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Abstract

T and B lymphocytes are the main mediators of adaptive immunity, responsible for highly effective
immune responses to pathogens using specific antibodies. T follicular helper lymphocytes (Tfh cells)
play a major role in high affinity antibody production through its interaction with B cells in the
germinal center. T helper lymphocytes (Th cells) are another subset of T lymphocytes that attract
other immune cells at the site of infection and can further be classified into different subsets, Th1
and Th2, based on the elicited immune response. The advances of high-throughput RNA sequencing
technology has allowed us the accurate quantification of transcripts, while the increase in computational
power makes differential transcript usage (DTU) analysis between different conditions possible. This
type of analysis enables the detection of differential transcript expression (DTE), isoform switch and
alternative splicing events. In thesis we have conducted a DTU analysis of Th and Tfh cells under
different immune response types. We observe the presence of DTE and isoform switches is distributed
equally and in the same relative percentage in both cases. 16% of the genes that showed DTU were
also found in a differential gene expression (DGE) analysis. The transcripts obtained in the analysis
were found to be involved in regulation mechanisms due to their transcript type and differences in the
unstraled regions (UTRs) of the transcript. This work allowed to conclude that there is an important
level of regulation by differential transcript usage that would not be found in a simple differential gene
expression analysis.
Keywords: Tfh cells, Th cells, differential transcript usage, isoform switch, alternative splicing

1. Introduction

A great part of diseases nowadays are due to or
partly affected by the disregulation of the immune
system. The immune system has evolved to pro-
tect us from infectious agents and dangerous tox-
ins known as pathogens. With the development of
the field of immunology and discoveries on how the
immune system works it was possible to achieve an
amazing increase in better public health and overall
life conditions through the creation of vaccines and
antibiotics. This is easily observed if we look at the
sharp reduction of diseases like tetanus, tuberculo-
sis, mumps and hepatitis B since the introduction
of vaccination plans. Some diseases such as polio,
diphtheria, measles and rubella were even erradi-
cated, or nearly erradicated, with the introduction
of these plans.

1.1. Immunology

Immunity can be defined as the body’s ability to
fight against the infectious agents and pathogens
and their negative effects on the human body. An
important mechanism of the immune response is
adaptive immunity.

Adaptive immunity is mediated by lymphocytes
and these can be grouped into B lymphocytes (or
B cells) and T lymphocytes (or T cells). Most
lymphocytes are present in the blood and circu-
late through our body to detect antigens. When
naive lymphocytes encounter antigens, they get ac-
tivated and become effector lymphocytes. This step
is called priming and it leads to differentiation of
naive inexperienced lymphocytes to differentiated
specialized lymphocytes. This process takes a few
days to weeks and it leads to the development of the
previously mentioned immunological memory.[1]

When Naive T cells become activated, they differ-
entiate either into cytotoxic T lymphocytes (CTLs),
which are CD8+ cells and have the role of killing
any infected cell they may find, or into helper T
cells, which are CD4+ cells and function by secret-
ing cytokines that will attract other cells of the im-
mune system, such as macrophages, neutrophils and
eosinophils, to the site of infection thus helping in
the destruction of the pathogens present in such
case.[2]

The most studied CD4+ helper T cells fall into
two categories, Th1 and Th2, according to the type
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of cytokine being produced in the immune response.
Th1 cells are characterized by interferon gamma
(IFN-γ) secretion and are normally associated with
bacterial/viral infections. Th1 release of IFN-γ pro-
motes the secretion of IgG2a. Th1 cells are driven
by a transcription factor named T-bet. Th2 cells
are defined by secretion of IL-4, IL-5 and IL-13,
and are important to protect against parasitic infec-
tions. Th2 cells are known to induce the secretion
of antibodies of type IgE and IgG1, this last one
only in mice. Th2 is driven by the transcription
factors Gata-3.[3]

