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Cross-tissue variance analysis of gene signatures
Using statistical methods to quantitatively analyse the variance contribution in gene set
enrichment scores
MAURITZ KÖÖHLER
OSKAR THUNE
Department of Mathematical Sciences
Chalmers University of Technology

Abstract

Gene set enrichment is used to investigate the differences between gene expression for
genetic pathways in transcriptomic data. Gene set scoring methods like GSVA and
singscore are used in gene set enrichment analysis to assess the enrichment of genes of
interest, called gene sets. GSVA and singscore produces a score of how expressed a gene
set is in relationship with a reference expression, a reference that is not always accessible.

In this work we apply variance decomposition to investigate the use of singscore and
GSVA to create a baseline for RNA-seq data that lacks control samples and apply a VAE
for prediction of gene set scores across tissues. To this end, variance decomposition was
done on GTEx to assess the dataset’s use as a baseline, and a VAE was trained on GTEx
with the aim of predicting gene set scores across tissues.

Our results show that there is a limited use of using a reference dataset as a basis for RNA-
seq data. The results are not conclusive enough to warrant usage in applications with the
precision needed in pharmaceutical research. The VAE based prediction shows lacklustre
results in predicting expression over tissues, and other machine learning methods should
be investigated for this application.

Keywords: RNA-seq, GSVA, Transcriptomics, Bioinformatics, Variational autoencoder,
GTEx, Variance decomposition.
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1
Introduction

This chapter will give a background to the project and give motivation for the work that
has been pursued. Furthermore, aim, objective and demarcations will be introduced such
that the goal of the project is clear. Finally, a thesis layout of the entire report will be
introduced.

1.1 Background

Historically, diseases have been described by symptoms. A set of symptoms would sug-
gest a person has a disease and the goal in producing a drug is to reduce the symptoms.
In precision medicine, the aim is to understand the underlying cause of a disease and cre-
ate drugs targeting specific biological pathways, a set of genes working in sequence. By
analysing how present genes in a biological pathway are in a diseased population against
a control, connection to diseases can be made. Because of the increase in available
transcriptomic data [1, 2, 3], methods like Gene Set Enrichment Analysis (GSEA) [4]
are used to investigate the impact a group of genes have related to regulatory pathways.
By using gene sets rather than individual genes, the analysis can be done on pathways
that are known to be connected to a given condition, or, help discover new pathways to
a given condition. Gene set enrichment analysis gives results that are more trustworthy
and reliable when coming to conclusions about the underlying biology in comparison to
analysis on individual genes [5].

The research in this area has led to collections of gene sets that have been established
to have a connection to some biological pathway [2], most notably The Molecular Sig-
natures Database (MSigDB) [1] that is maintained by the Broad Institute of MIT and
Harvard. MSigDB contains several collections of gene sets from both humans and mice,
with a total of 31 322 gene sets on the human genome. Nota bene, gene signature and
gene set are equivalent, and this study will favour the use of the word gene set.

Analysis on gene set enrichment analysis-methods always relies on the use of a baseline
for what the gene expression could vary around. By comparing the difference in gene
expression between a control group, the baseline, and a patient, one can gain information
of the state of a patient. However, the data for the baseline is usually not available. The
most apparent example is data sets that lack control subjects. It is therefore of interest
to obtain these baselines. This study wants to investigate if one can construct a general
baseline generated from two gene set enrichment scoring methods called singscore and
GSVA. Both methods give a score for each gene set and sample.

1



1. Introduction

Defining a baseline, however, is not an easy task. Genes, and biology in general, are
complex and highly regulated [6]. Various factors can contribute to gene expressions that
are seen in the transcriptomic data that exist today. These can be divided into biological,
technical and human factors. Examples of factors are differences in gene expression
between and within people, what methods were used to sequence the data and high
gene expression is not equal to high protein expression, to name a few. Therefore, the
meaning of baseline, or null, in this report will not be universal but tied to a given data
set to minimise the effect of the mentioned factors. The distributions will be conditioned
on gene signature and chosen meta factors e.g., sex and gender, in order to increase the
biological significance of observations.

1.2 Aim & objectives

The report aims to design a method to derive an empirical null distribution of gene
signature scores. This will be done for two different scoring methods, singscore and
GSVA. Analysis of the produced method will be executed to verify how well the null
distributions can be used as a replacement for control samples in a given data set. This
will be done by investigating the relationship between the proposed null distribution with
another data set. Additionally, the report aims to investigate the predictive power of a
gene signature to create an empirical null distribution using a variational autoencoder
(VAE). The VAE aims to investigate if a different tissue can predict the null distribution
for another tissue of interest. Therefore, at the end of the project, the report aims to
answer the following questions:

• Which factors describe a gene set’s variability?
• Can singscore and GSVA be used to compare between different studies?
• Can a VAE model the relationship for gene sets between tissues?

1.3 Demarcations

To be able to answer the research questions stated in section 1.2, two main data sets will
be investigated. Firstly, the Genotype-Tissue Expression (GTEx) project [7] will be used
as reference data and the SPARC IBD cohort [8] will be used to compare GTEx with.
GTEx will be compared to the SPARC IBD cohort and any conclusions drawn from the
analysis in the report will be limited to the tissues and range of SPARC IBD cohort.

1.4 Thesis outline

The layout of the report aims to give a clear path to answer the research question stated
in section 1.2.

The theory chapter gives an understanding of the methods that have been applied in
the thesis. The method chapter covers the necessary steps needed to replicate the steps

2



1. Introduction

done in this thesis and gives background to choices made in the work. The results
chapter covers the findings made and the conclusion covers analysis of the results and
recommendations for further work in this area.
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2
Theory

The theory chapter focuses on giving an understanding of the methods that have been
applied in the thesis. This chapter is aimed at individuals who have a basic understand-
ing of the terminology and theory in statistics and machine learning, equivalent to an
introductory course in each subject at university. The subchapters are recommended to
read in order for ease of understanding.

2.1 RNA-seq & normalisation

Transcriptomic analysis, as done in this report, investigate a snapshot of the cells current
RNA abundance [9, 6]. The flow of biological information is governed by the central
dogma of molecular biology [10, 6]. The dogma states that information is stored in
DNA, DNA can transport information into RNA and RNA can transport information
to proteins. This is a helpful simplification of the complexity in molecular biology. By
the central dogma, RNA is a transition state between the genomic data, stored in the
DNA, to the more operational data in proteins. In theory, all cells have access to all the
genomic data in the DNA, but different cells express genes differently, e.g., cells in the
heart have a different gene expression than cells in the skin. This is true to an extent,
but a distinction should be made on why it is not completely true. All of our DNA exists
in all cells. However, one aspect that distinguishes differentiated, i.e. have a specified
function, cells from each other are what genes are accessible for them to translate to
RNA. Our DNA is a complex and long molecule that are stabilised by a protein called
chromatin and depending on how the chromatin binds to the DNA, the accessibility
to read differs between cells. The transcriptomic data from a cell, therefore, describes
which genes that are expressed in each cell at a specific time and state, but also which
genes that are accessible for that cell. Furthermore, the same cell can have a different
expression at another time, in another state. A state could be if a cell is healthy or sick,
dividing or not and dying or not.

The data sets investigated in this report was produced utilising a method called RNA-seq
[9, 11]. Figure 2.1 summarise RNA-seq which start with an RNA-sample from multiple
cells. This sample gets sequenced into millions of short strings of RNA, called reads,
at random positions in the input RNA. These reads are then mapped onto a reference
genome and the counts of aligned reads with a gene in the genome generates the abun-
dance of that gene. In conclusion, the RNA-sample, which is a snapshot of how much
genes are expressed, is read in multiple short strings and mapped back onto the genes
in the DNA.

