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Abstract
Gene regulatory networks (GRNs) control physiological and pathological processes in a living organism, and their accurate 
inference from measured gene expression can identify therapeutic mechanisms for complex diseases such as cancers. The 
biggest obstacle in achieving the accurate reconstruction of GRNs is called ‘noise’, which considerably alters the measured 
gene expression because the noise generally dominates the biological signal. This situation needs to be addressed carefully 
so that GRN inference methods do not estimate a fit to the noise instead of the underlying biological signal. Potential noise 
compensation approaches are a must if the goal is to reconstruct the true system.

To this end, within the scope of this doctoral thesis, I developed two methods that, in different ways, overcome the 
obstacles introduced by noise in gene expression data. Method 1 allows the collection of more informative subsets of genes 
whose expression is not as highly affected as those which cause the system to be overall uninformative. Method 2 infers 
a perturbation design that is better suited to the gene expression data than the originally intended design, and therefore 
produces more accurate GRNs at high noise levels. Furthermore, a benchmark study was carried out which compares the 
methodological backgrounds of GRN inference methods in terms of whether they utilize knowledge of the perturbation 
design or not, which clearly shows that utilization of the perturbation design is essential for accurate inference of GRNs. 
Finally a method is presented to improve GRN inference accuracy by selecting the GRN with the optimal sparsity based 
on information theoretical criteria.

The three new methods (PAPERS I, II and IV) can also be used together, which is shown in this thesis to improve 
the GRN inference accuracy considerably more than the methods separately. As inference of accurate GRNs is a major 
challenge in gene regulation, the methods presented in this thesis represent an important contribution to move the field 
forward.
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Abstract 
 
 
 
Gene regulatory networks (GRNs) control physiological and pathological processes in a 
living organism, and their accurate inference from measured gene expression can identify 
therapeutic mechanisms for complex diseases such as cancers. The biggest obstacle in 
achieving the accurate reconstruction of GRNs is called ‘noise’, which considerably alters 
the measured gene expression because the noise generally dominates the biological 
signal. This situation needs to be addressed carefully so that GRN inference methods do 
not estimate a fit to the noise instead of the underlying biological signal. Potential noise 
compensation approaches are a must if the goal is to reconstruct the true system.  

To this end, within the scope of this doctoral thesis, I developed two methods 
that, in different ways, overcome the obstacles introduced by noise in gene expression 
data. Method 1 allows the collection of more informative subsets of genes whose 
expression is not as highly affected as those which cause the system to be overall 
uninformative. Method 2 infers a perturbation design that is better suited to the gene 
expression data than the originally intended design, and therefore produces more accurate 
GRNs at high noise levels. Furthermore, a benchmark study was carried out which 
compares the methodological backgrounds of GRN inference methods in terms of 
whether they utilize knowledge of the perturbation design or not, which clearly shows 
that utilization of the perturbation design is essential for accurate inference of GRNs. 
Finally a method is presented to improve GRN inference accuracy by selecting the GRN  
with the optimal sparsity based on information theoretical criteria.  

The three new methods (PAPERS I, II and IV) can also be used together, which 
is shown in this thesis to improve the GRN inference accuracy considerably more than 
the methods separately. As inference of accurate GRNs is a major challenge in gene 
regulation, the methods presented in this thesis represent an important contribution to 
move the field forward. 
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1 Introduction 
 
 
 
There is a balance between biochemical components and their physiological processes. 
Genes are expressed, and, depending on where and when, different proteins are 
synthesized from cells which carry the same DNA molecules [1,2]. Regulation occurs 
through every step of gene expression, and is responsible for mediating life [2–4]. 
Therefore, everything that happens in living organisms is a result of gene regulation, both 
in the smaller and larger context of interactions [5]. Harmful mutations may occur when 
the aforementioned balance is interrupted by, for instance, genetic and/or environmental 
factors, leading physiological processes to become pathological due to dysregulated gene 
expression [6]. Understanding the mechanisms behind both physiological and 
pathological processes can propose treatment targets to the latter, and these mechanisms 
can be revealed by gene regulatory networks (GRNs) [7–11]. 

To study a GRN, it must be perturbed, so that this is performed through intended 
alterations in gene expression [2,12–15]. Temporarily altering a gene’s expression in the 
system affects the genes which are regulated by the perturbed gene, and the changes can 
be measured [2]. Therefore, perturbations are especially useful to study the causality in 
gene regulation. For instance, a knockdown perturbation on a gene inhibiting another 
gene (its target) would be expected to result in an increase in the target gene’s expression. 
This simple example can be extrapolated to the system, where, for a larger investigation, 
we need mathematics and computers.  

As straightforward as it may sound, accurate inference of GRNs faces several 
obstacles [16–19], of which the most important one is ‘noise’ in gene expression, which 
can arise from biological variation [20–22], experimental errors [23–25], or both. For 
instance, even under the same environmental and genetic conditions, random genetic 
variations occur throughout gene expression [2]. Even though it may or may not be an 
obstacle, itself, in reconstructing the underlying GRN, it is expected that the addition of 
artificial conditions such as an experimental environment would result in higher noise 
levels, building a barrier between the true system and measured gene expression [26]. 
Many methods have been developed to infer GRNs from gene expression data [27–32], 
however, the majority still fail when the noise levels are biologically relevant and high 
(explored in PAPER-III).  

I believe that this problem, being an apparent setback, deserves attempted solutions, 
given the importance of GRNs in potentially identifying treatment targets for genetic 
diseases. For this reason, during this doctorate, I have developed methods that aim to 
bypass the effect of noise in gene expression by creating a portal through which insights 
of the actual biological signal are extracted from experimental data. GRN inference 
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following the application of the developed methods to measurements of changes in gene 
expression levels is shown to be significantly more accurate than before. 

This thesis therefore introduces the methods developed to compensate for the effects 
of noise in GRN inference accuracy (PAPERS I-II), provides guidance for how the 
properties of the real biological data can be mimicked in simulations to represent 
biological data, and how varying noise levels affect GRN inference accuracy (PAPER-
III). Finally, it introduces a model selection approach which can identify the most 
accurate and optimal GRN within a set of possibilities inferred by GRN inference 
methods (PAPER-IV). Chapters of this thesis are constructed to provide a background 
into the field, which could lead to a better understanding of the present papers. 
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2 Gene Expression and Regulation 
 
 
 
The complexity of life is stored in and determined by DNA molecules, which hold the 
information required to manufacture proteins. Throughout this process of protein 
manufacturing, biochemical molecules interact with each other to serve the correct 
functioning in the cell for living organisms [1,5]. Understanding of these interactions 
between molecules that form a functional web starts with the understanding of how these 
proteins are produced from the information contained in DNA molecules [2,5]. 

This chapter therefore explains how gene regulation occurs throughout gene 
expression, why it is of crucial importance for living organisms, and what happens if its 
physiological mechanism is interrupted. 
 
2.1 Gene expression 
Complex multicellular organisms are collections of organ systems, which are formed by 
tissues composed of hundreds of different cell types. Each cell type serves a specific 
purpose in these complex organisms despite carrying the same DNA, thus information 
content [2,5]. So, how is it then possible that, from the same genomic information, 
different cells occur, form different tissues, and serve different functions? This can be 
explained by the concept of gene expression and regulation [1,33]. 

The central dogma of molecular biology [1,2,5,34,35] states that DNA transcribes 
RNA which is then translated into protein (Fig. 2.1). This is a brief summary of what is 
going on from the point a transcriptional regulator is activated to the synthesis of a 
protein: that is the process called ‘gene expression’. There are many stages of gene 
expression, which control and explain different functions of different cell types in the 
organism because type, time and amount of transcription required depend on the cell 
[1,2]. Transcription (from DNA to RNA) occurs in the nucleus, while translation (from 
RNA to protein) takes place in the cytosol where ribosomes are located. The cell decides 
which mRNAs should be moved from nucleus to cytosol for translation. Transported 
mRNAs are then translated into proteins by ribosomes or destabilized and degraded in 
the cytosol. Synthesized proteins serve different functions in different parts of the 
organism since expressed genes and their expression levels are also different [1,2,5]. 
 
2.2 Gene regulation 
Throughout the steps of gene expression visualized in Fig. 2.1, gene regulation occurs, 
as every alteration in gene expression is a consequence of regulation, and can lead to 
regulation, forming a regulatory network [1,2,5,36–39] (Fig. 2.2). Regulation in biology, 
just like regulation in general, refers to the relationship between entities in a system, 
where the activity of the one is governed or affected by one or more others. 
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Figure 2.1. Illustration of gene expression. A gene is activated, and RNA Polymerase transcribes the messenger 
RNA (mRNA). Then the transcribed mRNA is translated into protein by the ribosome. The product of this step 
is a polypeptide chain, which then becomes a functional protein. The functional protein structure is borrowed 
from the Protein Data Bank (PDB) [40,41] with DOI: 10.2210/pdb1EA8/pdb, and it belongs to the unpublished 
protein structure entry 1EA8 Apolipoprotein E3 22kD fragment LYS146GLU mutant. 
 
There are different scenarios for gene regulation depending on the stage of gene 
expression, at which regulation occurs. For instance: 
 

1. Regulator binds to the target gene.  
a. Gene is inhibited and cannot transcribe mRNAs. Reduced mRNA 

levels lead to reduced translation of proteins. 
b. Gene is activated, and transcribes more mRNAs. Increased mRNA 

levels lead to increased translation of proteins. 
2. Regulator binds to the protein product of the target gene.  

a. Protein is inhibited, and there are insufficient amounts of inhibited 
protein in the system. As a result, the targeted gene is activated to 
transcribe more mRNAs to compensate for the shortage of the inhibited 
protein in the system. 

b. Protein is activated. The gene coding the targeted protein is therefore 
inhibited to bring balance to the system.  

 
In scenarios (1) and (2) transcriptional regulation occurs through targeted mRNA, and 
protein, respectively. When gene expression is measured by mRNA levels, scenario (1) 
is a more direct approach compared to scenario (2) which has an indirect effect on the 
change in mRNA levels through proteins. More scenarios could be written for explaining 
gene regulation, but I think these main ones are sufficient to show the importance of 
knowing the regulator-target relationship. 
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Figure 2.2. Illustration of gene regulation through different levels of gene expression. Gene regulation occurs 
at different levels of gene expression, and whether it is towards an activation or inhibition is shown by blue 
arrows and red dashes, respectively.  
 