There is also another category of specialized ef-
fector CD4+ cells that is developmentally different
from the previous two: Th17 cells which express in-
terleukin seventeen (IL-17) and promotes responses
towards extracellular pathogens, specifically with
the attraction of neutrophils as a way to remove
certain bacteria and fungi.[4, 5]

A special subset of T cells characterized by ex-
pression of Foxp3+ are known as T regulatory cells
(Tregs) due to their regulatory function. These cells
are known to regulate the activity and proliferation
of auto-reactive T cells. [6] But none of these sub-
sets were found to be capable of interacting with
B cells.[7] Further information related to the subset
of CD4+ T cells that interacts with B cells will be
discussed ahead.

A big difference between T and B cells is that B
cells do not develop in the thymus and in fact, their
maturation occurs in the bone marrow in mammals
or bursa in birds. Reason why they are called B
lymphocytes or B cells, from bursa.[8]

Naive B cells unlike T cells are not activated by
antigen presenting cells (APCs). Their B cell re-
ceptor(BCR) recognizes the antigen without pre-
sentation and when this happens, they differentiate
either into memory B cells or plasma cells capable
of producing large amounts of specific antibodies.
The reaction leading to antibody production here
described takes place in a anatomical structure be-
tween the cortex and the paracortex of the lym-
phatic nodes and spleen: the germinal center.

The germinal center is a transient phisiological
structure within secondary lymphoid organs that
results from the rapid expansion of B cells. This
structure is the site where B cells go through the
processess of clonal expansion, somatic hypermuta-
tion and affinity maturation, in order to become the
cells that produce highly specific antibodies.

The activation of a B cell is done by exposition
to antigen and by a special subset of CD4+ T cells
called follicular helper T cells or Tfh cells. This
activation happens when the B cell and the helper
T cell meet in the outer edge of the follicle of the
lymphoid organ and that’s where Tfh cells get their
name from, because they will be localized in the

follicle.[9]

The phenotype of Tfh cells is characterized by ex-
pression of CXCR5, ICOS, PD-1, BCL-6 and pro-
duction of IL-21.[10] Tfh differentiation starts by
activation with an antigen as presented by antigen
presenting cells (APCs) on the T cell zone of sec-
ondary lymphoid tissue. Then the T cell migrates
to the outer edge of the follicle of the lymphoid or-
gan, where it interacts with B cells. Tfh cells can
help B cells to differentiate in the germinal center
into antibody producing plasma cells, by giving sur-
vival signals to the antigen specific B cells. Without
Tfh cells humoral responses do not occur.[7]

1.2. Biology of alternative splicing

CD4+ T cells are regulated by gene expression and
the mechanisms outline previously. However, very
poor information or none at all is known about par-
ticular transcript expression, more specifically the
difference of transcript expression of a given gene.
In this thesis, I explored the impact of differential
transcript usage (DTU) regulation of Tfh and Th
cell subsets as well as the immune responses type 1
and 2.

The relevance of mentioning alternative splicing
(AS) within the context of this thesis has to do
with the introduction of the idea that the change
in transcript expression has its causes in processes
of alternative splicing and by looking at transcript
expression, some of these mechanisms will be ob-
servable and interesting to pinpoint or find. Specif-
ically, alternative splicing might be involved in dif-
ferent processes or mechanisms that explain differ-
ences between Th and Tfh cells or differences be-
tween infection type 1 and 2.

A layer of special interest in biology of eukary-
otes is the processing of pre-mRNA into mRNA
in the post-transcriptional RNA processiong, which
results in alternative splicing (AS). Its importance
comes from the fact that despite the existence of
only one given ”template” of DNA, when a gene
is transcribed it can lead to many different tran-
scripts or isoforms version of the same DNA se-
quence through the exclusion of introns from the
pre-mRNA, which in turn may lead to functional
consequences such as a slight different protein be-
ing produced which will not take part in the normal
pathway. This is part of the reason why higher or-
ganisms are more complex.