5



2. Theory

Figure 2.1: A schematic view on RNA-seq where an RNA-sample is being mapped
onto a reference genome.

To enable comparison between samples, different normalisation methods, such as TPM
[12], are utilised depending on the transcriptomic data at hand. TPM, transcripts per
million, creates relative RNA abundant values within a sample by normalising over the
length of the raw counts from, for example, RNA-seq. From figure 2.1, one can note
that the first blue RNA strand is longer than the others. As a results, one could assume
that this RNA should have more reads than the others since the reads are taken from
random positions of the sample. TPM takes this into account and the normalisation
over the length of the RNA results in the sum of all TPM-values in a sample being the
same across all samples. TMP per gene is given by equation 2.1

TPMi = qi/li∑
j qj/lj

· 106 (2.1)

where qi is the raw counts from, for example, RNA-seq to a gene. li is length of the RNA
that qi comes from and

∑
j qj/lj is the sum of normalised raw counts to RNA length

over all samples.

2.2 Molecular Signatures Database

Gene sets are a collection of genes that are connected to some biological pathway [2].
The Broad Institute of MIT and Harvard has categorised 31 322 human gene sets into 9
different collections into a database called the Molecular Signatures Database (MSigDB)
[1]. Each collection gathers gene sets with different biological connections, e.g., posi-
tional, immunological, computational. One of these collections, with specific importance
to our study, is the hallmark collection where gene sets have been curated by the combi-
nation of an automatic approach together with experts [13]. Each hallmark gene set is
derived from multiple other gene sets with an overlapping biological function or process,
producing a coherent expression for the gene sets [13].

6



2. Theory

2.3 Gene Set Variation Analysis

Gene Set Variation Analysis (GSVA) is an unsupervised and nonparametric analytical
method used to estimate variation of gene set expression in RNA-sequencing data [14].
GSVA enables analysis to be made focused on gene sets rather than individual genes,
with the result that genetic pathways can more readily be analysed [5]. GSVA is com-
monly applied in research to estimate variance of pathway activity [15].

GSVA analysis of RNA-seq data requires two inputs, a normalised expression matrix
X = {xij}n×p for n samples and p genes; and a collection of gene sets Γ = {γ1, . . . , γm}.
Here xij denotes the expression of gene i in sample j, and |γk| is used to denote the
number of genes in gene set k. GSVA initiates by evaluating the expression level of a
gene i in relation to all samples of that gene. To that end, a Gaussian kernel

F̂hi
(xij) = 1

n

n∑
k=1

∫ xij−xik
hi

−∞

1√
2π

e− t2
2 dt (2.2)

is used and a bandwidth parameter hi = si/4 where si is the sample standard deviation
for the gene. The expression statistic is thereafter converted into ranks F̂hi

(x(i)j) for
each sample j and then normalised rij = |p

2 − F̂hi
(x(i)j)| in order to center the ranks on

0. The enrichment score is then assessed by a Kolmogorov-Smirnov statistic

νjk

ℓ

 =

ℓ∑
i=1

|rij|I
(
g(i) ∈ γk

)
p∑

i=1
|rij|I

(
g(i) ∈ γk

) −

ℓ∑
i=1

I
(
g(i) /∈ γk

)
p − |γk|

(2.3)

with I(g(i) ∈ γk) being the indicator function for gene i being part of gene set k.
Thereafter the enrichment score, in equation 2.4, is calculated by taking the difference of
the largest deviations in both the positive and negative directions from zero for equation
2.3.

ESdiff
jk =

∣∣∣ES+
jk − ES−

jk

∣∣∣ = pmax
ℓ=1

(
0, νjk(ℓ)

)
−

p

min
ℓ=1

(
0, νjk(ℓ)

)
(2.4)

2.4 Singscore

Singscore is a rank-based single sample scoring method used to analyse RNA-sequencing
data [16]. This differentiates singscore from GSVA as the score of a gene set for a
sample will only depend on information from that sample, by ranking gene expressions
correlated to a given gene set. This results in more stable scores for data sets where the
number of samples is small [16] and more flexibility in how the scoring is done, as the
score for samples are independent of each other.

Given k gene set γk and a normalised expression sample X = {xij}n×p for n samples
and p genes, the expressions xij are converted to ranks Rij based on the expression level

7



2. Theory

of the genes within each sample i. A mean rank score per gene set γk is calculated from
equation 2.5

Ski =
∑

g Rg
ki

Nki

(2.5)

where Rg
ki is the rank of the gth gene in gene set k and sample i. Nki is the number

of genes in gene set k in sample i, considering missing genes in the expression data
compared to gene set k. Furthermore, the mean rank score is then normalised, with
relation to the theoretical maximum and minimum values, and centered around 0, as
seen in equation 2.6.

S̄ki =

(
Ski − Smin,i

)
Smax,i − Smin,i

(2.6)

In equation 2.6, the maximum and minimum values are derived from an arithmetic sum
of n numbers, starting at a with constant difference d, calculated as (n/2)(2a+(n−1)d.
Setting a = 1(minimum), a = (Ntotal − Nki)(maximum), d = 1 and n = Nki, as well as
taking the average, one obtains:

Smin,i = Nki + 1
2 (2.7)

Smax,i = 2 Ntotal − Nki + 1
2 (2.8)

The theoretical scores from equation 2.6 is −0, 5 to 0, 5 when only investigating gene
sets that have one direction, either up regulated or down regulated.

2.5 Standardised Mean Difference

Standardised Mean Difference (SMD) is a unit free measure on how separated, in pooled
standard deviation, two group means are from each other [17]. SMD is given by equation
2.9.

SMD = |µ1 − µ2|√
(s2

1 + s2
2)/2

(2.9)

where µ1 and µ2 are the means of the two distributions and the term
√

(s2
1 + s2

2)/2
is the pooled standard deviation of the two distributions. This study quantitatively
distinguishes two distributions as significantly different if the SMD value is larger than
2. This measure only investigates how close the means are and does not take the tails
of the two distributions into consideration.

2.6 Fisher’s exact test

The Fisher exact test is, compared to standardised mean difference, investigating the
difference between two distributions over the whole interval. Fisher’s test is often used

8



2. Theory

when the restrictions of sample size in the χ2-test are violated [18] as Fisher’s test does
not have any restrictions in that regard. Fisher’s exact test exactly computes [19] the
probability of finding an outcome as, or more, extreme as the one present, using counts.
Using counts turns the problem into a combinatorial one which gives discrete outcomes.
Given a discrete outcome, the only outcome with a lower p-value than the significance
level of α = 0, 05 might be very close or very far from α, which makes the test conser-
vative. The test was first proposed by Fisher in 1935 [19] when a lady claimed she could
distinguish between if tea with milk had the tea or milk added first. Fisher constructed a
random experiment for the lady to participate in and calculated how likely it was that the
guesses from the lady was made by pure chance. Fisher calculated all possible outcomes
from the experiment of the 8 cups, 4 with milk added first and 4 vice versa. If the
probability of the outcome from the experiment is unlikely enough, one would reject the
null hypothesis of the lady’s choice being made by pure chance.

Fisher’s exact test can be computed for continuous data by converting the data to counts
over given intervals. Comparing the distribution of two data sets with continuous data,
the amount of data points should be equal between the two data sets on the same interval
if the two data sets are equally distributed. Therefore, the reference data gets divided
into intervals such that equally many data points fall into each interval. Following this,
the same intervals are applied on the comparing data and the expected count of the
data is calculated, given by equation 2.10

Ecomparei
= Orefi∑

i Oref

∑
i

Ocomparei
(2.10)

where Orefi
is the observed counts for each interval for the reference data,

∑
i Ocomparei

is the sum over the observed counts for the compare data. Fisher’s exact test is then
applied on the observed and expected counts of the compared data set.