The functioning regulation may also be interrupted by a series of environmental 
(spontaneous) or genetic (inherited) alterations - in other words mutations, and diseases 
such as cancer occur due to uncontrolled cell growth and division from dysregulated gene 
expression [42,43]. Even though some diseases arise from mutations in a single gene and 
can therefore be cured by treating the disease gene in isolation [44–46], most diseases are 
a result of complex mechanisms, for which the interplay between multiple genes should 
be considered [47–52]. 

Molecular biologists have been investigating these regulatory scenarios both in 
physiological and pathological processes via experiments, and mapping interactions one-
by-one. However, there are approximately 20K - 25K protein coding genes in the human 
genome, which would then result in some 400M - 625M possible interactions between 
them. This number could be reduced if we restrict the interactions to only those from 
transcriptional regulators to other genes, but even this number is considerably large. 
Given the large space of possible interactions, it would be almost impossible to reveal 
these regulatory interactions in isolation. To the contrary, a network approach such as 
GRNs can infer the underlying system of interactions as a whole, on a large scale, from 
measurements of changes in gene expression, which can be obtained via a set of 
perturbation experiments. 
 
2.3 Perturbing GRNs 
There is a balance in physiological processes. However, interruptions such as harmful 
mutations may occur, causing uncontrolled gene expression and regulation, which results 
in pathological conditions such as diseases, if they are unable to be compensated for by 
other mechanisms in the system [53]. As mentioned earlier, in order to be able to study 
GRNs in both physiological and pathological processes, we must perturb the system so 
that the causal relationships between the perturbed gene and others can be captured.  
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2.3.1 Different types of perturbations 
Biological perturbation can mainly be categorized into two types: namely, unknown-
target perturbations and known-target perturbations. The former can be called 
multifactorial perturbations, in which all genes in the system are simultaneously 
perturbed by, for instance, cellular stress. This type of perturbation, despite requiring less 
effort in its data collection, is highly uninformative as it can reveal associated responses 
of genes to the alteration in the system, but it would not lead to a direct causal regulator-
target relationship. The latter type of perturbations (known-target) can be helpful to infer 
direct causality in the regulation between genes, and thus more advantageous over the 
former type to study GRNs even though it requires more effort in data collection. Known-
target perturbations can be performed through knockout/knockdown and drug molecules 
(or small molecules, or drugs), which can be used to investigate the scenarios mentioned 
earlier, (1) and (2), respectively. In other words, genetic perturbations inhibit genes either 
by deleting them (knockout) or by partially degrading their transcribed mRNAs 
(knockdown), hence the resulting GRN represents gene regulation on a direct 
transcription level. Drug molecule perturbations, on the other hand, inhibit the protein 
product of the target gene in most cases, causing the gene to be activated to transcribe 
more mRNAs to maintain the level of the inhibited protein at its required level. Therefore, 
unlike genetic perturbations, protein-inhibiting drug perturbations activate the target gene 
in theory. However, observations may vary due to systems effects. In addition to the 
difference in their effect on target genes’ expression change, genetic and drug molecule 
perturbations are also different in terms of their effect on other genes in the system. 
Therefore, I will explain these perturbations separately. 
 

 
Figure 2.3. Illustration of known-target perturbation approaches. (A) shows a single target drug molecule 
perturbation, where the drug molecule also binds to an off-target protein and activates the mRNA transcriptions 
of both the target and off-target genes. (B) shows a single-target knockdown perturbation where the target-
specific siRNA degrades the mRNA transcribed by the perturbation target. 
 
Drug molecule perturbations 
The aim of the type of perturbation mentioned above is usually to inhibit the protein 
product of the associated target genes, activating the gene’s transcription rate. Depending 
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on how gene expression is measured, following the perturbation, gene regulation is 
defined. For instance, if the gene expression is measured by the changes occurred in 
protein levels, since the drug molecule inhibits the protein product of the gene, gene 
regulation will be observed influencing inhibition. If the gene expression is measured 
through changes in mRNA levels, since the gene transcribes more mRNAs to compensate 
for the shortage of the inhibited protein in the system, gene regulation will be directed 
towards activation. Both are correct as, either way, gene regulation agrees with gene 
expression measured. Yet, when the aim is to reconstruct the underlying GRN from the 
measured gene expression, correctly relating the type of perturbation to the measured 
gene product is critical to determine the correct indication for regulation, whether to 
activate or inhibit. Given that measuring gene expression by changes in protein levels is 
rare and not as straightforward as measuring this expression through changes in mRNA 
levels, it would be safe to assume that gene expression is quantified by mRNA levels, 
therefore protein-inhibiting perturbations activate their target genes. 

In theory, drug molecules may seem like a perfectly suitable perturbation approach to 
reveal GRNs, which holds in most cases. However, they come with a great risk that they 
may not be target-specific. In some cases, the molecule binds to other proteins in addition 
to the actual target(s) that it is meant to bind to (Fig. 2.3 (A)). When the perturbation 
experiments are designed, these potential off-targets are not considered, leading to a 
perturbation design that is already, at best, only partially accurate. When the molecule 
perturbs other genes that are not intended as its target, independent causes of regulatory 
interactions are, instead, understood as the influence of the known-target on the off-target 
gene, compounding the error of an already misinterpreted system. In addition, drug 
molecules may target multiple proteins at the same time, potentially introducing obstacles 
in identifying the correct gene regulatory interactions. These problems can be avoided by 
restricting the perturbation experiments to only include FDA (Food and Drug 
Administration)-approved drug molecules, whose benefits are confirmed to outweigh 
their risks, whether known or potential. This applies to the target-specificity of the drug 
molecule applied, by reducing the risk of unknown off-target effects. Such a selection, 
however, would considerably limit the number of suitable drug molecules. 
 
Genetic perturbations 
Genetic perturbations can be categorized into two, namely knockout and knockdown 
perturbations. The former type of genetic perturbation (knockout) deletes a particular 
gene’s presence, hence preventing its mRNAs and, accordingly, proteins in the system. 
The latter type of genetic perturbation (knockdown) is designed to inhibit the gene’s 
transcripts through a process called RNA interference (RNAi), and is achieved by sending 
a vector (virus) carrying small interfering RNAs (siRNAs) with a sequence that is 
complementary to a specific part of the target gene and its mRNAs, binding and 
degrading the mRNA products of the genes (Fig. 2.3 (B)). It is considerably more target-
specific than drug molecule perturbations when the RNA concentration is correct; while 
low concentrations of siRNA perturbations may fail, higher concentration of siRNA may 
result in off-target effects by also perturbing other genes. At an ideal concentration and 
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experimental conditions, thanks to its ability of targeting single genes at a time, the 
identified gene regulatory interactions are expected to be the direct effect of the 
perturbation target (regulator) and its gene regulatory target. 
Given the possible target-specificity and simplicity of this type of perturbation over the 
risks drug molecule perturbations hold, we considered only genetic perturbations for both 
biological and in silico generated data in the papers presented in this thesis. 

 
2.3.2 Measuring the change in gene expression 
Following perturbations, changes in gene expression levels can be measured in fold 
changes (FCs) at several time intervals. Even though there are GRN inference methods 
using multiple time points, this thesis only focuses on the change in gene expression when 
the system reaches a new steady state. 
 
Steady state 
Steady state refers to zero rate of change in gene expression. The system can be altered 
via perturbation experiments described in the previous section (2.3.1). This alteration is 
followed by a response interval, eventually resulting in a steady state. Throughout the 
process, change in gene expression levels can be quantified, and when the rate of change, 
over time, is equal to zero, it is called the new steady state. Even though, depending on 
some conditions, biological systems may be stable or unstable at steady state after 
perturbations, they are assumed to be stable in nature based on the hypothesis that an 
unstable system would collapse even due to minor changes in its environment [2].  

Measuring changes in gene expression would allow us to determine the regulatory 
effect of the perturbed gene on other genes. Two sets of measurements are required for 
calculating the FCs: (1) wildtype gene expression, and (2) gene expression at a time point 
after perturbation. Gene expression in FCs are then calculated (usually in logarithm base 
2) by dividing the perturbed gene expression by its wildtype value. FCs can be used to 
evaluate both the perturbation effect on the target, and the regulatory influence of the 
perturbation target on other genes in the system. 
 
Perturbation effect on target 
Perturbations aim at altering the expression levels of genes. Ideally, the perturbation 
target appears to have the largest absolute FC in the collection of measurements, that is 
the largest statistically significant down/upregulation for knockdown and drug molecule 
perturbations, respectively (Fig. 2.4).  

However, this may not always be the case, where non-target genes may exhibit a 
stronger change in gene expression than the intended target of the perturbation. There are 
possible reasons for why the ideal perturbation effect on the target is not always observed 
in real situations. For instance, (1) the FC in target gene’s expression is not statistically 
significant, and/or non-target genes are more up or down regulated than the actual target 
[54]; and (2) the target of a knockdown perturbation experiment is significantly 
upregulated (shown in PAPER-I). The number of possibilities can be increased, but these 
already constitute enough motivation to start explaining what might be going on. 
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Figure 2.4. A volcano plot illustrating the ideal and observed effect of perturbation on changes in gene 
expression measured through mRNA levels.  
 
In a fair situation, where the assumptions are that the measurements of gene expression 
are correct, there are not experimental artefacts, and the perturbations were successful, 
the two situations can be explained as (1) perturbed gene has a considerably large 
influence on a portion of genes which were affected by the alteration in target gene’s 
expression more than target gene was affected by the perturbation; and (2) perturbation 
target is of crucial importance for the system, and hence feedback mechanisms 
immediately restored its expression which resulted in temporary upregulation due to 
overcompensation. While both situations can occur, to assume that there are no 
measurement errors or experimental artefacts would not be realistic. 
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3 Noise in Gene Expression Measurements 
 
 
 
Chapter 2 explained how gene expression and regulation occurs, how perturbations of the 
system work, how measurements of change in gene expression can reveal gene 
regulation, and what the possible problems with these measurements are. Simply put: 
anything that prevents measurements of change in gene expression from revealing the 
underlying GRN is considered “noise” in this thesis. So, how can it be identified on 
measured gene expression? This chapter aims to explain how the stated obstacles can be 
detected and distinguished from measured fold change gene expression as well as finding 
out what their potential causes can be. For a mathematical quantification of noise relative 
to the biological signal on measurements of change in gene expression, see Chapter 5. 
 