Previously thought to be junk DNA, the major
regions involved in regulation of a given gene are
the 5’ and 3’ untranslated regions or UTRs.[11] The
UTR regions are of great importance from the reg-
ulation purposes point of view because they define
the process of transcription but there is still much
that is currently being researched about them.

Alternation of 5’ and 3’ UTR location is one of

2



three main mechanisms that are facilitated in alter-
native splicing (AS). Since the location of 5’UTR
and 3’UTR carries important information for the
regulation and facilitation of the complex spatial
and temporal gene expression, any difference in the
location of these regions in two transcripts of the
same gene will translate in differences in regulation
of gene expression.

The other two mechanisms of AS are exon skip-
ping and intron retention. Exon skipping is when an
exon is skipped meaning in transcript transcription
which results in a different transcript. An intron
is an alternative spliced transcript believed to con-
tain an intronic sequence relative to another protein
coding transcript of the same gene. The function of
intron retention, or retention of the introns, is to
reduce transcript expression of a transcript that is
needed less or not at all in a particular physiology
of a given cell, acting therefore by tunning the tran-
scription expression.[12]

There are still the cases of lncRNA and non-
sense-mediated decay. Long non coding RNA
or lncRNA is a transcript whose length exceeds
200 nucleotides but is not translated into protein
and is most likely present in the regulation of
mRNA expression or some other cellular mecha-
nism. Nonsense-mediated-decay or NMD is a path-
way whose main function is to reduce errors in tran-
scription by deleting mRNA transcripts that con-
tain premature stop codons. When a transcript is
said to be a NMD it means that it is one of these
transcripts with a premature stop codon.

1.3. Sequencing technologies

In 1991, appeared a technique that allowed the
characterization and quantification of the RNA in
a cell (transcriptome) using Sanger sequencing and
biochemical techniques that made use of the reverse
transcriptase enzyme. This was called RNA-seq,
short for RNA sequencing.[13]

Fast foward a few years and with the develop-
ment of high-throughput sequencing techniques like
Illumina HiSeq R© 2000 System, as well as increase
in computational power, the field of transcriptomic
studies, where the questions of main interest are the
characterization of the transcripts, the determina-
tion of their coding region and the quantification
of gene expression between different biological con-
ditions, really growed. A simple RNA sequencing
experiment consists in collecting the sample of in-
terest, extracting its total RNA, creating the cDNA
library, sequencing, mapping and then data analy-
sis.

In the end, a transcriptomic study that makes
use of RNA-seq data to compare two or more con-
ditions, will make use of high-throughput sequenc-
ing of the c-DNA reads from different samples in

different conditions in order to accomplish it.

1.4. Alignment and Quantification
Alignment to a reference genome or transcriptome
is a crucial step in turning raw data into something
measurable, because it will allow for the perfor-
mance of a quantification.

There are two types of alignment: a spliced align-
ment against the genome or an unspliced alignment
against the transcriptome.

There are two ways to obtain gene level quantifi-
cation: one is the already mentioned direct count of
overlapped fragments for each gene and the other
is to perform such quantification at transcript level,
counting isoforms, followed by an assignment of the
results to genes.[14]

Salmon is an algorithm that uses pseudo-
alignment to perform a lightweight quantification
of the transcripts.[15] Because of the use of pseudo
alignment, the computational requirements of the
algorithm decreases substantially and allows for a
much faster quantification.

1.5. Differential Gene Expression, Differential
Transcript Expression and Differential Tran-
script Usage details

Differential expression analysis or DEA can be di-
vided into different categories such as: Differential
Gene Expression or DGE, where the quantification
is the number of counts for a particular gene and
the goal is to find which genes show upregulated
or downregulated in between experimental condi-
tions; Differential Transcript Expression or DTE,
where the quantification is the number of counts
for a particular transcript and the goal is to find
which transcripts show upregulated or downregu-
lated in between experimental conditions; Differen-
tial Transcript Usage or DTU, where both the num-
ber of reads per gene and per transcript are taken
into consideration and an assessment of how the
transcript is used between the different conditions,
is made.