2.7 Variational Autoencoders

Variational Autoencoder (VAE) is an artificial neural network architecture used for un-
supervised learning and generative modelling [20]. An overview of the architecture of a
VAE can be seen in figure 2.2. VAEs consist of an encoder that maps input data X to
a latent space Z, and a decoder that maps the latent space back to the original input
space creating a recreated data X’.

The core aspect of VAEs lies in their probabilistic formulation. Instead of encoding the
input into a fixed point in the latent space as an autoencoder would, VAEs model a
set of distributions that the latent variables are sampled from. Specifically, the encoder
generates a probability distribution of the latent space, modelled as a multivariate nor-
mal distribution with a diagonal covariance matrix and the latent variables are sampled
from this distribution. This is achieved by parameterising the distribution with mean and
variance vectors µ and σ obtained from the encoder’s output giving the latent space
distribution Z ∼ N (µ, σ).

9



2. Theory

Figure 2.2: Overview of general VAE architecture

This random sampling introduces an issue in the backpropagation. Since the latent vari-
ables Z are sampled the backpropagation can not be performed as the sampling can not
be differentiated [20]. To solve this, the distribution is parameterised with an auxiliary
variable ϵ ∼ N (0, I) and expressing the latent variables and enabling backpropagation
to be implemented in the model according to standard procedure. The distributions for
the latent variables can then be rewritten as:

Z = µ + σϵ (2.11)

VAEs optimise a loss function during training that comprises of two terms [20]: the
reconstruction and the regularisation. The reconstruction loss is based on the difference
in the input and output of the model, rewarding accuracy in the reconstruction of the
input. The second term is a regularisation term that promotes a smooth and continuous
latent space.

This regularisation loss is commonly the Kullback-Leibler divergence

DKL(P ||Q) =
∫ ∞

−∞
p(x) log

(
p(x)
q(x)

)
dx (2.12)

where P and Q in the setting of a VAE are posterior distributions of the latent space
and a chosen prior distribution, respectively. The Kullback-Leibler divergance is a mea-
sure of the difference of two distributions. In equation 2.12, p(x) and q(x) denotes the
probability density functions of P and Q.

If the prior distribution is chosen as the multivariate standard normal distribution, equa-
tion 2.12 can be simplified to

DKL(N(µ, σ)||N(0, I)) = −1
2
∑

i

1 + log(σ2
i ) − µ2

i − σ2
i (2.13)
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allowing for simplified computation [20].
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3
Methods

The method section includes the necessary steps of data handling, preprocessing, scoring
and further analysis where some methods are connected with the theory stated in section
2. In appendix A you can find a list of the versions used for programming languages and
packages.

3.1 Data sets

Two different data sets were investigated in this study to help answer the objectives of
the project stated in section 1.2. The Genotype-Tissue Expression (GTEx) project [7,
21], from Broad Institute of MIT and Harvard, was used as reference data due to its
size and thorough meta data. GTEx was supported by the Common Fund of the Office
of the Director of the National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA,
NIMH, and NINDS. GTEx is composed of 17 384 samples from 948 donors across 54
tissues which covers a large amount of biologal information. The samples come from
post-mortem donors with different causes of death. Due to the cross-tissue samples,
GTEx is ideal as input data to a machine learning model that can compare inter-tissue
relations. GTEx meta data also enables the use of ANOVA for variance analysis to see
which factors have the largest contribution to the variance. To compare with GTEx, the
SPARC IBD cohort [8] was analysed. The SPARC IBD cohort hereby mentioned as IBD
Plexus was put in relationship with the results from the analysis of GTEx for verification
of GTEx’s use as a reference data set.

Links to the datasets and how to access them can be seen in appendix C

3.2 Gene & gene set preprocessing

Both of the studies used in this paper investigates a large number of genes, where a
considerable amount are lowly expressed or not expressed at all. Including these in the
analysis would negatively affect the quality of the results for both singscore and GSVA.
The effect in singscore comes from the normalised mean ranks (equation 2.6), where
all genes that have no expression, all get assigned rank 1. Naturally, this affect the
theoretical min and max score (equation 2.7) used in normalising the ranks. For GSVA,
the amount of lowly or none expressed genes, skew the estimated kernel density used in
GSVA (equation 2.2), and therefore affect the results.
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A cut off for which genes to include in the analysis is therefore paramount. Establish-
ing a good cut off for gene set enrichment for multiple samples is not straightforward
and interpretation of the results depends on the method used to calculate the cut off.
This study aimed to investigate the mean rank for the genes in GTEx and decide on
the cut off based on that investigation. The genes in GTEx were ranked within each
sample and the mean rank for each gene was calculated and summarised in figure 3.1.
The mean of the ranks should be close to normally distributed due to the central limit
theorem, CLT. CLT states that independent and identically distributed random variable
with mean µ and variance σ converges asymptotically to a normal distribution N (µ, σ)
when the samples size goes to infinity. The random variables in this instance are the
mean ranks of the genes and are assumed to come from a common distribution and thus
the means of the ranks should be asymptotically normally distributed for our samples
size. However, due to the large number of non expressed genes, the mean rank is not
normally distributed, as one can note from figure 3.1. Setting a cut off to remove all
genes with any instance of no expression across all samples would be too conservative
of an approach and the study therefore took away genes with a mean rank such that
the distribution would be approximately normal. Based on this analysis of GTEx the cut
off was set to 0.6722, meaning that 67,22% of the overall most expressed genes were
kept, as this matched the above exclusion criteria. Since the exclusion was concluded
from the mean rank, the genes that were excluded in the analysis were the ones with the
overall lowest expression for a gene, across all samples in GTEx. This implicates that
genes in samples from some tissues might be highly expressed but have no expression in
other tissues. Another implication is that some genes will have a significant number of
samples where that gene has no expression if that gene in general has a high expression
across samples.

Both singscore and GSVA relies on assigning a score to a gene set. If the genes in a
gene set are not available in the data, no gene set enrichment is possible. Therefore, a
pipeline was produced to verify which gene sets in MSigDB have at least one gene in
GTEx. The gene sets that were filtered out were not part of any further analysis and
IBD Plexus’s genes were filtered out from these gene sets.

3.3 Singscore

Singscore was implemented using Bioconductor, an open source collection of packages
in R [16]. The singscore function ran with the parameter for unidirectional gene set, a
gene set that either up or down regulates the genes included in the gene set.

Singscore was first applied on GTEx and the hallmark gene sets from MSigDB to im-
plement a functioning pipeline for singscore. Following this, all MSigDB gene sets that
had at least one gene in GTEx, were computed for GTEx and IBD Plexus. The gene
sets that did not have any genes in GTEx were stored and used to filter out IBD Plexus
for both singscore and GSVA.
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Figure 3.1: A histogram of the mean rank of genes in GTEx.

3.4 GSVA

GSVA was implemented using Bioconductor, an open source collection of packages in
R that has a implementation of the method [14]. GSVA ran with the gaussian kernel
computations.

The GSVA scores for GTEx were computed twice with different configurations. This
approach was chosen due to time constraints for the computation. First the scores
for the 50 Hallmark gene sets were computed for all samples in GTEx. Second, the
scores for all gene sets in MSigDB were computed with the samples separated based
on the tissue in order to reduce the computational time. The reduction in time comes
from the quadratic scaling of computational time by number of samples in equation 2.2.
Separating samples based on tissue was chosen since IBD Plexus contains samples of a
few tissues. This separation on tissue for GTEx, should result in minimum introduced
bias and give a relevant interpretation.