3.1 Replicates 
Perturbation experiments, in most cases, are repeated to check for variation introduced 
by the experimental conditions; each repetition is called a replicate. Such datasets of 
replicated perturbations have been made publicly available at and can be downloaded 
from, for instance, the ENCODE consortium [55] and the L1000 platform [56]. In a 
perfect scenario, replicates of the same gene perturbation measured under equal 
conditions are expected to exhibit a linear relationship as in Fig. 3.1 (A), where the 
correlation between replicate pairs is equal exactly to 1. However, this situation does not 
exist in reality due to biological variation, called intrinsic and extrinsic noise [2,20,57]. 
Intrinsic noise is a stochastically occurring variation of gene expression, which causes 
the product of biochemical processes to be measured differently even under equal 
conditions and from the identical genomic material. Extrinsic noise arises from other 
molecules such as enzymes contributing their own variation to the expression process of 
another gene [20], hence adding to already occurring intrinsic noise. Therefore, it would 
not be realistic to expect a perfect agreement between replicates of the same experiment 
even under completely equal genetic and environmental conditions.  

When all environmental conditions are kept the same, measurements are 
synchronized, and genetically standardized cells are used, the relationship between 
replicates would most likely exhibit a trend as in Fig. 3.1 (B), which is a great correlation. 
Noisy experiments where experimental artefacts are added to the biological variation, on 
the other hand, are likely to exhibit a behaviour as in Fig. 3.1 (C). 

The situation observed in Fig. 3.1 (C) may also occur due to plate/batch effect, where 
observations from each replicate cluster together, and separately from others, in a 
principal components analysis (PCA) plot (Fig. 3.2 (A)). There exist a variety of batch 
effect removal methods and software [58–60] which, in theory, eliminate the variation 
arising from plate effect (Fig. 3.2 (B)). However, one needs to be very careful applying 
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those techniques since the removed components could be the actual biological signal 
rather than the unwanted variation. 

 
 

 
Figure 3.1. An illustration of correlations between replicate pairs for (A) the ideal, (B) minor to average level 
of noise, and (C) high level of noise in measured gene expression.  
 
  

 
Figure 3.2. Illustration of a principal components analysis of a noisy gene expression data where the source of 
noise in terms of low replicate correlation is the batch. (A) shows the separation between the replicates, and (B) 
gives an example illustrating the removal of batch effect. 
 
 
3.2 Ineffective perturbation on target 
One result of noise can be observed as a broken connection between the intended 
perturbation design and measured fold change gene expression, where explanatory 
variables (perturbation design) no longer correspond to the measurements (dependent 
variable, fold change gene expression). This also occurs when the perturbation 
experiment has multiple targets, as can happen with drug perturbations, where not only 
each drug may target multiple genes but also a portion of the genes are targeted by 
multiple drugs. This may cause associated expression responses to perturbations 
(associated explanatory variables), resulting in potentially uninformative data. This 
situation relates to and is a consequence of the aforementioned drawbacks of drug 
molecule perturbations mentioned in section 2.3.1 and can be avoided by a careful 
selection of the drug molecules as perturbation agents. For instance, more target specific 
drugs whose activity and effects are well studied can be used to perturb the system, hence 
the responses to these perturbations would be more informative. A similar situation can 
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also be caused by knockdown perturbations, where insufficient number of siRNAs can 
result in failed perturbations, while a more than necessary number may cause off-target 
effects [61]. When the measurements of gene expression face such problems, one needs 
to compensate for the effect of noise to be able to proceed towards the end goal of reverse 
engineering the underlying biological system.  
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4 Biological Systems 
 
 
 
Biochemical molecules such as proteins form larger complexes and interact within and 
between these complexes to perform certain functions to mediate life. An individual 
component therefore cannot be considered independent from its surroundings, where the 
living organism as a whole is nothing but a consequence of these interactions. 
Accordingly, diseases can occur due to single or multiple alterations in these systems. To 
understand the underlying reasons for why they occur, and to be able to effectively 
intervene, we need to understand the interplay between these connected components. 
Here, a network approach can identify disease-related molecular complexes, and propose 
targets to these disease mechanisms in the larger context.  
 
4.1 Gene regulatory networks 
Gene regulatory interactions are responsible for biochemical, physiological, and 
pathological processes in living organisms, and can be represented by gene regulatory 
networks (GRNs).  

GRNs reveal certain physiological and pathological mechanisms in living organisms 
by allowing access to what is preserved within the underlying cellular systems through 
measurements of change in gene expression explained in Chapter 2. Therefore, building 
solid assumptions for what properties to consider when mathematically representing 
GRNs can contribute to their accurate inference from measured biology.  

The GRN of a cell can be represented by a mathematical graph which consists of 
nodes representing genes, and edges denoting interactions between genes. A 
mathematical graph can represent a GRN in three ways: (1) an undirected graph where 
there is an association between two genes but the source and target of this association is 
not given, (2) a directed graph where an interaction from the regulator to target is shown, 
referring to the causation in the association, and (3) a signed graph where the sign of the 
interaction, either activation or inhibition, is shown on the interaction directed from the 
source gene to its target (Fig. 4.1 (A-C), respectively).  

Regulation here means that the target gene’s behaviour in the system is affected by 
another gene, its regulator. In a cell, regulator genes are the ones associated with 
transcriptional regulator (or transcription factor, TF) activity. This means, when a TF 
binds to a special part on its target, called the promoter region, it either activates or 
inhibits the transcription rate of the target gene. The GRN of a cell runs interactions from 
TFs to non TFs, while interactions between two TFs also occur. In the latter case, a TF is 
regulated by another TF. 

Each of the graphs from Fig. 4.1 can be defined as G = (N, E), where N refers to the 
collection of nodes, and E the edges. Each potential interaction from E in the graph can 
be denoted by eij, and a weight can be assigned to it as wij, which refers to the strength of 
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the interaction directed from the jth gene to the ith (for directed GRNs, Fig. 4.1 (B)). 
Absolute interaction weights (|wij|) should be considered for the signed GRNs (such as in 
Fig. 4.1 (C)), because the sign of the interaction is only to refer to whether the regulation 
is an activation or inhibition.  

 
 

 
 
Figure 4.1. Basic mathematical graphs of five genes. Here, nodes represent genes, and (A) undirected, (B) 
directed, and (C) signed edges refer to the interaction between nodes. Black lines represent undirected 
associations between two genes; black arrows are directed but unsigned interactions between regulators and 
their targets; blue arrows represent activation and red dashes denote inhibition directed from the regulator to its 
target.  
 
For directed GRNs, wij ¹ wji usually holds, unless it is a symmetric interaction. 
Bidirectional edges exist in directed and signed graphs where a different weight is 
assigned to both directions. Ideally, the intended direction has a higher weight than the 
reverse. Unlike directed and signed GRNs, undirected GRNs (as in Fig. 4.1 (A)) are 
symmetric, meaning wij =!wji. We could, for instance, formularise the directed/signed 
graph from Fig. 4.1 (C) as follows: 
 
 

N = {G1, G2, G3, G4, G5}, and edges  
E = {(G1,G4,+), (G2,G1,-), (G2,G4,-), (G3,G1,-), (G3,G5,+), (G4,G5,-), (G1,G1,-), 

(G2,G2,-), (G3,G3,-), (G4,G4,-), (G5,G5,-)}.  
 

 
A standard GRN can be mathematically documented in three ways: by an interaction 
matrix, by an adjacency matrix, or by an adjacency list. The first one is the complete 
GRN where the signed interactions between genes have weights (wij for the interaction 
directed from j to i in the matrix), and it is an NxN square matrix where N denotes the 
number of genes. The second one, adjacency matrix, is the signed binary version of the 
interaction matrix, where the only difference from the interaction matrix is that an 
adjacency matrix does not contain weights of interactions. The third alternative, 
adjacency list, is a simplified version of the adjacency matrix, which only contains the 
existing interactions in a list format where the first element regulates the second element 
in a row. As a third column, an adjacency list can also include the sign of the interaction. 
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An interaction matrix is useful in mathematical operations, however, the last alternative, 
adjacency list, can also be used for simpler non-mathematical purposes. Tables 4.1, 4.2, 
and 4.3 show examples of an interaction matrix, adjacency matrix, and a list, respectively, 
for the signed GRN from Fig. 4.1 (C).  

In an interaction matrix, A, such as the one from Table 4.1, the columns refer to 
regulators and the rows represent targets. |wij| from the ith row and jth column of A denotes 
the (absolute) strength of the interaction directed from the jth gene to the ith, where the 
higher absolute values are stronger in the true GRN but not necessarily in the inferred 
ones, and sign(wij) refers to whether the jth gene inhibits (-) or activates (+) the ith  gene. 
Given that the sign of the interaction only denotes whether the regulation is an activation 
or inhibition, the ranking of the interactions, such as in the adjacency list from Table 4.3, 
should always be performed by the absolute weights from the interaction matrix (Table 
4.1). 

 
 

 
 
 
Note that both the graphical representation (Fig. 4.1 (C)) and the interaction matrix (Table 
4.1) include autoregulation, the gene regulating itself, which is of importance for the 
system’s stability.  
 
Stability 
In section 2.3.2, I mentioned that, depending on some conditions, the system can be 
unstable or stable at steady state after perturbations [2]. The former (an unstable system) 
is not observed in nature because such a system would collapse following minor 
alterations in its environment, however, it can be created by constant artificial 
interventions. The latter (a stable system) is eventually achieved in nature following 
perturbations due to the degradation of the expressed molecule. One approach to ensure 
stability when mathematically representing the GRN of a cell is, therefore, to include 
autoregulation to control mRNA/protein levels in the system [26,62].  

Let us assume an ordinary differential equation (ODE) system, �̇� = 𝑓(𝑥), 
representing the GRN (𝐴"). To understand whether a steady state (�̅�) is stable or not, we 
must check eigenvalues in the Jacobian of this system [2]. 
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𝑑𝑥&
𝑑𝑡

= 	𝐴"𝑥& 
(4.1) 

 
𝑥&(𝑡) = 𝑥(𝑡) −	 �̅� 

(4.2) 

 
The system at steady state �̅� can be called stable, if the real parts of all eigenvalues in the 
Jacobian 𝐴" are negative. If there is at least one eigenvalue whose real part is positive, 
then the system is unstable at steady state �̅�.  
  
Topology 
As mentioned before, a GRN is a set of regulatory interactions between genes. The 
number of connections where a gene plays a regulatory role on others, as it has outgoing 
interactions from itself, are called outdegree. Similarly, the number of connections where 
the gene is regulated by others is called the indegree of that gene. In and out degrees in 
total constitute the overall degree of the gene. Each gene in the system has a degree in 
terms of interactions shared between other genes, and these degrees together constitute 
the degree distribution of the system.  

In the case of GRNs, some genes share interactions with a considerably large portion 
of the other genes in the system, while other genes have a smaller number of interactions 
shared. The former type of genes, being largely connected to the other genes in the 
system, are called hubs, and are very common for biological systems [47]. Fig. 4.2 shows 
two subsets of the E. coli GRN from RegulonDB [63], wherein it can be clearly seen that 
a few hub genes are responsible for a vast majority of the total number of interactions, 
while most others share interactions with only 1 or 2 genes.  
 