Figure 1: Graphical representation of DGE, DTE
and DTU.

It is standard practice in research laboratories to
do a DGE experiment when a transcriptomic exper-
iment is proposed. The number of DTU analysis
is far inferior (almost nonexistent) when compared
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to the number of DGE analysis because scientists
are not being aware that such methods even exist
and also because when RNA-seq first appeared, its
technical capabilities were not as precise as they are
today.

Figure 1 is a graphical representation of the types
of DEA analysis and while it only considers two con-
ditions and two transcript, its implications can be
carried to a higher number of conditions or tran-
script, the relevant aspect is the idea behind such
DEA.

When comparing DTE to DGE, the analysis is
indeed the same except that while one is at gene-
level the other is at transcript level however it is
observed that DTE leads to a lot of false positives
due to the fact that a transcript, being smaller in
size than a gene, will have more positive but in-
correct matches across the whole genome than a
gene.[16] Moreover, DTE will point to a change
in transcript but it won’t provide information re-
garding if this change follows gene expression or if
it implies other transcripts’ expression decrease, so
the realization of DTE will provide less information
than just DGE.

When comparing DTE to DTU, a huge difference
can be observed in the goal of the analysis. While
in DTE the comparison of the transcripts is made
to its counter part in the other conditions, in DTU
the comparison is made not transcript against tran-
script but how the transcript is expressed within a
given gene. Also since at least one isoform must
change expression for it to be considered DTU, DTE
is implied in DTU.

DTU is a different method of transcriptomic
study that serves as a complement to a DGE study,
and both combined provide us with the best pic-
ture of transcriptomic data. The information ob-
tained by performing only one type of analysis, ei-
ther DGE or DTU, separately of each other will
always fall short of the information obtained where
both analysis are conducted in a way where they
are complementar to each other. This complemen-
tary of analysis comes from the ability that DTU
has to detect not only the cases that one might find
in a DGE study, but also the ones which normally
would be overlooked.

This allows for the conclusion that the best ap-
proach to a proper analysis of RNA-seq experiments
is to perform both a DGE and a DTU analysis and
combine its results for gathering the most meaning-
ful information and it will be what is going to be
done in this thesis. The purpose of a DTU analysis
is to provide information that would not be other-
wise obtained in a DGE analysis. This information
can be seen as events or cases of transcript usage
that wouldn’t be captured in DGE.

After considering which cases might be interest-

ing to find as a result of a DTU analysis, we came
to the conclusion that there would be two major sit-
uations or cases: Case 1, DTE impacting Gene ex-
pression, when there is a difference in one particular
transcript’s expression which completely changes
the gene expression in between conditions. With
the performance of a DTU, the transcript of impor-
tance in this case can be identified, without the need
for a parallel DTE analysis. This level of transcript
precision would not be possible in a DGE analysis;
and Case 2, Isoform Switch, a phenomenon where
different transcripts belonging to the same gene are
expressed completely differently in between condi-
tions,and its expression changes for the other, some-
thing which a regular DGE experiment would never
be able to notice.

Figure 2: Case 1 - Differential transcript expression.

Figure 3: Case 2 - Isoform Switch.

1.6. Differential expression analysis and statistics
A usual pipeline of differential gene expression fol-
lows the following steps: alignment, quantification,
filtration, normalization, specification of the statis-
tical model and estimation of model parameters,
statistical inference on the relevant parameters and
adjustment for multiple testing.

