean distribution of correlation values 
around 0.04. Comparatively large and positive correlations were found for 
pathways and KOs with high proportion of non-zero signals. Examination of 
variable intensities showed a spread of correlation for all annotation levels. 
While comparing quantified proteins and predicted proteins at all three an-
notations levels, proteins showed the least overlap and pathways showed 
the highest overlap. The mean correlation between measured and predicted 
data was low for all three levels of aggregation for protein, orthologous, and 
pathways. In general, the study reports low level observed correlation and 
few negative correlations between quantified and predicted proteins. 

Discussion 
The study shows partly relevant correlations and significant average corre-
lations between relatively quantified proteins and predicted proteins using 
gut microbiota. This study also showed a direct relation between protein 
abundance and correlation for predicted and quantified proteins at higher 
function levels. Based on correlation analysis, most valid function prediction 
for faecal microbiota was seen at pathway level. Using the LC-MS method, 
relative quantitation of peptide abundances and their corresponding pro-
teins across multiple samples in a single experiment is performed. However, 
this method encounters problems when quantifying proteins with relatively 
higher abundance, thus masking the detection of lesser abundant proteins. 
There are also issues with quantitation when considering membrane and 
soluble proteins. However, protein solubility is irrelevant for predicting pro-
teins using microbiota metagenomes. Prokka makes use of multiple 
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references of function databases to collate the prediction; this results in a 
major difference in number of proteins being predicted and being quantified. 
As both the predicted and the measured protein matrices had the same pro-
tein identifier (UniProt), KOs scores and KEGG pathway scores were aggre-
gated using median values from the signals of the belonging proteins. 
 
Limitations 
This study considered only a single protein prediction tool, as well as quan-
tification method. Inclusion and comparison of competing protein prediction 
methods and other experimental proteome data would contribute to a con-
sensus dimension for characterization of microbiota function. There were 
some proteins showing larger correlations, while some show even negative 
correlations. It would be only reasonable to try and understand more about 
this discrepancy. 
 
 
Correlations between microbiota and metabolites after  
faecal microbiota transfer in irritable bowel syndrome 
(Paper IV) 
 
Results 
Microbiota function was predicted using PICRUSt, which takes the OTU table 
for predicting gene content by mapping them to KEGG Orthologs and to path-
ways. PCoA ordination analysis showed that the microbiota of each sample 
cluster together, even after receiving allogenic FMT. However, the microbi-
ota after allogenic FMT are separated from the baseline samples in most 
samples, but not after autologous FMT. Analysis of functional profile of mi-
crobiota showed a clear separation between baseline samples and samples 
after FMT, which was in line with the microbiota composition, however to a 
lesser extent. The functional profile was slightly different after allogenic FMT 
when compared to baseline. Correlation analysis between metabolites and 
microbial composition data was performed to understand interactions be-
tween microbiota and their metabolites. These analyses revealed similar val-
ues of correlation in the allogenic FMT group compared to the autologous 
FMT group. 
 
Discussion 
Microbiota composition prediction by mothur, dedicated to 16S rRNA gene-
based sequence, is based on Greengenes reference genomes database, and 
function prediction by PICRUSt relates its finding to KEGG databases. Differ-
ences in microbiota composition among groups shows that the gut microbi-
ota in the IBS patients after FMT from a healthy donor changes more than 



SUKITHAR KOCHAPPI RAJAN Metagenomic characterization of the gut microbiome  
 

35 
  

after receiving their own stool back. A change in function profile after allo-
genic FMT indicates that the interaction between microbiota and predicated 
metabolites was disrupted after allogenic FMT. However, the study showed 
that allogenic FMT did not alter the metabolite profiles, but it seems to dis-
turb the gut microbiota-metabolite interactions when compared to autolo-
gous FMT. The findings showed that, in addition to the microbiota composi-
tion, the functional capacity also changes after allogenic FMT. However, in 
general, there does not seem to be a clear relationship between improve-
ment of symptoms and change in microbiota after FMT. 
 