 
Figure 4.2. The scale-free network topology. Two sub-GRNs of size (A) 50 genes and (B) 100 genes extracted 
from the E.coli source GRN available in GeneNetWeaver [64] are shown, where the green nodes are the genes, 
and blue arrows and red dashes denote activation and inhibition, respectively, directed from the regulator genes 
to their targets. 
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This situation is explained by the preferential attachment rule [65], where a node with the 
highest number of connections to the others is more likely to have the new links assigned 
to itself. The ones having the least number of connections, accordingly, have the lowest 
chance of being assigned a new interaction. This behaviour of systems degree follows a 
power law distribution, and the topology of such systems is called scale-free [66]. 
Interactions may, naturally, differ in different regulatory systems of different cells, 
however, the trend in their distributional behaviour would more or less remain the same. 
 
Sparsity 
Sparsity of a GRN refers to the fraction of number of interactions per gene on average 
relative to the number of genes in the system. Sparsity can be considered to have the 
opposite meaning of density, where a decreasing number of interactions for the same 
number of genes is sparser, and it is less dense. To illustrate, the GRN from Fig. 4.1 (C) 
has 10 regulatory interactions for 5 genes in the system. The sparsity of this system is, 
therefore, 0.4 (from 2/5), which is determined also by the number of non-zero values in 
the interaction matrix (Table 4.1), as 10/(5*5) = 0.4. One could exclude autoregulation, 
which would correspond to 5 non-autoregulatory interactions between 5 genes, hence a 
sparsity of 5/(5*5-5) = 0.25. The opposite is also valid, where the increasing number of 
interactions means a denser GRN, hence less sparse. The sparsity of a GRN can vary 
depending on the system, however, the maximum sparsity any system can reach is 1 as a 
fully connected system of 5 genes would have a sparsity of 25/(5*5) = 1. The possibly 
sparsest system is an empty one, with zero interactions per gene.  

GRNs are considered sparse since there are ~1-3 interactions per gene on average for 
large systems of thousands of genes [67–69]. Even though hub genes share a large 
number of connections with many other genes in the system, this number is greatly 
balanced by those having a small number of interactions, maintaining a certain sparsity 
level within the gene regulatory network of a cell. Sparsity is also consistent within the 
subsets of one entire system, as no possible subset can have a significantly different 
sparsity than the complete source GRN.   
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5 The Linear Model 
 
 
 
To this point, I have illustrated different types of perturbation experiments, described how 
changes in gene expression can be created through these perturbations, mentioned the 
main obstacles, and given a brief overview of GRNs and assumptions on their properties 
and behaviour. Having established that even the data collection itself can bring potential 
artefacts, the model representing the GRN by connecting gene expression changes to 
system’s perturbations should be kept as simple as possible, since a more complex model 
would only introduce more obstacles to finding the true solution for the GRN. 

Considering that the primary goal in inferring GRNs is to reveal the underlying 
mechanisms in terms of interactions between genes, the model to achieve this goal is 
expected to be able to connect perturbations to the system and responses of genes to these 
perturbations. Assuming that GRNs are dynamic systems because of genes’ responses to 
environmental and genetic perturbations leading to changes in their expression levels 
over time, they can be described by a linear ordinary differential equations (ODE) model 
which simply provides the desired connection between perturbations and responses at 
least for steady state or its near states. We therefore can define regulation by a linear 
system of ODEs for the system as follows: 
 

𝑑𝑥(
𝑑𝑡
(𝑡) = 	𝐴,𝑥((𝑡) +	𝐵/(𝑝(𝑡) − 𝑓(𝑡)) (5.1) 

 
where x(t) = [x1(t), …, xn(t)]T is the state vector which refers to the gene expression by, 
in most cases, quantifying mRNAs of genes for each state t;  p(t) = [p1(t), …, pl(t)]T is the 
perturbation vector which represents all kinds of perturbations to the system and includes 
its own noise denoted by the random vector f(t) = [f1(t), …, fl(t)]T; 𝐴, is the matrix of 
interactions between the genes in the system; and 𝐵/  is the relations between the 
perturbation and states. Here and from now on, in all equations, the reversed hat symbol 
denotes the error-free variable. 

The response vector of state t of the observed output can therefore be shown by y(t) 
as follows: 

 
𝑦(𝑡) = 	𝐶,𝑥((𝑡) + 𝑒(𝑡) (5.2) 

 
where y(t) = [y1(t), …, yo(t)]T are a set of measurements of responses to perturbations; e(t) 
= [e1(t), …, eo(t)]T is the vector of random measurement errors; and 𝐶, is the relation 
matrix of the response at state t. The regulatory interactions (𝐴,) are therefore represented 
in terms of gene expression measurements as a response (y) to perturbations (p).  
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In case of single target perturbations (such as genetic perturbations from Chapter 2.3.1) 
where, at a time, a single gene is perturbed, 𝐵/  is a diagonal matrix. Accordingly, directly 
measured gene expression also leads to a diagonal 𝐶, , where n = l = o. 

When the system reaches its steady state, 𝑑𝑥((𝑡)/𝑑𝑡 from Eq. 5.1 becomes zero due 
to no change in gene expression at steady state. Therefore, the model, for single target 
perturbations and direct expression measurements, can be written as follows: 
 

𝐴,𝑥(! = −𝐼(𝑝! −	𝑓!) (5.3) 
 

𝑦! = 𝐼	𝑥(! +	𝑒! 
 

(5.4) 
 
where I is the identity matrix which represents the single target perturbations and 𝑥(! direct 
gene expression measurements, where r denotes the steady state.  

From these vectors of independent genes, we can derive change in the system and 
perturbations by assuming Y = [y1, …, ym] ∈NxM and P = [p1, …, pm] ∈NxM , respectively, 
for N genes and M experiments where N = 1, …, n, and M = 1, …, m. Accordingly, error 
matrices can be shown as E = [e1, …, em] ∈NxM  and F = [f1, …, fm] ∈NxM as noise in 
measurements of change in gene expression and perturbation, respectively. Based on 
these, change in gene expression (Y) can be modeled as 
 

𝑌 =	−𝐴,"#𝑃 +	𝐴,"#𝐹 + 𝐸 =	𝐺/𝑃 −	𝐺/𝐹 + 𝐸 (5.5) 
 
where 𝐺/ corresponds to the static gain matrix of the system, from 𝐺/ = 	−𝐴,"#. Through 
this, GRN linearly maps perturbations to measurements of changes in  system. The 
interaction matrix (𝐴,) represents direct causal interactions via aij where the jth gene 
regulates the ith gene, whereas the gain matrix (𝐺/) contains lower effect influences. The 
relationship between 𝑎$% ∈ 	𝐴, and 𝑔$% ∈ 	𝐺/ is therefore inverted, where smaller gij 
corresponds to a larger aij, and vice versa. To illustrate, if 𝐴, and 𝐺/ are expressed by the 
singular value decomposition (SVD) (𝛾) as a sum of rank-one and norm-one vectors uk 
and vk as follows, 
 

𝐴, = 	@𝛾&𝑢&𝑣&'
(

&)#

 

 
(5.6) 

𝐺/ = 	@
1
𝛾&
𝑣&𝑢&'

(

&)#

 (5.7) 

 
A large 𝛾& here will increase the value in 𝐴, whereas it will lead to the inverse effect for 
𝐺/ since 1/𝛾& will lower the values for 𝐺/. 

So then, how does the noise described in Chapter 3 enter the model? As mentioned 
before, any kind of errors, including those related to failed perturbations, off-target 
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effects, experimental artefacts, and more are considered “noise”, which corresponds to 
the aforementioned error matrix, E. Now we can bring the noise-containing fold change 
gene expression (Y) from Eq. 5.5. Note that, from now on, we have dropped the reversed 
hat symbol referring to the error-free matrices for A, G, and Y, meaning that those 
variables without a reverse hat now contain noise. One way to estimate the true GRN (𝐴,) 
by ordinary least squares (OLS) is by the inverse of Eq. 5.5. For a more general least 
squares solution, see Eq. 7.2 in Chapter 7. 
 

𝐴D = 	−𝑃/𝑌* (5.8) 
𝐺E = 	𝑌𝑃/* (5.9) 

 
where ^ refers to estimates of true matrices, and 𝑌* is defined as follows: 
 

𝑌* ≜	@
1
𝛾&
𝑣&𝑢&'

(

&)#

 (5.10) 

 
Based on Eq. 5.10, the smallest singular value from the SVD of Y will have a large effect 
on 𝐴D, estimate of the interaction matrix (Eq. 5.8). Note that I have not assumed noise in 
the perturbation matrix (𝑃/) even though in a real system there would be noise on both 
gene expression and perturbation. The reason why these equations exclude noise in 𝑃/ is 
because in all data generation and GRN inference procedures in this thesis, the 
perturbation matrix is assumed to be a signed binary to only map the perturbations to 
changes in gene expression. It does not specify the level of the intended perturbations, 
therefore it is safe to consider it noise-free.  

Under these assumptions on gene expression and noise, we can now take a matrix of 
noisy measurements of change in gene expression, and approximate the amount of noise 
as a ratio between the signal and noise, where the former corresponds to the smallest 
singular value from the SVD of the matrix (since it is shown to have the largest impact 
on the interaction matrix), and the latter can simply be the variance multiplied by a 
degrees-of-freedom dependent constant.  
 
Signal-to-Noise Ratio (SNR) 
Now, this concept has two main directions: (1) SNR of biological data where the 
separation between the biological signal and noise cannot be made, and (2) SNR of the 
in silico data, where the exact amount of noise added and signal are known. The former 
is used to estimate an approximate SNR of signal plus noise (Y), and the latter is used to 
generate a noise matrix (E) which, when added to the noise-free gene expression (in 
silico, 𝑌.), should correspond to Y, and thus result in a related SNR level from it. I will 
try to make it clearer with an example. Assume that you have real data that are the 
measurements of gene responses to the system’s perturbations. That’s all you have, and 
the goal is to use this data to infer the underlying GRN. There are a variety of methods 
for reverse engineering the system from the measured fold change gene expression, and 
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this thesis often discusses that not all methods are necessarily suitable to a particular 
dataset. For this reason, as I will illustrate in detail in Chapter 6, one needs to perform 
simulations by generating in silico data that mimics the properties of the real data. Now 
let’s consider the noise property of fold change gene expression data. We must generate 
an in silico dataset and a noise matrix, that together exhibit a behaviour strongly similar 
to measured biology. To achieve this goal, the following steps can be followed: 
 

- Generate a true GRN (𝐴,) 
- Generate noise-free gene expression (𝑌/) according to Eq. 5.5 
- Measure SNR of the measured fold change gene expression as follows: 

 

𝑆𝑁𝑅 =	
𝛾(𝑌)

J𝜒"+(𝛼, 𝑁𝑀)𝜎,+
 (5.11) 

  
where 𝛾(𝑌) denotes the minimum value from the SVD of Y, and 𝜒"+(𝛼, 𝑁𝑀) 
is the Chi-Square constant for 𝛼, the type-I error, and degrees-of-freedom 
NM, where N and M are the number of genes and experiments, respectively. 