After the quantification step, we have a matrix of
counts where the rows are the features of interest,
such as genes, transcripts or exons, and the columns
are the samples used for the experiment, samples
which relate to the different conditions being tested,
to perform our statistics and other procedures on.
This count matrix is going to be filtered based on
the parameters that will allow for the performance
of the most correct analysis.
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In differential expression analyses, gene expres-
sion is rarely considered at the level of raw counts
since libraries sequenced at a greater depth will re-
sult in higher counts. Therefore the step of count
normalization is necessary to make accurate com-
parisons of gene expression between samples. The
counts of mapped reads for each gene is propor-
tional to the expression of RNA (interesting) in ad-
dition to many other factors (not interesting). Nor-
malization is the process of scaling raw count values
to account for the “interesting” factors. This way,
the expression levels are more comparable between
samples and more meaningful informations maybe
retrieved.

The statistical model, in the case of a DGE anal-
ysis, is considered to be a negative binomial distri-
bution and the model parameters to be estimated
based on the count matrix are the average of feature
expression and the dispersion per feature.

Statistical inference involves declaring or stating
a null hypothesis that there is no differential ex-
pression between conditions and then testing this
against the hypothesis where this statement is false.
It envolves comparing a full model against a null
model where one or more parameters were removed.
The result is a list of p-values, where the smaller
the value, higher the significance. Multiples testing
controls for the possibility of existing false positives
values.

1.7. Current methods
Limma[17] fits a linear model to each row of the
data. The main aspect of limma is that it analy-
ses the data as whole and not as separate compar-
isons, enabling the sharing of information between
samples. Limma was designed for microarray data
and not for RNA-seq data, however through the use
of precision weights it enables RNA-seq count data
to be used in linear models. Limma is extended
to test for differential splicing events when exon or
transcript-level expression data is available.

EdgeR[18] models count data using the NB dis-
tribution and employs an empirical Bayes method
to moderate the degree of overdispersion between
genes. An empirical Bayes procedure is used to
shrink the dispersions towards a consensus value, ef-
fectively borrowing information between genes and
differential expression is assessed for each gene using
a Fisher’s exact test but adapted for overdispersed
data. EdgeR also provides an extension to test for
DTU.

DESeq2[19] starts with a count matrix that will
be modelled with a NB distribution and employs
an Empirical Bayes shrinkage for dispersion esti-
mation and fits GLMs to each gene. Then, a Wald
test is performed to see if each model coefficient dif-
fers significantly from zero. The obtained Pvalues
are then corrected by the Benjamini and Hochberg

procedure. DESeq2 is only used for a DGE analysis
and not in a DTU analysis.

DEXSeq[20] was designed to test for differential
exon usage (DEU). It uses GLMs to model read
counts and the counts are assumed to follow a NB
distribution with mean and dispersion as the main
parameters. The testing part is done by a likelihood
ratio test which tests against the null hypothesis
that none of the conditions influences exon usage.
If positive, it can safely be concluded that this gene
is affected by alternative isoform regulation but not
much else.

SUPPA2[21] is a method which instead of per-
forming statistics on transcript quantification, it
identifies differential splicing events at the junction
level that are used to reveal DTU.

RATs[22] identifies DTU independently at both
the gene and transcript levels by detecting changes
in proportions.

DRIMSeq is a tool that was designed to model
specifically gene-level and transcript-level isoform
expression in order to perform a DTU analysis. For
this reason it will be the tool used in this thesis
and extensive details will be further explained and
characterized.

2. Objective

While there is a clear distinction between different
types of Th cells, there is no consensus regarding
classification of different subsets of Tfh cells.[7] Is
it possible that distinct Tfh subsets provide cues to
B cells regarding which type of antibody to produce
based on their subtype.

Many transcriptomic studies have shown differ-
ent profiles between Th and Tfh cells, based on
gene expression studies. It has also been shown
that alternatively spliced products play a significant
role in defining the transcriptome and functioning
of these cells.[23] While the gene expression stud-
ies between Tfh and Th and between putative Tfh1
and putative Tfh2 are on-going in the lab, my thesis
work focused on dissecting the underlying differen-
tial transcript usage (DTU), with subcategories as
Isoform Switch and Differential transcript expres-
sion, that may also shape the transcriptome of these
cells. This project explores particularly the differ-
ent isoforms used and their classification that may
define the underlying regulation of these cells.