3.5 Variance decomposition

The obtained scores from both GSVA and singscore were initially investigated visually
with the aim to intuitively get a better understanding of the variance behind the scores
and investigate the research questions. Following this, to compare the distributions of
the score for singscore and GSVA, several statistical methods were deployed. Firstly, to
investigate which factors that contribute to the variance of the scores, AIC and ANOVA
were applied. Furthermore, to compare distribution between studies, SMD and Fisher’s
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exact test were applied.

3.5.1 Model selection

To assess which factor contributed to the variance of the score from singscore and GSVA,
an ANOVA analysis was performed on GTEx. Which factors to include in the analysis
were decided by using AIC and performing an ANOVA analysis on the model with lowest
AIC. 3 models were proposed and summarised in table 3.1, based on the meta data avail-
able for GTEx. The factors included in the full model were the ones that captured the
most biological information, and implicitly have the most impact on the variability. The
two smaller models excluded factors with decreasing prior thought of variability impact.
Most factors are self-explanatory except for "HardyScale". Hardy scale is a four-point
scale of how fast the donor died with the range going from violent and fast death to
slow death. Including this in the analysis was to investigate if further analysis should be
separated by the different levels of hardy scale in GTEx.

Table 3.1: The three suggested linear models to use in ANOVA per scoring method.

Large Model Middle Model Small Model
Tissue Tissue Tissue
GeneSet GeneSet GeneSet
Tissue:GeneSet Tissue:GeneSet Tissue:GeneSet
Age Age
Sex Sex
Sex:GeneSet Sex:GeneSet
HardyScale
GeneSet:HardyScale

This study uses AIC, Akaike information criterion, for model selection as AIC gives a
measure of the quality of a model in comparison with other models given the same data
[22]. The benefit of this approach is that AIC gives an easy, qualitative and comparable
measure for which model has the highest quality given the same data. AIC is give by
equation 3.1

AIC = 2k − 2 ln(L̂) (3.1)

where k is the number of model parameters and L̂ is the maximised likelihood for
the model described by k parameters. A high-quality model produces a low AIC-value
because only a small number of parameters was needed to produce a high maximised
likelihood. AIC is relative to the data used in the calculations and is restricted to
comparing models where the same data was used. Therefore, no comparison will be
made between the AIC-values for singscore and GSVA.

3.5.2 Factor contribution

ANOVA, Analysis of Variance, was performed on the model with the lowest AIC-value
for each of the scoring methods. The ANOVA method investigates the contribution of
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variance per factor and is well suited for the GTEx data. In ANOVA, the independent
variables are categorical [23], which is true for the meta data in GTEx, and the response
variable are continuous [23], likewise to the scores from singscore and GSVA. The number
of combinations of factors for the large model, due to the large amount of expression
data in GTEx; the amount of gene sets in MSigDB; and amount of factors in GTEx
meta data, surpassed the computational power accessible for the project. Therefore
the ANOVA analysis was focused on the hallmark gene sets in MSigDB (section 2.2).
Described in section 3.4, GSVA was applied with two different configurations on GTEx:
one separated on tissue applying all MSigDB gene sets and one where only the hallmark
gene sets were applied using the whole GTEx data. Being able to interpret the ANOVA
results in the same fashion for singscore and GSVA, tissue needs to have the same impact,
thus, the GSVA configuration using only the hallmark gene sets was applied. Otherwise,
the Gaussian kernel in equation 2.2 would normalise within each tissue and cancel out
the impact of variance for that factor. For both GSVA and singscore, the score data was
combined with the meta data with the factors included in the largest model in table 3.1.

3.5.3 Distribution comparison

Described in section 1.2, this project aims to answer how well singscore and GSVA could
be used to compare between studies. This is enabled by quantitatively comparing GTEx
against IBD Plexus using SMD and Fisher’s exact test. The comparison will leverage
that GTEx have a varied sample pool and IBD Plexus have patients in different stages
of diagnosis related to the colon and therefore distinguish if GTEx can be used as a
control data set and, by implication, if singscore and GSVA can be used to compare
between data sets. The stated comparison is enabled when investigating the same tissue
in GTEx as in IBD plexus and comparing the same gene sets within those tissues with
each other. When comparing IBD Plexus with GTEx, three different combinations of
samples were constructed depending on the meta data available in IBD Plexus. The
three factors were: position, where the samples where taken; macroscopic appearance,
the appearance of the tissue when taking the biopsy for the sample; and diagnosis, what
diagnosis the patient had at the time of the sampling. These factors were investigated
to see if GTEx have similar distributions depending on the factors used.

From equation 2.9, to calculate the SMD-value for a given gene set in a tissue, the
standard deviation and the mean for that selection is needed. Thus, the mean and stan-
dard deviation was calculated for the scores from both singscore and GSVA for GTEx
and IBD Plexus. The mean and standard deviation was calculated for the combination
of tissue and gene set in GTEx and by the three factors stated previously and gene set
for IBD Plexus. Next, equation 2.9 was applied on the computed mean and standard
deviation and the tissue, gene set combination with a SMD-value larger than 2 (more
than 2 pooled standard deviations away) were viewed as significant.

Fisher’s exact test is the second, and final, method to analyse the score distributions and
demands to manipulate the data into the format described in section 2.6. In this study,
GTEx is used as the reference data set and IBD Plexus is used as the compare data set.
The number of intervals to divide the data into was chosen as 5, due to the counts in
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each interval being too low with more intervals. When comparing GTEx against IBD
Plexus, the same separation on the meta factors were done as for SMD so that the
outcome of Fisher’s exact test can be compared with the outcome of the SMD analysis.

3.6 Variational autoencoder

A Variational autoencoder (VAE) was implemented in Python 3.7.2 with using Tensor-
flow 2.11 and Keras 2.11. Two models were created, one trained on GSVA results and
one on singscore results.

The score data from the two methods was pre-processed before being used in the model.
Firstly, in order to make the data easier to work with, the number of gene sets were
reduced by choosing the 500 gene sets with the highest variance across all samples.
Thereafter, the data was scaled uniformly between 0 and 1. The encoding for the tissues
was done as one-hot style vector for both input and target tissue. 75% of this data
was used for training and 15% for validation. The test data was created by taking the
last 10% of samples and creating targets and corresponding target tissue vectors for all
possible combinations of samples from the same donor as the input.

The reconstruction error was implemented as a Mean Squared Error (MSE) between the
true and predicted expression. For the Kullback-Liebler divergence the prior distribution
was chosen to be the multivariate standard normal distribution and was implemented
according to equation 2.13. The total loss was calculated as

Ltotal = DKL(N(µ, σ)||N(0, I)) + 500 ∗ MSE(X ′, X) (3.2)

taking 500 from the number of variables in the input.

The architecture of the model can be seen in figure 3.2. Here the input X is mapped
to the latent space Z together with the input tissue vector S. The latent space is then
decoded together with the target tissue vector S′ to get the approximated input X ′. The
implementation of the tissue vectors as complementary inputs is based on stVAE[24],
that has been used to predict what tissue a given RNA sample was taken from in mice.
For improved performance of the VAE, a naive parameter sweep was done. The param-
eters evaluated were the sizes of the hidden layers, the depth of the network, batch size
and latent dimension. The parameters ran for all samples with the settings in table 3.2.

Table 3.2: Values included in the parameter sweep.