 
- Calculate 𝛾(𝑌/), which is the SVD of 𝑌/ . Note that this is noise-free, and that 

𝛾(𝑌/) refers to the minimum value from the SVD of 𝑌/ . 

- Inverse Eq. 5.11 for 𝜎,+ as follows: 
 

𝜎,,. =	
𝛾(𝑌/)

𝑆𝑁𝑅J𝜒"+(𝛼, 𝑁𝑀)
 (5.12) 

 
- Generate random noise (E) with standard deviation 𝜎,,., and add this noise 

matrix to noise-free gene expression (𝑌/).  
 
Accordingly, the SNR of the noisy in silico data will not be the same as the SNR of the 
real fold change gene expression data, since the singular values from the SVD of the 
noise-free fold change gene expression are now altered by the addition of the noise. To 
approach perfection in similarity between the measured and simulated noisy fold change 
gene expression data, one may need to optimize the procedure until achieving a 
satisfactory simulation that yields a reasonable approximation to reality. 
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6 Gene Regulatory Network Inference  
 
 
 
Finally we have arrived at the point where it is time to merge everything covered so far 
in this thesis to accurately estimate the true GRN from the measurements of noisy gene 
expression data. This chapter introduces in silico network and data generation for 
simulating noisy biological data, analyses the fold change gene expression data according 
to the properties explored in Chapter 3, shows the expected GRN accuracy of inference 
at varying noise levels, and applies the methods developed during this doctorate to 
improve the accuracy of GRN inference. 
 
6.1 Simulating and analyzing gene expression data 
There are many methods for inferring GRNs from gene expression data, however, not all 
methods are suitable for all datasets. Depending on the properties of the measured fold 
change gene expression data, the most suitable GRN inference method also varies. 
Therefore, it is necessary to perform simulations by mimicking the properties of the 
collected data to be able to approximate the accuracy of GRN inference from data with 
those properties.  

As described in previous chapters, changes in gene expression can be introduced by 
perturbing the system, in cases in which noise alters the underlying biological signal to 
varying degrees. The actual biology and noise together constitute the measured changes 
in gene expression, and the ratio between those can be estimated by SNR (Eq. 5.11). 
When simulating such data, the linear model explained in Chapter 5 can be used, but three 
factors should be kept in mind: (1) a generated true GRN must be biologically realistic in 
terms of its topology, sparsity, and stability; (2) noise-free fold change gene expression 
must be generated by perturbing the in silico-generated true GRN according to the 
perturbation design of the real measured fold change gene expression; and (3) random 
noise should be generated according to the SNR level of the real measurements. After all 
three factors are met, the resulting in silico fold change gene expression data should be 
compared to the real fold change gene expression data, and it should be ensured that their 
properties and distributional characteristics share a significantly high similarity. From 
such a dataset which mimics the properties of the real one and is connected to a true GRN, 
accuracy of the following GRN inference can be calculated from the application of a set 
of inference methods, and the method that yields the highest accuracy can be applied to 
the real gene expression changes with an estimated accuracy for predictions. In case all 
methods perform around random accuracy levels in simulations, a certain need for data 
pre-processing approaches arises to compensate for the effect of noise (solutions are 
provided by PAPERS I-II). 

A few in silico data generation tools exist [26,64,70], and the in silico data for the 
papers presented in this thesis were generated using two of those: namely 
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GeneNetWeaver [64] and GeneSPIDER [26]. GeneNetWeaver uses a biological source 
GRN of E.coli from RegulonDB [63], and generates gene expression data from the 
subsets of the source GRN via either ordinary differential equations (ODEs) or stochastic 
differential equations (SDEs), or both. Since the true GRNs are extracted from a real 
GRN, biological relevance is ensured, however, one drawback of this method of 
generation is that it is not flexible in parameter settings as the number and distribution of 
the components are limited to those of the real organism. By allowing for both ODEs and 
SDEs in data generation, it accounts also for biological variation, and a biologically 
realistic noise option is available (microarray-like noise), which make GeneNetWeaver 
very suitable for certain types of applications. However, the inherited lack of replicates 
and lack of control in noise levels are potential problems. One may overcome these issues 
by moving the generation procedure outside GeneNetWeaver, by using the same noise-
free gene expression as replicates, and generating noise accordingly and at different levels 
of SNR. GeneSPIDER synthetically generates both the true GRNs and fold change gene 
expression based on user-defined parameters, which gives a great control over the 
properties of both the GRN and fold change gene expression data. However, such 
flexibility in GRN and data properties may result in sacrificing biological relevance, 
requiring great user attention and consciousness during the generation procedure.  

Now, let us generate a 200-gene in silico true GRN using GeneSPIDER. The rest of 
this chapter, therefore, will proceed by this toy network so let’s give it a name: TOY200-
GS.  
 
 

 
Figure 6.1. Graphical representation of TOY200-GS. Green circles represent genes, blue arrows denote 
activation, and red dashes refer to inhibition. This GRN contains 473 non-autoregulatory interactions, and one 
self-inhibition per gene, making it a total of 673 regulatory interactions. There is one completely isolated node 
which is not regulated by any gene but itself. 
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This GRN is a 200-gene scale-free network with a total of 473 non-autoregulatory links, 
which corresponds to 2.37 interactions per gene on average, however, inhibitory self-
loops (autoregulation) are allowed, in addition to others, to simply ensure system’s 
stability (Fig. 6.1). A fold change (FC) gene expression dataset is generated from 
perturbing TOY200-GS by single target knockdown experiments, with three replicates. 
Three different levels of noise, high, medium and low, are added to noise-free fold change 
gene expression, and these datasets are called TOY200-GS-high, TOY200-GS-medium 
and TOY200-GS-low, respectively. 

Since these are in silico generated data, we know the actual noise levels, whereas in 
the analysis of real biological data, this is not an opportunity to know the amount of noise. 
Therefore, it is important to estimate the noise as described in Chapter 3, for instance, via 
the perturbation effect on target, and level of correlation between replicates. Fig. 6.2 
shows that the intended perturbation target is not the observed perturbation in 98% of 
experiments at high noise, as a larger change in another gene’s expression was observed. 
The fraction is considerably lower at medium noise and was not observed at low noise. 
This situation is introduced directly by noise, since these are targeted in silico 
perturbations where off-target effects were not meant to exist. 

 

Figure 6.2. Non-target perturbation effect on gene expression measurements. Fractions of experiments where 
a non-target gene is more up or down regulated than the actual target of the perturbation is shown at high, 
medium, and low noise levels from datasets from TOY200-GS.  
 
However, on real biological data, a similar situation could also occur, and the reason 
could be experimental noise, off-target effect of the applied drug molecule, or both. The 
source does not necessarily matter, since the measurements are already obtained and the 
existence of noise is established. This situation is supported by the complete disagreement 
between replicates at high noise (Fig. 6.3 (A-C)), which is also the biologically relevant 
noise level, correlations between replicate pairs are around ~0, meaning GRN inference 
methods are expected to fail at solving the underlying GRN. Correlations between 
replicates are higher at medium noise (Fig. 6.3 (D-F)), which can allow at least a small 
chance for partially accurate predictions. The almost perfect correlation was obtained at 
low noise (Fig. 6.3 (G-I)), which is expected to lead to a high GRN inference accuracy.  
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Figure 6.3. Illustration of correlation between replicated experiments. The agreement on measured gene 
expression between replicate pairs for (A-C) high and (D-F) medium, and (G-I) low noise levels from datasets 
from TOY200-GS. 
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Let’s see how these two situations, non-target perturbation effect and low correlation 
between replicates, affect GRN inference accuracy. For this, I included a small 
benchmark of four GRN inference methods (Section 6.2, Fig. 6.4): least squares, LASSO 
[71], z-score [32], and Genie3 [28]. Detailed explanations for mathematical backgrounds 
of these methods are given in Chapter 7. 
 
6.2 A toy benchmark 
Thirty GRNs of different sparsities, ranging from full to empty, are inferred by least 
squares, LASSO, z-score and Genie3. The first three methods infer autoregulation, while 
the last one excludes it. Therefore, selfloops of the true GRN are kept for the first three 
methods, and are removed for the last one, to allow for a fair accuracy assessment (the 
methodology from PAPER-III). 
 

Figure 6.4. GRN inference on datasets from TOY200-GS at high, medium and low noise levels in terms of (A) 
AUPR and (B) AUROC. 
 
As can be seen from Fig. 6.4, GRN inference accuracy negatively correlates with noise 
levels, as at high noise all regulatory predictions are random, whereas at medium and low 
noise considerably more accurate predictions are made by three out of four methods. As 
mentioned, high noise corresponds, approximately, to the noise level of biological 
datasets, which means accurate predictions are not possible from data with such 
properties. 

This problem, introduced by noise not allowing accurate inference of gene regulatory 
interactions from biologically realistic data, can be overcome by the methods developed 
during this doctorate. Method-I aims at eliminating genes which are most affected by the 
system's noise and hence cause the system to be measured overall uninformative. It 
identifies a core subset whose measurements are not as noisy as others, allowing a more 
accurate GRN inference. In case of a disagreement between intended and observed 
perturbations, such as the one shown in Fig. 6.2, Method-II (IDEMAX) infers the actual 
perturbation design from measured fold change gene expression, bypassing possible 
effects of broken connection between fold change gene expression and perturbation 
design. IDEMAX helps GRN inference methods to be able to infer true interactions and 
avoid false ones. Let’s apply these methods, and observe how they improve GRN 
inference accuracy. 
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6.3 PhD all-in-one 
 
Method-I: Subset selection 
The subset selection algorithm removes each gene from the system one-by-one, measures 
the change in the overall informativeness of gene expression data in terms of SNR, puts 
the gene back and removes the next one. Once this is done for all genes in the system, the 
gene whose removal led to the highest increase is permanently removed from the system, 
and the process is repeated for the remaining genes, until there are only two genes left in 
the system. When the process is completed, one can analyze the increase in SNR levels, 
and set a threshold for those genes to be included in the core subset. The subset selection 
algorithm for TOY200-GS-high resulted in a trend in SNR shown in Fig. 6.5.  
 