The main aims of the project are: to identify
the best strategy for carrying out a DTU analysis;
implementation of DRIMSeq package to design a
DTU pipeline; and downstream analysis involving
classification of different isoforms and their impact
on gene expression.
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3. Implementation
3.1. Experimental design for transcriptome data

In the laboratory where this master thesis was con-
ducted, an experiment was designed and performed
in order to obtain immune cells of interest and to
use them in the construction of a proper dataset
of RNA-seq: two inducers of a type 1 immune re-
sponse, CpG and nCpG, as well as, an inducer of
a type 2 immune response, IFA, were used to im-
munize mice without these mice cells differentiated,
therefore only type 1 or type 2 pathway dependent
on the that responded to each infection type.

3.2. Tximport

During the sequencing of the samples, fastq files
are created per sample. The Salmon algorithm of
pseudo-alignment described in subsection 1.4, was
used to perform the alignment of the fastq files so
that the count matrix can be generated ahead in
the analysis.

All steps and computations that were performed
in this analysis were conducted in R version 3.5.3.

An R function called tximport was used to cre-
ate a table or matrix of counts which has features
such as genes or transcripts as rows and the samples
obtained in the experiment as columns.

Since a DTU analysis is being performed, the
counts were imported at transcript level and were
scaled using the median transcript length among
the isoforms of the given gene and then scaled again
using the library size. From the resulting counts
matrix, the transcripts that weren’t responsible for
coding of proteins were removed using the protein
coding file. Transcripts that belonged to ribossomal
genes or to H2 genes were also removed.

3.3. DTU method

The modelling of univariate data through the nega-
tive binomial (NB) distribution has been described
in subsection 1.5. However, in order to properly
perform a DTU analysis, we take into considera-
tion that, since the different isoforms are a con-
sequence of alternative splicing, gene expression is
a multivariate expression of these isoforms. This
creates a situation of modelling multivariate data
which requires an extension of the NB distribu-
tion to multidimensional space which is known as
Dirichlet-multinomial (DM) distribuition. This cre-
ates a way to account for the intrinsic dependency
between quantification values of the isoforms. Hav-
ing this statistical framework in mind, researchers
developed a R package called DRIMSeq, as in
Dirichlet-multinomial sequencing, to model the al-
ternative usage of transcript isoforms from RNA-
seq count data and tested it on real datasets reach-
ing the conclusion that it performs well for tran-
script counts.[24]

3.4. Normalization and Filtration
Normalization was previously done in the tximport
command when selecting for dtuScaledTPM, where
the counts are scaled using the median transcript
length among isoforms of a given gene and then to
library size. The choice of dtuScaledTPM has to do
with the fact that this option was purposely built
for DTU analysis and also because within a given
gene the values are all scaled by the same median
transcript length leading to a better assessment of
proportions later on.

When doing a DTU analysis, there is a need to
filter both at gene level and at transcript level. Fol-
lowing that thought, a function dmFilter in DRIM-
Seq allows for a more efficient filtration according
to four parameters.

In the case of the dataset used, it was consid-
ered that the filtering parameters should be that: a
given gene had to be expressed in all samples to be
considered for analysis, a given transcript had to be
expressed in at least half of the samples, the gene
expression for each sample should be at least of 7
read counts and the transcript expression for each
sample should be at least 4 read counts.

The dataset before filtration was characterized
as having 21807 genes which possessed 91156 tran-
scripts. After filtration, the new dataset had 3404
genes which possessed 14596 transcripts.

3.5. Data exploration
Our data exploration was conducted at gene-level to
find gene-level information about the data. Using
the gene names of the filtered dataset, the count
matrix was reduced. Normalization was the next
procedure and for this it was chosen to perform the
base 2 logarithm of 0.5 plus the counts per million
normalized count matrix: log2(cpm(y)+0.5), where
y is the count matrix.