VAE parameter sweep
Parameter Values
Number of Layers 2,3
Layer sizes 512,364,256,128
Batch size 32,64,128
Latent dimension 50,100,150
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Figure 3.2: An overview of our VAE models

The size of the layers were only applied in a way so that the encoder had layers of de-
scending size, and the decoder of ascending size. The layout of the encoder and decoder
always mirrored each other. The model with the lowest MSE on the validation data after
10 epochs was chosen.

The final architecture of the model can be seen in table 3.3. The input is concatenated
with the tissue vector and fed to the encoder that takes the form of an Multi Layer
Perceptron, MLP, with 3 layers. Equation 2.11 is applied to get the latent variables
which are concatenated with the target tissue vector and fed to the decoder which is
a MLP with a structure mirroring the encoder. In order to speed up training, batch
normalisation was implemented after the dense layers in both encoder and decoder. The
model ran for 200 epochs with a learning rate of 10−5 and a batch size of 32.

Table 3.3: Overview of the layers in the VAE models

VAE Model
Layer Name Layer size Input
Concatenate 1 530 X and S
Dense 1 364 Concatenate 1
Dense 2 256 Dense 1
Dense 3 128 Dense 2
Dense µ 100 Dense 3
Dense σ 100 Dense 3
Z Sampling function 100 Dense µ, Dense σ, ϵ
Concatenate 2 130 Z and S’
Dense 4 128 Concatenate 2
Dense 5 256 Dense 4
Dense 6 364 Dense 5

The evaluation of the model ran on the test data, attempting to predict the score in the
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target tissue, based on the score in the original tissue. The predicted score values in the
target tissue Y ′ were compared to the true values Y and the MSE between these vectors
was calculated as a metric for the performance of the models. This was compared to
the MSE between the score in the original tissue X and Y , as well as the MSE between
X̄ and the target Y . Here X̄ denotes the mean value of the score for a gene set taken
over all samples in the test data. These simple points of comparison were chosen to get
a baseline reference point on the models’ performance.
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4
Results

This chapter is divided into two sections, variance decomposition and gene set prediction.
Each section presents the results produced in relation to each subject.

4.1 Variance decomposition

The objective of the variance decomposition of the project was to investigate the use
of GTEx as reference data and see which factors and subfactors that contributed to the
variance in gene set scoring. The decomposition was performed for both the singscore and
GSVA method by computing the ANOVA table first, where the meta factors’ contribution
to the variance of the score was visible. Following this, SMD and Fisher’s exact test were
applied to GTEx in comparison with the IBD Plexus data. This was done to investigate
in which instances the distribution for GTEx was either similar or different to the other
data set.

4.1.1 Visualising variance

Before any further analysis was made, a visual investigation was performed to get an
intuitive feeling of the scores given by GSVA and singscore connected to the objectives of
the report. The overall objective of the report is to investigate the variance of the scores,
and the contributing factors for that variance. Therefore, first the mean and variance
from the scores within each tissue in GTEx and gene set in MSigDB’s C8 collection, a
single-cell, tissue specific gene set collection, was summarised in figure 4.1. Each dot is
the mean and variance for the combination of each gene set in the collection and tissue
in GTEx. Figure 4.1a depicts the mean and variance for the scores given by singscore,
while figure 4.1b depicts the same for GSVA. The general structure of the two plots are
drastically different. Note that on the y-axis, the size of the variance differs in mag-
nitude for the scoring methods where singscore have an overall lower variance than GSVA.
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a b

Figure 4.1: Mean and variance of the score for the combination of gene set in the C8
collection from MSigDB and tissue from GTEx. Each point is the mean and variance
for singscore in figure 4.1a and for GSVA in figure 4.1b.

In figure 4.1a, the overall bulk of the scores have a small variance and a mean around 0
or higher, whereas some have a larger variance and a lower mean. The latter group with
high variance, all comes from only three different gene set. The distribution of scores
for these three gene sets are depicted in figure 4.2. Two things are worth noting from
this figure. Firstly, all of the gene sets have a large spread of the score spectrum where
FAN_EMBRYONIC_CTX_IN_5_INTERNEURON have scores over the whole range
stated in section 2.4. Secondly, all three have a significant number of scores at −0, 5,
which indicates non-expressed genes in the gene set. Figure 4.1a in combination with
figure 4.2 highlights that these gene sets are not representative of the overall behaviour
of gene sets.

Figure 4.2: The distribution of the singscore results for the three gene sets in MSigDB’s
C8 collection in GTEx with the highest variance.

Additionally, an investigation of how the scores in GTEx behaved for a tissue specific
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gene set, within or without that specific tissue was made. It was chosen to investigate
three gene sets in MSigDB that was curated from liver cells and compared with samples
in GTEx. The results can be found in figure 4.3 and two things can be noted. Firstly,
in figure 4.3a, all of the scores for the ones in the liver is more dense and have slightly
larger mean than the ones not in liver. Secondly, in figure 4.3b, for the samples in the
liver, all the gene sets are more dense and have a higher mean than the ones not in liver.
Figure 4.3b depicts how singscore separate the scores as anticipated per gene set in liver.
The gene sets chosen for the investigation comes from analysis of single-cell sequencing
from cells in the liver but the hepoatocytes cells (the blue group in figure 4.3 are more
homogeneous cells than the two others. When comparing the gene sets expression with
the liver samples in GTEx, where the samples are a result from biopsies which gather a
variety of tissue cells per sample, a more specific and homogeneous gene set should be
better expressed in those samples. This is clearly seen how singscore separates the three
gene sets into two groups.

a b

Figure 4.3: The distributions of GSVA scores (figure 4.3a) and singscore (figure 4.3b)
for three liver specific gene sets in GTEx, comparing between the samples in the liver
and outside of the liver.

To see the behaviour of a single gene set in multiple tissues, figure 4.4 was con-
structed. This figure looks at the distribution of scores from singscore in figure 4.4a
and GSVA in figure 4.4b and how the scores vary between tissues. The used gene set,
PID_IL23_PATHWAY, comes from the hallmark collection and was curated from genes
activated during inflammation.
Stated in section 1.2, another objective was to investigate if singscore and GSVA can
be used to compare between data sets. Visually, this was investigated by looking at the
distribution of GTEx compared to another data set for a gene set that is tissue specific.
This investigation is summarised for both GSVA and singscore in figure 4.5 where GTEx
is compared to the scores in IBD Plexus for the meta factor macroscopic appearance.
As IBD plexus contains samples from patients from the colon where some have pos-
sible or actual inflammation in the colon, a comparison can be made for a gene set,
PID_IL23_PATHWAY, which is up-regulated during inflammation compared to GTEx.
One can note in figure 4.5 that GTEx is more dense. For GSVA in figure 4.5a the group
with possible inflammation and erosion or ulcers have a group with higher scores. In
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a b

Figure 4.4: Violin plots showcasing the distributions of the gene set
PID_IL23_PATHWAY across some tissues in GTEx for singscore (figure 4.4a) and GSVA
(figure 4.4b).

figure 4.5b, GTEx have a dense and high mean compared to any of the subfactors.

a b

Figure 4.5: Violin plots comparing the distribution of the GSVA scores (figure 4.5a)
and Singscore (figure 4.5b) between IBD Plexus’s factor macroscopic appearance with
the colon samples in GTEx for the gene set PID_IL23_PATHWAY.