 

 
Figure 6.5. Trend in increase in the SNR level of the system after the permanent removal of the most 
uninformative genes from TOY200-GS-high. 
 
 
Based on this process, and following the approach from the method’s publication, a 
relatively informative dataset can be obtained by the inclusion of the forty most 
informative genes. However, since a slight increase in SNR can be observed for the last 
100 genes, I wanted to include this subset too, even though my expectations are low for 
this particular subset. We now have two subsets of relatively more informative genes, 
one consisting of 100 genes and the other of 40. GRN accuracy of the least squares 
method on these subsets is given in Table 6.1 in terms of area under receiver operating 
characteristic (AUROC), and area under precision-recall (AUPR), which will be 
explained in the following chapter.  

As foreseen, the 40-gene subset reached a considerably improved accuracy level 
compared to what was obtained with the full dataset (Table 6.1). The 100-gene subset, as 
was also expected, did not show a significant improvement. 
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Table 6.1. GRN inference accuracy of the least squares method from the subsets identified by 
Method-I: Subset Selection, from TOY200-GS-high. Accuracy was measured using area under 
receiver operating characteristic (AUROC), and area under precision-recall (AUPR). 

 Full data  
(TOY200-GS-high) 100-gene subset 40-gene subset 

AUROC 0.53 0.56 0.67 

AUPR 0.03 0.05 0.14 

 
 
 
Method-II: IDEMAX 
IDEMAX is an algorithm that is designed to infer the actual perturbation design from 
measured noisy gene expression data, under the assumption that noise breaks the 
connection between the intended experimental setup and resulting perturbations of the 
system. If this is not the case, and the actual perturbations are the ones that were intended, 
IDEMAX agrees with the intended design, where GRN inference accuracy tends to be 
already high. However, when IDEMAX finds a rather different design matrix, it is shown 
to help the GRN inference methods to infer more accurate regulatory interactions. Table 
6.2 shows it’s performance on TOY200-GS-high and the 100- and 40-gene subsets 
identified by Method-I. 
 
 
Table 6.2. GRN inference accuracy of the least squares method utilizing the IDEMAX design 
matrix from the subsets identified by Method-I: Subset Selection, as well as from TOY200-GS-
high. Accuracy was measured using area under receiver operating characteristic (AUROC), and 
area under precision-recall (AUPR). 

 Full data  
(TOY200-GS-high) 

Full data  
(TOY200-GS-high) 

with IDEMAX 

100-gene subset 
with IDEMAX 

40-gene 
subset with 
IDEMAX 

AUROC 0.53 0.64 0.78 0.96 

AUPR 0.03 0.31 0.54 0.87 

 
 
As can be seen from the results, IDEMAX alone is able to improve GRN inference 
accuracy already on the full dataset to a level Method-I was able to achieve after 
sacrificing 80% of the genes. However, this accuracy is improved even more with only 
half of the dataset when IDEMAX was applied to the subset identified by Method-I. At 
the 40-gene subset from Method-I, IDEMAX led to almost perfect accuracy levels, 
meaning Methods I and II together can achieve perfection out of an initially completely 
random inference. 
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When there is one good quality GRN on these curves, the area under the curve is usually 
high, suggesting accurate GRN inference. However, there may be more poor quality 
GRNs on these curves than there are good quality ones. As I have often mentioned 
throughout the thesis, the ultimate goal when inferring GRNs is to unravel unknown 
mechanisms from biological data that could be potential targets for treatment of complex 
genetic diseases. Analyzing biological data, selection of the most accurate GRN from a 
set of GRNs of different sparsities, based on the comparison to the true GRN, is not an 
option as the true GRN simply is not available.  

So how does one select ‘the GRN’? The selection is commonly made based on an 
arbitrary sparsity cut-off to the fully connected GRNs, which is usually allowing ~3 links 
per gene on average, and holds in most cases. Due to the lack of a good method of 
selecting the best model, selection of the GRN in PAPER-I was also done arbitrarily, yet 
it identified many potential regulators to cancer-related genes. Regardless of whether the 
arbitrary threshold works or not, a model selection method that identifies the most 
accurate GRN should exist and be used by the GRN inference community.  
 
Method-IV: SPA (Sparsity Selection) 
PAPER-IV introduces SPA (or Sparsity Selection), designed to identify the most accurate 
and optimal GRN from a set of possibilities whose sparsity ranges from full to empty. 
SPA uses information criteria to determine the optimal model, and this model is generally 
the one with the highest accuracy. Its details are described in the following chapter, but 
we can, first, apply it on our inferred GRNs, and see if it can identify the best GRNs (Fig. 
6.6). 
 

 
Figure 6.6. Application of SPA to the full dataset of TOY200-GS-high, and its (A) 100-gene and (B) 40-gene 
subsets selected by Method-I, either with or without IDEMAX. 
 
It can!  
 
6.4 What happens afterwards? 
After the data was analyzed and its noise level was estimated, suitable preprocessing 
methods were applied, GRNs were inferred, and the most optimal and likely the most 
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accurate GRN was selected, the next in line should be to compare the confidently inferred 
gene regulatory interactions to databases. There are a couple of transcriptional regulatory 
databases, such as TRRUST V2 (Transcriptional Regulatory Relationships Unravelled 
by Sentence-based Text mining) [72] and RegNetwork [73], wherein literature-validated 
transcriptional regulatory interactions can be found. However, the chances that any 
particular interaction is supported by either of these databases are quite low. The reason 
for this is more likely to be that many transcriptional regulatory interactions are yet 
unknown, than the predictions are wrong. For instance, TRRUST V2 contains 8,427 
regulatory interactions between 795 TF and 2,067 non-TF genes. Given that there are 
~1,600 TFs and ~20-25K protein coding genes, there is a great lack of known interactions. 
This means that, when an inferred interaction between the regulator and its target is not 
supported in a transcriptional regulatory database, the reason for this is not necessarily 
that the interaction does not exist and is hence false, but it could as well be that the 
interaction is yet unknown or might be known but has not yet been entered into the 
database. These types of interactions are called ‘potential novel regulatory interactions’ 
for the underlying diseases, especially if these are interactions that regulate or are 
regulated by disease-specific genes such as oncogenes or tumour suppressor genes in 
cancers. As a secondary source for the in silico validation of the predictions, one can also 
search for functional association on a protein interaction level, from databases such as 
FunCoup [74] and STRING [75], as well as pathway enrichment analysis [76] of the gene 
sets. The best way to make sure if a predicted interaction is biologically relevant or not, 
and if it can lead to a high impact biological discovery or not, it must be experimentally 
validated. 
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7 Methods, Formulas, and More 
 
 
 
7.1 Gene regulatory network inference approaches 
There are many available GRN inference methods (see Table 7.3 for some examples), 
and it would not be possible to explain each method separately in this thesis. Instead, I 
will explain their backgrounds in general in an attempt to make it easier to understand 
what those methods aim for and apply to. 
 
Ordinary least squares 
The linear model explained in Chapter 5 is assumed to generate fold change gene 
expression data from perturbations on the true GRN (Eq. 5.5). In the absence of noise, 
solving the inverse problem for this model from changes in gene expression and 
perturbations would correspond exactly to the true GRN. However, with the addition of 
the noise, solving this inverse problem gives only an estimate of the true GRN, which is 
called the ordinary least squares (OLS) estimate of the model [77].  
 

𝐴D/01 	= 	−𝑃	𝑌*, (7.1) 
 
where 𝐴D/01 denotes one of the potential OLS estimates of A, P refers to the perturbation 
design matrix, and † represents the Moore-Penrose matrix pseudoinverse for the 
measured noisy fold change gene expression (Y). 𝐴D/01	 corresponds to the regression 
coefficients from the least squares regression fit, therefore it is a fully connected GRN. 
From this fully connected GRN, one can extract GRNs with different sparsities, where 
each sparser GRN is contained in all the denser ones. If we want to extract, for instance, 
20 different sparsities ranging from full to empty, we could order the unique coefficients 
in the full GRN and use 20 of these unique coefficients as a set of thresholds at regular 
intervals. This identified set of thresholds can be called the ‘sparsity vector’ or ‘penalty 
vector’ for the inferred GRN. 

When the noise levels are high in the measured gene expression, there is a high risk 
that the OLS approach may face an overfitting problem, meaning the model fits more to 
noise rather than biological signal. A potential approach to overcome this is through 
penalized regression introduced to model fitting. 

 
Penalized regression 
LASSO (Least absolute shrinkage and selection operator) combines variable selection 
with parameter estimation through L1-regularised parameter estimation. To be able to 
describe this procedure, we need to further explore the basis of the OLS approach (from 
Eq. 7.1 to 7.2). The term ‘least squares’ corresponds to a regression fit that sums the 
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minimum squared distances to observed data points. This means that such a line is 
estimated, where the sum of squared distances between this line and all data points is 
minimized. Now assume that the line is a model (GRN) that explains the relationship 
between perturbations and changes in gene expression in the most optimal way. We can 
formularise the process of finding this GRN by Eq. 7.2, but before that, imagine a set of 
possible models from which the best one will be identified. Let’s denote all possible 
models by one single notion: APossible, and the optimal one which is called ABest. We want 
to determine ABest  as a function of the measured gene expression (Y), perturbation design 
(P), and APossible. 
 

𝐴2314 = 𝑎𝑟𝑔𝑚𝑖𝑛5{||𝐴6/11$703𝑌 + 𝑃||8+}  (7.2) 
  
Eq. 7.2 solves the inverse problem for Eq. 5.5 for each possible model, and whichever 
model in APossible has the minimum distance to data points is ABest. L2-norm is only to 
define the squared distances, since the underlying idea behind least squares is based on 
minimizing squared distances. 