A tool called svaseq from SVA package was used
to remove batch effect and other underlying noise
to highlight the biological question of interest.[25]

Figure 4: PCA plot.

The normalized data was then cleaned of the un-
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wanted variables and the chosen method of data
exploration, PCA in our case, was employed. This
analysis led to the discovery of 2 major principal
components within our data. It can be observed in
Figure 4 that the first and second principal compo-
nents account for, respectively, the type of cell and
type of immune response (Adjuvant).

3.6. Precision Calculation, Proportion estimates,
Differential Testing and StageR

After filtration of the dataset to 3404 genes, we pro-
ceeded to calculate the precision parameter. The
precision parameter is related to the dispersion pa-
rameter by dispersion = 1/(1 + precision).

In order to correctly calculate the mentioned
precisions, these have to be calculated according
to a model of known variables. Using the infor-
mation from the PCA, an additive linear model
that consisted in cell type, immune response type
and batch effects was created: ∼ CellType +
ImmuneResponse+BatchEffects.

The function dmPrecision in DRIMSeq performs
these calculations and also finds the value of the
common precision among 10% of the considered
genes, which is then used to find values of genewise
precision and mean expression of each gene.

After Precision calculation, the same linear model
described before is used for fitting and calculating
the regression coefficients and the isoform propor-
tions for each gene and per sample in the step of
Proportions estimation, through the use of the func-
tion dmFit in DRIMSeq. The regression coefficients
are defined by the design matrix built from the same
model.

The testing step is done using the dmTest func-
tion in DRIMSeq and it tests for differences in iso-
form usage between variables of the linear model:
Cell Type or Immune Response. It does so by cre-
ating a null design matrix from the previous de-
sign matrix without one of the variables in the lin-
ear model, estimating model parameters on this
null design matrix and then performs gene-level and
isoform-level likelihood ratio tests between the null
design matrix and the full design matrix. This step
was done twice, one for cell type and another for im-
mune response. The results were a list of adjusted
P values where it can be seen if a specific isoform
is used or not among conditions, by having in mind
that a p-value bellow 0.05 corresponds to a gene or
transcript that is most certainly different between
conditions.

There is the necessity to apply a correction to
the adjusted p values obtained because DRIMSeq
has been shown to generate poor sensitivity and
perform better after stage-wise correction.[22] The
StageR package [26] was developed with this end in
mind and performs an effective filtering by doing a
screening stage and a confirmation stage.

4. Results
4.1. Classification of DTU cases
The end result of the pipeline is a list of genes,
its transcripts and the controlled adjusted p-values
for both. This list consists in 369 genes and 556
transcripts for the case where the testing variable
of interest was cell type, and 169 genes followed by
254 transcripts for immune response. The immedi-
ate interest after this outcome was to known which
genes represented the interesting DTU cases men-
tioned in section 1.5.

The result, which can be observed in figures 7 and
8, was in 205 cases of DTE (56%) and 164 cases of
isoform switch (44%) for the testing variable of cell
type and in 99 cases of DTE (59%) and 70 cases
of isoform switch (41%). It is interesting to see
that DTE and Isoform switch showed similar spread
between cell type and immune response variables
and that DTE and Isoform switch are distributed
equally among genes showing DTU.

Figure 5: Classification of DTU cases in Cell Type.

Figure 6: Classification of DTU cases in Immune
Response.

When comparing the genes that appear to be dif-
ferentially expressed in between cell types with the
genes that appeared in this DTU analysis, it was
observed that 12% of 369 DTU genes belonged to
the cell type condition were also found in the dif-
ferentially expressed genes (Figures 9 and 10).
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Interestingly, the finding that only 12% of genes
showing DTU impact DGE is different from what
has been reported previously [23]. This may partly
be due to our closely related cell subsets while in
the study its a classification of broad cell subsets.

Figure 7: Classification of DTU cases and DGE in
Cell Type.

Figure 8: Classification of DTU cases and DGE in
Immune Response.