4.1.2 ANOVA and AIC

To assess which factor contributed to the variance of the Singscore and GSVA, an ANOVA
analysis was performed on the GTEx data. What factors to include in the analysis was
deduced by using AIC. Three models were proposed (table 3.1) based on the meta data
available for GTEx and the AIC for each model was calculated and summarised in table
4.1 - 4.2.
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Table 4.1: AIC table for the three
models with the scores from singscore
of the Hallmark gene sets.

df AIC
Small model 1501 -4 510 102
Middle model 1556 -4 511 830
Large model 1756 -4 495 799

Table 4.2: AIC table for the three
models with the score from GSVA of the
Hallmark gene sets.

df AIC
Small model 1501 -495 278
Middle model 1556 -496 794
Large model 1756 -525 415

One can note in table 4.1 and table 4.2 that all of the AIC values are very negative.
The model with the lowest AIC-value was selected for the ANOVA analysis, middle for
singscore and the large model for GSVA. The ANOVA table for singscore can be seen in
table 4.3 and for GSVA in table 4.4.

Table 4.3: The ANOVA table from the model with lowest AIC score with scores from
singscore of the Hallmarks as gene sets.

df SS MS F-value Pr(>F)
Tissue 29 111,0 3,82 11 750 >2e-16

GeneSet 49 4233 86,38 265 600 >2e-16
Age 5 0 0,02000 65,86 >2e-16
Sex 1 0 0,1300 403,1 >2e-16

Tissue:GeneSet 1421 449 0,32 972,7 >2e-16
GeneSet:Sex 49 0,0000 0,01 22,54 >2e-16

Residual 867 545 282,0 0,00

Table 4.4: The ANOVA table from the model with lowest AIC score with scors from
GSVA of the Hallmark gene sets.

df SS MS F-value Pr(>F)
Tissue 29 12 925 445,7 14 015,92 >2e-16

GeneSet 49 700 14,3 449,27 >2e-16
Age 5 30 6,0 189,43 >2e-16
Sex 1 3 3,4 107,27 >2e-16

HardyScale 4 233 58,2 1 831,79 >2e-16
Tissue:GeneSet 1421 26 983 19,0 597,17 >2e-16
GeneSet:Sex 49 20 0,4 12,77 >2e-16

GeneSet:HardyScale 196 704 3,6 112,89 >2e-16
Residual 861 795 27 404 0,0

An observation that can be drawn from both table 4.3 and 4.4 is that all factors are
highly significant. However, this is due to the large amount of data points which reduces
the residual and inflates the F-values. Looking at the MS values can give an indication
of the overall weight of that factor in relationship to the other factors.
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4.1.3 Standardised mean difference

The first method aimed to investigate the similarities or differences between the distri-
butions of the score from GTEx compared to IBD Plexus, was SMD, standardised mean.
For IBD Plexus, as stated in section 3.5.3, three different meta factors were analysed
per scoring method are summarised in figure 4.6 and 4.7. The figures show how many
of the combinations of gene set and sub factor combinations are significantly different
from each other. Noticeable is that GSVA (figure 4.6) have a majority of none signifi-
cant sub factor and gene set combinations while singscore have a majority of significant
combinations (figure 4.7).

a

b c

Figure 4.6: Histograms of the SMD results for GSVA applied on IBD Plexus in com-
parison with the colon samples in GTEx using the entire MSigBD gene set collection.
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a

b c

Figure 4.7: Histograms of the SMD results for singscore applied on IBD Plexus in
comparison with the colon samples in GTEx using the entire MSigBD gene set collection.

To see if GSVA and singscore distinguish the same combinations as significant, table
4.5 was constructed which summarises the overlap of significant combinations between
GSVA and singscore. One can note the the actual overlap of combinations of sub factors
and gene set vary drastically from the lowest of only 13,2% to the highest of 62,9%.
This means that GSVA and singscore distinguish 13.2% of the same gene set for samples
taken from the Sigmoid colon as significantly different while 62,9% for samples with IBD
unclassified.
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Table 4.5: The overlap of significant combinations, according to the SMD results, of
gene set and meta factors between GSVA and singscore for IBD Plexus.

Position Percent
overlap

Macroscopic
appearance

Percent
overlap

Diagnosis Percent
overlap

Ascending colon 0,264 Erosions or
Ulcers

0,432 Crohn’s Disease 0,324

At 20 cm 0,221 Normal 0,295 IBD unclassified 0,629
Cecum 0,458 Possible

inflammation
0,174 Ulcerative colitis 0,197

Descending colon 0,192
Ileum 0,522
Other 0,400
Rectum 0,199
Sigmoid colon 0,132
Transverse colon 0,145

The analysis in the previous figures and tables for SMD was made across all gene sets in
MSigDB. However, a real-life application would be to investigate if GTEx can be used
as a reference for a specific tissue and gene set. Therefore, in table 4.6-4.7, one can see
the SMD scores for GSVA and singscore between IBD Plexus and GTEx for a specific
gene set, PID_IL23_PATHWAY, that up-regulates genes during an inflammation.

Table 4.6: SMD values for the GSVA scores compared between GTEx and IBD Plexus
for the gene set PID_IL23_PATHWAY.

Position SMD Significant
difference

Macroscopic
appearance

SMD Significant
difference

Diagnosis SMD Significant
difference

Ascending
Colon

1,35 No Erosions or
Ulcers

0,541 No Crohn’s
Disease

1,45 No

At 20 cm 1,74 No Normal 2,18 Yes IBD
unclassified

1,67 No

Cecum 1,96 No Possible in-
flammation

0,781 No Ulcerative
colitis

1,53 No

Descending
colon

1,08 No

Ileum 1,16 No
Other 0,817 No
Rectum 1,02 No
Sigmoid
colon

1,38 No

Transverse
colon

1,35 No
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Table 4.7: SMD values for the scores from singscore compared between GTEx and
IBD Plexus for the gene set PID_IL23_PATHWAY.

Position SMD Significant
difference

Macroscopic
appearance

SMD Significant
difference

Diagnosis SMD Significant
difference

Ascending
Colon

3,16 Yes Erosions or
Ulcers

2,42 Yes Crohn’s
Disease

3,56 Yes

At 20 cm 3,63 Yes Normal 4,66 Yes IBD
unclassified

2,95 Yes

Cecum 3,90 Yes Possible in-
flammation

2,66 Yes Ulcerative
colitis

3,32 Yes

Descending
colon

2,82 Yes

Ileum 3,53 Yes
Other 3,06 Yes
Rectum 2,68 Yes
Sigmoid
colon

2,76 Yes

Transverse
colon

3,28 Yes

4.1.4 Fisher’s exact test

Fisher’s exact test was used to further investigate if the score distributions from GTEx
compared to another data set was different or not. The same procedure was used as
for SMD and the results for IBD Plexus can be found for GSVA in figure 4.8 and for
singscore in figure 4.9. One can note that we find a majority of significant differences
between the sub factors and gene set combinations, but GSVA have a lower rate.
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a

b c

Figure 4.8: Histograms of the Fisher’s exact test results for GSVA applied on IBD
Plexus in comparison with the lung samples in GTEx using the entire MSigBD gene set
collection.

Due to the high amount of significant combinations of sub factors and gene set, an
investigation of the p-values was performed. Almost all of the combinations had the
lowest p-value possible for the analysis. Thus, no further analysis was made as making
conclusions where everything is significantly different is not relevant.
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a

b c

Figure 4.9: Histograms of the Fisher’s exact test results for scores from singscore
applied on IBD Plexus in comparison with the lung samples in GTEx using the entire
MSigBD gene set collection.

4.2 Variational autoencoder

The objective of the VAE analysis was to qualitatively state if a VAE was able to model
the expression of genes in a different tissue based on the expression in the current tissue.
To this end the comparison of Mean Square Error laid out in chapter 3.6 was done. The
results of the two models when compared to the naive comparisons of taking the input
directly as well as the mean of the variables can be seen in table 4.8.