Now, we can start explaining how LASSO differs from OLS. To overcome the 
potential overfitting of least squares to noise rather than biological signal, LASSO 
introduces a penalty term into this equation to limit the number of variables, called the 
L1-regularization. It is similar to the L2-norm in Eq. 7.2 with one difference, that is, L1-
norm is just the sum of elements in the model, whereas L2-norm calculates the sum of 
squared points. This process gives one penalized GRN for each penalty value. Depending 
on how strict this parameter is, the sparsity of the inferred GRN varies. Let’s assume a 
single penalty value for now and show it by 𝜁. We can introduce the L1-norm penalty 
term into Eq. 7.2 based on our	𝜁, as shown in Eq. 7.3: 
 

𝐴2314 = 𝑎𝑟𝑔𝑚𝑖𝑛5{X|𝐴6/11$703𝑌 + 𝑃||8+ 	+ 	𝜁X|𝐴6/11$703||8#} (7.3) 
 
Accordingly, unlike the OLS GRNs, LASSO GRNs from different sparsities are not 
necessarily a subset of denser ones, since ABest may vary to fit the extra optimization 
introduced by the L1-norm penalty term on the model. The replacement of the L1-norm 
on the penalty term by the L2-norm corresponds to Ridge regression, and ElasticNet 
adjusts for both L1- and L2-norms. 

We illustrate this penalization applied by LASSO by the Seven Dwarfs from Snow 
White: Dopey, Sleepy, Happy, Doc, Sneezy, Bashful, and Grumpy. Assume that we have 
measurements of changes in gene expression from perturbations of 5-genes. For each 
dwarf, we can write a scenario, where they each independently deal with the surroundings 
of their cottage, which are gene regulatory interactions in our case (Table 7.1). Each of 
these seven GRNs are inferred by an optimization procedure for the given penalty value 
(𝜁, dwarf) which gives the optimum GRN for 𝜁. For instance, Dopey was too flexible, 
meaning no penalty was applied on the number of variables, resulting in a fully connected 
GRN. Grumpy was too strict, the penalty on including any interaction was too high, 
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therefore no regulatory interaction could be inferred. The dwarfs in between had 
increasing strictness towards the end, resulting in sparser GRNs at each step.  
 
 
 
 
 
Table 7.1. Illustration of GRN inference using LASSO. 
Dwarf/ 
Penalty term 

Strictness of the dwarf/penalty term Sparsity of the 
system 

The 
system 

1. Dopey Was so silly, let literally everyone in. 1 

 

2. Sleepy Slept through his watch, a large 
number were able to sneak in. 

0.8 

 

3. Happy 
Thought the more were the merrier, 
and let many in, but avoided the ones 
who may possibly create chaos. 

0.6 

 

4. Doc 
Knew the beneficial from the harmful. 
Let the useful ones in. Only the amount 
that was necessary, no more. 

0.4 

 

5. Sneezy Sneezed so strongly, and spread the 
useful ones even further out. 

0.36 

 

6. Bashful Could only interact with very few. The 
number is too small. 

0.2 
 

7. Grumpy 
Oh, neither would he let anyone in, nor 
would anyone approach him. 0 
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Observed effect GRN 
As mentioned and shown, least squares may fail to accurately estimate the true GRN, and 
at such high noise levels even LASSO-like methods can suffer from low accuracy (Fig. 
6.4). This happens because algorithms try to fit the data points to an estimate that is 
expected to generalize to other measurements of the same system. However, just 
observing the effect of perturbation on other genes can also produce a GRN, that is based 
on what is observed from the present data and does not generalize to anything further. 
This type of GRN was shown to be the most accurate of all methods at high noise 
(PAPER-III), but just like the other methods, its accuracy remained around random for 
TOY200-GS-high (Fig. 6.4).  

The observed effect GRN can be calculated by the z-score approach [32], where, for 
each perturbation experiment, a z-score is calculated for each gene that assesses the 
impact of the perturbed gene on other genes in the system (Eq. 7.4).  
 

𝑧 = 9	"	;
<

,   (7.4) 

 
In Eq. 7.4, x is the fold change expression value of a certain gene, 𝜇 and 𝜎 are the mean 
and standard deviation of the experiments of the perturbation target’s fold change 
expression values. The result is a fully connected GRN, where the absolute value of the 
z-score corresponds to the strength of the interaction, and its sign refers to whether it is 
activation or inhibition. No significance cut-off is applied; instead, links are removed 
from the fully connected GRN based on the sparsity vector, which contains thresholds 
for forcing weaker interactions towards zero. Just like least squares, one obtains a set of 
GRNs, whose sparsities range from full to empty, which are a subset of the fully 
connected one, and each sparser GRN is contained in previous denser GRNs.  
 
Non perturbation-based regression 
As mentioned often throughout this thesis, properly designing perturbation experiments 
and utilizing the correct knowledge of the perturbation design are of importance for 
accurate GRN inference. However, collection of known-target perturbation experiments 
is costly and not time efficient, causing unknown-target perturbations to be more 
favourable by experimentalists. For this reason, there are a variety of GRN inference 
methods which are developed to infer regulatory interactions from such data whose 
collection is easier and more straightforward.  

In their very basis, these methods regress each gene against the others, and the 
regression coefficients are considered weights in the interaction matrix (GRN). These 
weights correspond to how well they regulate the target gene. In other words, the aim is 
to identify regulator genes for each target gene. In a fully connected GRN, genes having 
the highest regulatory weight on the target are considered more likely to regulate the 
target, or that the interactions between these genes are stronger than others with lower 
weights. Even though this may sound like a directed interaction, these approaches mainly 
identify associations between genes, rather than causality in the association. This means, 
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as PAPER-III also discusses and shows, the direction of an interaction inferred by this 
type of methods may not be reliable, since whether they can infer the correct direction or 
not is condition-dependent, and thus not easily predictable in advance.  

The most popular example of this category is Genie3 [28], who won the DREAM4 in 
silico network inference challenge [78]. Genie3 uses tree ensemble methods such as 
random forests [79] to build directed interactions between genes against others. In other 
words, for every target gene, regulators that best explain the expression of the given target 
are identified. The minimum input requirement for Genie3 is gene expression profiles, 
while indices of transcriptional regulators can also be used as input in order to restrict the 
GRN’s outgoing interactions to be only from TFs. It does not utilize the provided 
knowledge of the perturbation design. The strength of the regulation is represented by the 
weights in the output GRN. Despite its proven success in challenges [69,78], it faces 
several issues related to the direction of the inferred interactions as I have generalized for 
all methods of this type, which are thoroughly discussed in PAPER-III. Other examples 
of the same method category are TIGRESS [29] and PLSNET [31]. 
 
Mutual Information 
Mutual information (MI) refers to quantifying the mutual dependence between two genes, 
meaning it is a measure of how well one gene’s behaviour can be explained by observing 
another [80]. When two genes are conditionally independent, MI between those two 
genes is zero. MI-based GRN inference methods generate undirected GRNs, which are 
weight-wise symmetric.  

CLR [30] (Context Likelihood of Relatedness) is a common example of this category, 
and outputs weighted symmetric gene regulatory networks. It infers a fully connected 
GRN excluding selfloops, in which the weights correspond to the strength of the 
interaction. Therefore, one can introduce a sparsity vector of different thresholds, 
resulting in a set of GRNs whose sparsity can range from full to empty. Each sparser 
GRN would therefore be a subset of the fully connected one. Another example of this 
method category is BC3NET [81], a Bayesian bootstrapped MI-based gene regulatory 
network inference method. Unlike CLR and others mentioned, BC3NET outputs an 
already sparse GRN. Given that these GRNs are undirected, one can force the outgoing 
interactions from non TFs towards zero to obtain a somehow directed GRN, but 
especially for BC3NET, this would result in an overly sparse GRN. 
 
7.2 Benchmarks 
Benchmarks have crucial importance in every step of GRN inference, from the 
experimental setup and the selection of GRN inference methods to the interpretation of 
results and conclusions being drawn. In addition to these, benchmarks are needed when 
a new inference method is developed, since the new method is only necessary if it corrects 
for the shortcomings of the currently available methods, or it fills a gap for a certain data 
type. If these shortcomings and needs have not previously been made clear, all we have 
at the end of another benchmark is a large number of inference methods which slightly 
improve on the last published GRN inference method, but more than that contribute to 
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the scientific crowding that is created through blind research. A well constructed broad 
benchmark on the other hand can even have an impact on a field outside computational 
biology, where the mathematics behind the benchmarked methods can provide a solution 
to a problem in a rather unrelated field. The consequences of not having a broad 
benchmark which clearly achieves the goal of providing guidance for the mentioned 
needs and further even expands logarithmically where every time a mistaken assumption 
is made, and every time the wrong method is applied to the wrong data; each of their 
consequences will not only lead to wasted efforts but also create more issues that are 
carried through generations in the field.  

One of the methods this thesis provides is therefore a broad benchmark, where the 
state-of-the-art methods of two categories, namely perturbation-based and non 
perturbation-based, are applied to target-specific in silico gene expression perturbation 
data generated using two different generation tools, covering different noise levels. It 
shows how different mathematical approaches perform under changing data properties, 
and that no inference method is perfect in all situations, yet one category is always better 
than the other, which to me is the conclusion that the field had been missing for many 
years.  

GRN inference methods have long been benchmarked in several challenges and 
publications, the most common and well accepted one in the field are the DREAM 
challenges. DREAM4 introduced the in silico multifactorial perturbation datasets, where 
each gene’s expression is altered simultaneously. The winner of this challenge, Genie3, 
has become the most popular method in the community, showing what a large impact a 
benchmark can have. DREAM5 used the source GRN from E.coli from RegulonDB to 
generate biological and in silico data, and benchmarked a large number of methods on 
these datasets. While the top performer of the E.coli challenge was only able to achieve 
an AUPR of ~0.12, the results from the in silico challenge were much better, and 
combining several methods outperformed any single method.  A major shortcoming of 
DREAM is however the failure to represent accuracy levels as a function of varying data 
properties such as noise level, number of genes, sparsity, ill-conditioning, etc. 

Given what is available and what is needed: the future perspective of any 
benchmarking should be to investigate the available data, provide guidance for analyzing 
the available data and simulating its properties to identify the most suitable GRN 
inference method and expected accuracy levels of the future inference, as well as 
providing a review of potential data pre-processing approaches to increase the initial 
informativeness of the data for more accurate predictions to be inferred. We consider 
these aspects essential in GRN inference benchmarking, and have therefore included all 
of these and more in PAPER-III. 
 
7.3 Model assessment and selection in in silico data 
The most common way of assessing the accuracy of GRN inference is through the area 
under precision-recall (AUPR) and area under receiver operating characteristic 
(AUROC) curves. Most GRN inference methods infer a fully connected GRN where each 
possible link is assigned to a weight, and a set of different sparsities can be collected 
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where each subset GRN contains the highest weighted interactions as many as the number 
of links in GRN. For instance, a 20-gene GRN has 20x20-20 possible interactions 
excluding autoregulation, where a set of ten different sparsities can be obtained by 
selecting the top 380, 280, 180, 100, 80, 70, 60, 50, 30, 20 interactions (the ones having 
the highest weights) from the fully connected GRN. The number of true positives (TP), 
false positives (FP), true negatives (TN), and false negatives (FN) can be calculated by 
comparing to the interactions in the true GRN (Table 7.2). 
 