Limitations 
Function prediction in this study was based on microbial taxonomy profiles 
from 16S rRNA genes, with limited accuracy in comparison with functional 
prediction based on microbial taxonomy profiles using whole genome se-
quence. A comparison of prediction with measured functions would have 
added validity to the findings, as lot of studies rely their conclusions on pre-
dicted functions. There are more advanced taxonomy and function predic-
tion tools available. Another approach to study taxonomy and function pro-
file using alternate methods would have reported different findings. When 
analysing metabolites, only a selective number of metabolites were consid-
ered. Questionnaire based self-reporting of diet, as diet can influence the gut 
microbiota, could be biased, and needs to be modified or replaced with alter-
nate methods in future studies. 
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Future Perspective 
 
Based on the observations and results from this thesis, it is quite evident that 
metagenome analysis as a whole has enough room for improvement. Most 
metagenome pipelines are based on sequence similarity and employ suitable 
reference sequence databases. This thesis shows the difference in taxonomy 
assignment outcome using different reference sequence databases. Simi-
larly, the methods used likely also influenced the taxonomy outcome. One 
way to counter this would be to have a collection of multiple reference se-
quence databases and making use of their complete potential, in a consensus 
approach. A consensus reference sequence database could be used across 
multiple methods and reach an optimum abundance in taxonomy assign-
ment. As seen in this thesis and in previous studies, the significance of meth-
ods in such studies is vital for the acceptability of results (69,132). This is 
typically done by using mock community data analysis. A mock data, which 
is appropriate to the real data, is essential for successfully validating the 
methods (69,70). An ideal mock community data which is in proportion to 
the real data in terms of abundance and diversity, would help immensely in 
validating the methods, and thus substantiate classification accuracy. 
 
Downstream microbiota analysis often deals with finding possible relations 
between microbiota and other factors. Influence of factors on gut microbiota 
has been often affected by possible confounding effects of these factors. Me-
diation analysis, a statistical method representing how a third variable (me-
diating variable) affects the relation between two different variables, has 
been reported for analysing clinical and molecular data (133) and might use-
ful in further analysing such details how variables influence each other. Most 
microbiota analysis is mainly restricted in finding the composition and asso-
ciated function. Examining the influence of external factors that shape the 
gut microbiota and an elaborate functional assessment would present a bet-
ter understanding of the functional dimension of host-microbe interactions, 
which has a significant role in clinical studies. 
 
Understanding the functional profile of a metagenome is not that straightfor-
ward. Thus, researches rely on function prediction tools, mostly a single 
method. As stated earlier, accuracy of prediction is important in any study, 
and therefore validation of prediction becomes vital. One way to tackle this 
is to use multiple different function prediction methods and compere or ag-
gregate their results. Also, validate the prediction results using different ex-
perimental proteomics resource like gene expression data, for better charac-
terization of the microbiota function. Function prediction is done at different 
annotation levels. There are no standard methods for aggregating proteins 
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to a quantitative score for higher annotation levels. Using such a score in 
quantifying function would provide a more accurate aggregation and better 
comparison. While comparing the predicted and quantified function units, 
more sophisticated statistical tests and modelling is needed for systemati-
cally exploring their relation, using protein interaction networks like STRING 
(134). Protein families are grouped based on their evolutionary relation, and 
these groups have been used for function annotation (135,136). Using alter-
nate pathway resources, typically a collection of resources like Pathguide 
and MetaCyc (137,138), for prediction and comparison, along with predic-
tion validation, would enhance the overall function prediction process. Pre-
diction of metabolites from NGS reads, and comparing with characterized 
metabolites using multiple methods, would further expand our understand-
ing about microbiota function (139). Microbiome analysis is affected by sev-
eral factors ranging from, sample collection, sequencing errors, quality is-
sues, assembly and statistical bottlenecks, etc. (140). Every stage in microbi-
ome analysis has a significant influence in the final outcome, be it taxonomy 
or function; and there is room for improving every aspect of this workflow. 
 
 
Conclusion 
This thesis reiterates the need for carefully selecting prediction tools and 
methods for microbiome analysis. The need for validation of methods is vital 
for corroborating accuracy of predictions. Selecting appropriate sequencing 
depth can ensure advantage in computation, analysis, time, and economy. 
The influence of NGS and its application in medicine is widening; and its in-
fluence in understanding gut microbiome composition, diversity, functional 
levels like proteins, pathways, and metabolites is growing rapidly. This the-
sis points to the importance, and propose the need, of a multi-level ~omics 
analysis for better understanding the microbiota function potential and its 
relation to the host. The findings of this thesis could stimulate more focused 
approach towards using NGS in medicine, especially in microbiota analysis, 
and aid in designing future investigations for higher accuracy to get a better 
understanding of host-microbe interactions. 
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