Table 4.8: The results of the VAEs, MSE(Y ′, Y ) compared to taking the input directly,
MSE(X, Y ) and taking the mean, MSE(X̄, Y ).

MSE results of expression prediction
MSE(Y ′, Y ) MSE(X, Y ) MSE(X̄, Y )

GSVA Model 0,060 0,269 0,119
singscore Model 0,036 0,269 0,090
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5
Discussion

The discussion chapter goes over the results presented in chapter 4 and ties them to the
research questions posed in chapter 1.2. Further work related to the research questions
are discussed in each chapter.

5.1 Variation analysis

In section 1.2 the objective and research question of this report was stated. This sec-
tion aims to answer which factors that contributes to the variance of the scores given
by GSVA and singscore by discussing the results from the visual investigation and the
ANOVA analysis.

To investigate the factors which contributed to the variance of the scores, an ANOVA
analysis was implemented on GTEx using the hallmark gene sets in MSigDB. From table
4.1 and 4.2 one can note that the two scoring methods have different models which
describes the data best. This is further highlighted in table 4.3 and 4.4 where the most
contributing factors differ for the two scoring methods. However, one should note that
the order of the factors in the models matter. ANOVA calculates the total variance
and for each factor ask how much of a contribution they add to that variance, given
the factors that already have been added to the analysis. E.g., when investigating the
impact of the factor "GeneSet" in 4.3, the variance contribution is in relationship with
the factor "Tissue" already being in the model. Therefore, this highlights the contri-
bution of variance that the factor "HardyScale" have in GSVA in table 4.4, when the
MS-value is so high even though "HardyScale" is added so late in the analysis. The
conclusion drawn from "HardyScale" being significant is that the factor introduces a lot
of variability, and the results could benefit from separating the samples in GTEx into
the levels of "HardyScale". This was, however, not done due to the inbalanced sample
distribution of the levels in "HardyScale". Furthermore, correlated factors will have a
shared contribution to the variance and depending on which order they are added will
have different significance. However, no correlation analysis was made. For both scoring
methods, gene set and tissue have a large contribution to the variance. That being said,
as the analysis was only made on the hallmark gene sets, which include only 50 gene
sets, the effect of gene set might be exaggerated.

From the visual analysis in section 4.1.1, one can note that the two scoring methods
singscore and GSVA, have two very different behaviours, as seen in figure 4.1. The
figure is only for one of the 9 gene set collections from MSigDB but they highlight
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a fundamental difference between the two methods that will be further discussed in
section 5.2. Additionally, figure 4.4 showcase how the underlying distribution of the
scores varies when investigating a single gene set in different tissues. This highlights the
use of knowing the pathway that a gene set is connected to and know the relevance of
analysing a gene set across tissues. Figure 4.3 adds to the conclusion of figure 4.4 as
this shows how gene sets have different behaviours if they are analysed in the context
from where they were curated. Lastly, figure 4.3 also connects with how well singscore
and GSVA are at comparing between and within data sets, where in this case singscore
prominently show to distinguish the correct behaviour as expected.

5.2 GSVA and singscore

The thesis set out to analyse the viability of using singscore and GSVA for broad analysis
of many gene sets on large amounts of data. This with the aim to answer whether
analysis across different studies is viable for each of the scoring methods.

From the statistical analysis in section 4.1 information was gathered on the feasibility of
cross-study evaluation. In figures 4.5 - 4.9 it can be observed that for all cases looked
at, GSVA has significantly more similar distributions than singscore. A likely reason for
this difference is the more aggressive normalisation in the GSVA method, which in this
broad case appears to remove away some information. Another point to highlight is
that in figure 4.5 it can be seen that GSVA has a distribution most similar to the cases
that have no indication of disease , while singscore is closest to the samples labelled as
having diseased appearance. Lastly, looking to table 4.6 and 4.7 we can note that the
GSVA results are noticeably more similar when using SMD to compare between the two
datasets. But a worrisome detail is that the only significant difference in GSVA is for the
Normal macroscopic appearance. This is the opposite of what is wanted for using GTEx
as a reference dataset. Looking to the results of Fisher’s exact test in figure 4.8 and
4.9 the significance of the difference is even more prominent. Therefore, for both SMD
and Fisher’s exact test the results suggest a significantly different distribution across all
combinations. This implies that using GTEx as a reference for other datasets is not
possible.

Taken together this mixed result gives no clear answer on which method is to prefer, but
the results do not support the usage of either method for cross-study analysis. Further
analysis on this application for the scoring methods should focus on more specific tissues
and gene sets that have well researched connections. After the behaviour of the models
has been analysed for these specific methods, more broad analyses, like the one in this
report, should be better supported and viable. More work on batch correction methods
would also need to be used in order to align the distributions of the different datasets
better.

Underlying all the results, are the expressed genes in the data sets. In figure 4.2, one
can note that a large portion of the scores in all three groups have samples with genes
with no expression as they have received the score of −0, 5. Section 3.2 discusses the
problem of choosing a cut off which includes the genes that you want to analyse and
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exclude data that has low quality and would lower the quality of the results. Due to
the method in this report being rather broad, a generous cut off was chosen. However,
this means keeping genes in some samples with no expression, which affects the results.
Comparing distributions where samples have genes with no expression with samples that
have an expression will naturally produce significant differences. For future work, a more
in-depth analysis on which cut off to use could improve the overall quality of the results.

5.3 VAE modelling

The objective of applying the VAE was that it would pick up on the nonlinear behaviours
of the underlying data and be able to give robust prediction of expression over samples.
The results in table 4.8 show that while the model does not fail altogether, the level of
accuracy needed in GSEA is not achieved in these tests.

A factor that is likely to have played in heavily in the results is the fact that the gene
sets with the highest variance were selected. Picking out features with high variance
is a common method in machine learning to do a rough optimisation of the amount
of information left for the model while reducing its size. But it has been shown that
the high variance gene sets for GTEx can occur as a result of contamination and other
defects [25]. This could have affected the model severely and would need to be further
analysed for future models. It would also be prudent to trial other more robust measures
of feature selection.

All in all, the VAE model doesn’t show promise for this application. The result in table
4.8 show that some intricacies are modelled but the results are not significant enough to
warrant enthusiasm. The underwhelming result is not fully surprising, as direct predic-
tion of high dimensional data is not a common application of VAEs, rather categorical
prediction is more commonly tried.

Further work in this area could take the approach of using VAE architectures made for
data augmentation and treat the input as faulty data that should be corrected to fit the
given tissue instead of predicting directly. Another interesting experiment is applying this
sort of direct prediction model we have done and applying to TPM normalised expression
data and comparing how well that can be modelled.
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Appendix 1

Table A.1 shows the different versions used in the project for program language, packages
and MSigDB.