Isoform switch is an event characteristic of can-
cer cells [27] and the indication that it also happens
in great number in Th and Tfh cells, which are im-
mune cells and therefore thought to be in steady
state conditions, is something interesting and that
would be not obvious at first glance.

4.2. Alternative Splicing cases classification in Iso-
form Switched Genes

We wanted to know, from within the genes that
were previously identified as cases of isoform switch,
how were they characterised in terms of alternative
splicing information and transcript biotype. Gath-
ering alternative splicing and transcript type infor-
mation in this context meant finding if there is a
change in the 5 prime or 3 prime untranslated re-
gion of the transcripts between them or if the tran-
scripts are of the type retained intron or lncRNA.

It was found that of the genes that belonged to
the isoform switch case in the cell type condition 9%

are alternative 5’UTR, 24% are alternative 3’UTR
or alternative polyAdenylation, 15% are different
exon transcription, 21% are retained introns, 14%
are lncRNA and 18% are Not Classificable (Figure
11).

It was found that of the genes that belonged to
the isoform switch case in the immune response con-
dition, 11% are alternative 5’UTR, 24% are alter-
native 3’UTR or alternative polyAdenylation, 16%
are different exon transcription, 20% are retained
introns, 16% are lncRNA and 13% are Not Classi-
ficable (Figure 12) .

Figure 9: Classification of AS cases in genes show-
ing isoform switch in CellType.

Figure 10: Classification of AS cases in genes show-
ing isoform switch in Immune Response.

This high number of differences found by the
DTU analysis and within the transcripts that take
place in isoform switch points to the idea that the
usage of isoforms in a given gene is responsible for
great biological functional impact and is extremely
evident in regulatory mechanisms.

This results are the first that show that regula-
tion between Tfh and Th occurs at transcript level.
The already mentioned study [23] was done between
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very different types of immune cells, so the result to
be expected is to exist a lot of difference in terms of
DIU, and is different from this one because this one
was done in cells that are very similar in essence
since they are subtypes of T helper cells, so almost
no difference would be expected due to their lineage
proximity but that is not what is observed. Here we
are comparing cells that are so much more similar
to each other that makes us question what kind of
regulation does exist, and it is being found that
there are these differences in 3’UTR and 5’UTR lo-
cation in the transcripts of the genes. This itself
suggests that tunning is going on and despite what
is happening, it is not necessarily at gene level but
at transcript level.

4.3. Transcript type classification in DTE Genes
We also wanted to know what was the transcript
type of the transcripts of genes showing DTE. It
was found that, once more, both conditions showed
the same distribution and that over 50% of the tran-
scripts were a protein coding, 17% were lncRNA,
moreless 20% were retained introns and the remain-
ing part was nonsense mediated decay (Figures 13
and 14).

Figure 11: Classification of genes showing DTE in
CellType.

Figure 12: Classification of genes showing DTE in
Immune Response.

5. Conclusions

In this thesis, a computational analysis of differ-
ential isoform usage was performed using transcrip-
tomic data from immune cells, particularly T helper
and T follicular helper cells. We investigated iso-
form usage for different cell subset categories using
DRIMSeq which takes into consideration the gene
abundance to correctly model isoform expression.
Through this analysis we identified an equal spread
of DTE and Isoform Switch cases in our data, with
only a small percentage of these cases impacting
expression at gene level.

We further categorized these isoforms based on
their biotype. In case of genes showing isoform
switch, we observe one-third of transcripts changing
from coding to non-coding isoforms, while approx-
imately half of isoforms switched between coding
transcripts. On further exploration, we found that
majority of these isoforms showed either alternate
5’ or 3’ UTR. Together these results indicate to-
wards differential regulation of these genes between
Tfh and Th cells as well as under different immune
responses.

Overall, this thesis highlighted the potential sig-
nificance of regulation of transcript selection, likely
to have biological impact, while being often ne-
glected.
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