Table A.1: The different version for the languages, packages and MSigDB that was
used in the project

What Version
Python 3.7.2

R 4.1.0
Tensorflow 2.11

Keras 2.11
Singscore 1.14.0

GSVA 1.42.0
MSigDB v7.2.hs.SYM

GSEABase 1.56.0
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The full list of packages used in R

R v e r s i o n 4 . 1 . 0 (2021−05−18)
P la t fo rm : x86_64−pc−l i n u x −gnu (64− b i t )
Running under : CentOS L inux 7 ( Core )

Mat r i x p r oduc t s : d e f a u l t
BLAS/LAPACK: / opt / scp / s o f twa r e /OpenBLAS/
0.3.5 −GCC−8.2.0 −2.31.1/ l i b / l i b op enb l a s_ha swe l l p −r0 . 3 . 5 . so

l o c a l e :
[ 1 ] LC_CTYPE=en_US .UTF−8 LC_NUMERIC=C

LC_TIME=en_US .UTF−8 LC_COLLATE=en_US .UTF−8

[ 5 ] LC_MONETARY=en_US .UTF−8 LC_MESSAGES=en_US .UTF−8
LC_PAPER=en_US .UTF−8 LC_NAME=C

[ 9 ] LC_ADDRESS=C LC_TELEPHONE=C
LC_MEASUREMENT=en_US .UTF−8 LC_IDENTIFICATION=C

at ta ched base packages :
[ 1 ] p a r a l l e l s t a t s 4 s t a t s g r a p h i c s g rDe v i c e s d a t a s e t s
u t i l s methods base

o t h e r a t t a ched packages :
[ 1 ] limma_3 . 5 0 . 3 biomaRt_2 . 5 0 . 3

r lang_1 . 1 . 0 r a p i c l i e n t_ 0 . 1 . 3
[ 5 ] GSEABase_1 . 5 6 . 0 graph_1 . 7 2 . 0

annotate_1 . 7 2 . 0 XML_3.99 −0.14
[ 9 ] Annotat ionDbi_1 . 5 6 . 2 s i ng s co r e_1 . 1 4 . 0

BiocManager_1 . 3 0 . 2 0 slurmR_0.5−3
[ 1 3 ] l u b r i d a t e_1 . 9 . 2 f o r ca t s_1 . 0 . 0
s t r i n g r_1 . 5 . 0 dplyr_1 . 1 . 1
[ 1 7 ] purr r_1 . 0 . 1 readr_2 . 1 . 4
t i dy r_1 . 3 . 0 t i bb l e_3 . 2 . 1
[ 2 1 ] ggplot2_3 . 4 . 2 t i d y v e r s e_2 . 0 . 0
msigdb_1 . 2 . 0 SummarizedExperiment_1 . 2 4 . 0
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[ 2 5 ] Biobase_2 . 5 4 . 0 GenomicRanges_1 . 4 6 . 1
GenomeInfoDb_1 . 3 0 . 1 IRanges_2 . 2 8 . 0
[ 2 9 ] S4Vectors_0 . 3 2 . 4 Mat r i xGene r i c s_1 . 6 . 0
mat r i xSta t s_0 . 6 3 . 0 ExperimentHub_2 . 2 . 1
[ 3 3 ] AnnotationHub_3 . 2 . 2 BiocF i l eCache_2 . 2 . 1
dbplyr_2 . 3 . 2 B iocGener i c s_0 . 4 0 . 0
[ 3 7 ] GSVA_1. 4 2 . 0 CePa_0 . 8 . 0

l oaded v i a a namespace ( and not a t t a ched ) :
[ 1 ] co lo r space_2 .1−0 e l l i p s i s _ 0 . 3 . 2

XVector_0 . 3 4 . 0 r s t ud i o ap i_0 .14
[ 5 ] bit64_4 . 0 . 5 i n t e r a c t i v eD i s p l a yBa s e_1 . 3 2 . 0 fans i_1 . 0 . 4

xml2_1 . 3 . 3
[ 9 ] s pa r s eMat r i xS t a t s_1 . 6 . 0 cachem_1 . 0 . 7

kn i t r_1 .42 png_0.1−8
[ 1 3 ] shiny_1 . 7 . 4 HDF5Array_1 . 2 2 . 1
compi le r_4 . 1 . 0 httr_1 . 4 . 5
[ 1 7 ] Matrix_1 .3−4 fastmap_1 . 1 . 1
c l i_3 . 6 . 1 l a t e r_1 . 3 . 0
[ 2 1 ] B iocS ingu l a r_1 . 1 0 . 0 p r e t t y un i t s_1 . 1 . 1
html too l s_0 . 5 . 5 too l s_4 . 1 . 0
[ 2 5 ] rsvd_1 . 0 . 5 igraph_1 . 4 . 2
gtab le_0 . 3 . 3 glue_1 . 6 . 2
[ 2 9 ] GenomeInfoDbData_1 . 2 . 7 reshape2_1 . 4 . 4
rappd i r s_0 . 3 . 3 Rcpp_1 . 0 . 1 0
[ 3 3 ] vct r s_0 . 6 . 1 B i o s t r i n g s_2 . 6 2 . 0
r h d f 5 f i l t e r s _ 1 . 6 . 0 De layedMat r i xSta t s_1 . 1 6 . 0
[ 3 7 ] xfun_0 .38 beachmat_2 . 1 0 . 0
timechange_0 . 2 . 0 mime_0 .12
[ 4 1 ] l i f e c y c l e _ 1 . 0 . 3 i r l b a_2 . 3 . 5 . 1
renv_0 . 1 7 . 3 edgeR_3 . 3 6 . 0
[ 4 5 ] z l i b b i o c_1 . 4 0 . 0 s ca l e s_1 . 2 . 1
hms_1 . 1 . 3 promises_1 . 2 . 0 . 1
[ 4 9 ] rhdf5_2 . 3 8 . 1 S i ng l eCe l l E xpe r imen t_1 . 1 6 . 0
yaml_2 . 3 . 7 cur l_5 . 0 . 0
[ 5 3 ] memoise_2 . 0 . 1 s t r i n g i_1 . 7 . 1 2
RSQLite_2 . 3 . 1 BiocVers ion_3 . 1 4 . 0
[ 5 7 ] Sca ledMatr ix_1 . 2 . 0 f i l e l o c k_1 . 0 . 2
B i o cPa r a l l e l_1 . 2 8 . 3 pkgconf ig_2 . 0 . 3
[ 6 1 ] b i tops_1 .0−7 eva luate_0 .20
l a t t i c e_0 .20−44 Rhdf5 l ib_1 . 1 6 . 0
[ 6 5 ] b it_4 . 0 . 5 t i d y s e l e c t_1 . 2 . 0
p lyr_1 . 8 . 8 magr i t t r_2 . 0 . 3
[ 6 9 ] R6_2 . 5 . 1 gene r i c s_0 . 1 . 3
DelayedArray_0 . 2 0 . 0 DBI_1 . 1 . 3
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[ 7 3 ] p i l l a r_ 1 . 9 . 0 withr_2 . 5 . 0
KEGGREST_1. 3 4 . 0 RCurl_1 .98 −1.12
[ 7 7 ] crayon_1 . 5 . 2 utf8_1 . 2 . 3
tzdb_0 . 4 . 0 rmarkdown_2 .21
[ 8 1 ] p rogres s_1 . 2 . 2 l o c f i t_ 1 .5 −9.7
gr id_4 . 1 . 0 blob_1 . 2 . 4
[ 8 5 ] Rgraphviz_2 . 3 8 . 0 d iges t_0 . 6 . 3 1
xtab le_1 .8−4 httpuv_1 . 6 . 9
[ 8 9 ] munsel l_0 . 5 . 0
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Appendix 3

Below there are links to where more information can be found on how we can get access
to the data used in this thesis.

MSigDB: https://www.gsea-msigdb.org/gsea/msigdb/index.jsp

GTEx: GTEx was supported by the Common Fund of the Office of the Director of the
National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and NINDS
and can be found at https://gtexportal.org/home/datasets

IBD Plexus: The SPARC IBD data are available upon approved application to Crohn’s &
Colitis Foundation IBD Plexus https://www.crohnscolitisfoundation.org/research/grants-
fellowships/ibd-plexus
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