Table 7.2. Confusion matrix. 

  PREDICTED 

 Positive Negative 

CONDITION Positive True Positive (TP) False Negative (FN) 

Negative False Positive (FP) True Negative (TN) 

 
Each of these counts lead to many different accuracy measurements including precision, 
recall, and F1-score. In particular, true positive rate (TPR, or recall), false positive rate 
(FPR), and precision are used in the calculation of AUPR and AUROC as in Fig. 7.1, 
where each point on the curve has its corresponding accuracy values from the inferred 
GRN with a certain sparsity. I refer the reader to PAPER-III for the calculations of the 
mentioned accuracy metrics. 
 

 
Figure 7.1. GRN inference accuracy. Assessment of GRN inference in terms of (A) area under receiver-
operating characteristic (AUROC) and (B) area under precision-recall (AUPR). Each orange star denotes a 
certain sparsity level, and the red line refers to random AUROC and AUPR points, respectively. The accuracy 
of GRN inference is measured by the blue area under the curves, where a larger area denotes a higher GRN 
inference accuracy.  
 
There are both good and bad GRNs shown by orange stars on the curves in Fig. 7.1. To 
define a GRN as good or bad depends on the relationship between the axes of these plots. 
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For instance, fully connected GRNs have both TPR and FPR equal to 1. When GRNs 
become sparser, FPR is expected to decrease considerably faster than TPR in an 
accurately inferred set of GRNs since true interactions would be assigned higher weights 
than the wrong ones which come first to be eliminated by thresholds. If there is a linear 
decrease in TPR and FPR, it means that the possibility of inferring those interactions is 
not different from one would expect by chance, referring to random predictions. Denser 
GRNs are likely to include false interactions as well as true ones despite how large the 
area under the curve is. Similarly, overly sparse GRNs are likely to sacrifice true 
interactions, causing false negatives.  

Therefore, selection of the optimal GRN within a set of varying sparsities is of critical 
importance. In the presence of a true GRN, such as in in silico simulations, the GRN 
having the maximum F1-score or MCC can be selected. However, this is, in reality, not 
an option, in the absence of a true GRN. The existing model selection criteria can be used 
for this, the most common of which are Akaike Information Criterion (AIC) [82] and 
Bayesian Information Criterion (BIC) [83], which aim to identify the mathematically 
optimal model within the possible models by selecting the smallest set of independent 
variables that are sufficient to explain the dependent variable. 
 

𝐴𝐼𝐶 = 2𝐾 − 2ln	(𝐿E) (7.5) 

𝐵𝐼𝐶 = 𝐾𝑙𝑛(𝑛) − 2ln	(𝐿E) (7.6) 

 
where K refers to the number of estimated variables in the model, in addition to the default 
number of model parameters (2 for normal distribution), 𝑙𝑛(𝐿E) denotes the natural 
logarithm of the maximum likelihood of the model, and n refers to the number of genes. 

These approaches are very useful for model selection, since they introduce a penalty 
to the goodness-of-fit as the number of independent variables increases. This is necessary 
since the increasing number of explanatory variables leads to a higher goodness-of-fit, 
and the introduced penalty brings balance to the equation by reducing the risk of obtaining 
a higher goodness-of-fit only because there are more independent variables in the model. 
The desired solution should instead be attributed more to the quality of the explained 
model rather than quantity in the variables. 

PAPER-IV adapts these criteria into a new criterion, called GIC for GRN Information 
Criterion, to be able to detect the model with the most optimal combination of regulator-
target genes and their interactions. The method successfully identifies the GRN with the 
highest F1-score, which is the best desired outcome one would expect from such an 
algorithm, since in the absence of the true GRN, which of the GRNs is the most accurate 
otherwise remains unknown.  
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Table 7.3. A list of available GRN inference methods 

Method Short Definition Intrinsically 
directed? 

Utilizes the 
perturbation 

design? 

Graphical Lasso [84] Sparse inverse covariance 
estimation 

❌ ❌ 

NIR [85] Network identification by multiple 
regression 

! ! 

NIRest [86] NIR with perturbation estimate ! 
Estimates it from 

data when it is 
unknown 

Glmnet [71] LASSO, Ridge, and ElasticNet ! ! 

ARACNe [87] Algorithm for the Reconstruction of 
Accurate Cellular Networks 

❌ ❌ 

CLR [30] Context likelihood of relatedness ❌ ❌ 

The Inferelator [88] Regression-based variable selection ! ❌ 

RJMCMC [89] Reversible jump Markov chain 
Monte Carlo 

! ❌ 

CoPIA [90] Combinatorial perturbation-based 
interaction analysis 

! ! 

BANJO [91] Dynamic Bayesian GRN inference ! ❌ 

MCZ [78] Median Corrected Z-Scores ! ! 

Oates et al., 2012 [92] Bayesian network using Goldbeter 
Koshland kinetics 

! ❌ 

Wang et al., 2010 [93] (Boolean) process-based network 
decomposition 

! ❌ 

ANOVA [94] Inferring gene regulatory networks 
by ANOVA 

! ! 

Genie3 [28] Tree-based method ! ❌ 

DREM 2.0 [95] Dynamic Regulatory Events Miner ! ❌ 

Qp-graphs [96] Q-order partial correlation graphs ❌ ❌ 

Kabir et al., 2010 [97] Linear time-variant method using 
self-adaptive differential evolution ! ❌ 

GMRF [98] Graphical lasso with Gaussian 
Markov Random Fields 

❌ ❌ 

PNFL [99] Petri net with fuzzy logic ! ! 
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Grzegorcyck and 
Husmeier 2012 [100] 

Non-homogeneous dynamic 
Bayesian network ! ❌ 

SSM [101] State space model with hidden 
variables ! ❌ 

Penfold et al., 2012  
[102] Single source k-shortest paths ! ! 

Böck et al. (2012) [103] Hub-centered GRN inference using 
automatic relevance ! ❌ 

TNIFSED [104] 
Supervised transcriptional network 
inference from functional similarity 
and expression data 

❌ ❌ 

SIRENE [105] Supervised inference of regulatory 
networks 

! ❌ 

Layek et al., 2010 [106] Boolean networks represented by 
Karnaugh maps 

! ❌ 

BC3NET [81] Bootstrap aggregation ensemble 
C3NET 

❌ ❌ 

C3NET [107] Conservative causal core network 
inference 

❌ ❌ 

RegnANN [108] Reverse engineered gene networks 
with artificial neural networks 

! ❌ 

LPM [109] Linear program machine-based S-
system GRN inference method 

! ❌ 

DELDBN [110] Differential Equation-based Local 
Dynamic Bayesian Network 

! ❌ 

Zavlanos et al., 2011 
[111] 

Inferring stable genetic networks 
from steady-state data 

! ! 

Yuan et al., 2011 [112] Robust network structure 
reconstruction 

! ! 

Xiong and Zhou, 2012 
[113] 

GRN inference from multifactorial 
perturbations using regression and 
correlation analyses 

! ❌ 

NARROMI [113,114] 

Noise and redundancy reduction 
technique using recursive 
optimization and mutual 
information 

! ❌ 

Christley et al., 2009 
[115] 

ODE-based Network inference 
incorporating existing network 
information 

! ! 

Haider and Pal, 2012 
[116] Boolean inference using a prior ! ❌ 
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iREGARD [117] Reconstruction of GRNs using 
partial data ! ❌ 

Pei and Shin, 2012 
[118] 

Incorporating priors into Bayesian 
models ! ❌ 

Chang et al., 2012 [119] Optimization-based method for 
time-series data ! ❌ 

NIMEFI [120] 
Network inference using multiple 
ensembles of feature importance 
algorithms 

! ❌ 

TIGRESS [29] Trustful Inference of Gene 
Regulation using Stability Selection 

! ❌ 

NeRDS [121] Network Reconstruction via 
Dynamic Systems 

! ❌ 

NetProphet [122] Mapping functional TF GRNs from 
gene expression data ! ! 

NetProphet2 [123] Mapping TF networks from 
scalable data resources ! ! 

KBoost [124] Inferring GRNs from gene 
expression data 

! ❌ 
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8 Present Investigations 
 
 
 
As explained throughout this thesis, accurate inference of gene regulatory interactions 
can reveal unknown mechanisms, and, accordingly, suggest potential treatment targets 
for complex genetic diseases such as cancers. Gene regulatory interactions can be inferred 
from measurements of changes in gene expression as a response to the system's 
perturbations, however, it has been facing several challenges such as noise.  

The papers in this thesis aim to investigate the effect of noise in gene expression and 
propose potential ways to compensate for it, as well as to provide guidance for advantages 
and disadvantages of mathematical approaches over each other on different data 
conditions. In particular: 
 

8.1 Uncovering cancer gene regulation by accurate regulatory network inference 
from uninformative data (PAPER-I) 

L1000 is a collection of cancer knockdown perturbation datasets, where ~1000 genes 
were perturbed through replicated experiments and changes in gene expression profiles 
were measured. We observed that the signal to noise ratio (SNR) of these datasets was 
too low to infer accurate GRNs. However, we knew that an overall uninformative data 
should still contain genes with relatively more informative measurements. Identifying 
and inferring GRNs only of those informative genes should have provided beneficial 
insights into the underlying system. Following this, we developed a subset selection 
algorithm, where each gene and its measurements are temporarily removed from the 
system, SNR of the system is measured, followed by the return of that gene into the 
system. After each gene is removed and the change in the SNR of the system is measured, 
the gene whose removal caused the largest increase in the overall SNR of the system is 
permanently removed, and the process is repeated for the remaining genes. This process 
continues until there are only 2 genes left in the system. Since that SNR of each system 
is then available, a decision can be made to include a certain number of genes with an 
acceptable SNR level. 

The 50-gene subsets from nine cancer cell lines were shown to result in considerably 
higher accuracy in simulations, where the properties of the biological data were 
mimicked in terms of its noise level. The inference from the real subsets of the same size 
identified potential regulators for genes whose expression was shown to be altered in 
previous studies, for which potential regulators were not yet proposed or validated. 
 
Future Perspectives 
The subset selection algorithm is shown to identify informative subsets from an overall 
uninformative data, which is a great advance in the field since noisy measurements of 
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gene expression do not allow accurate inference of GRNs. However, this comes at a cost 
that approximately 80-90% of the data is lost, which may include genes of interest. A 
different metric to estimate SNR from the data may lead to an improvement on the 
method, which may help us sacrifice fewer data points. 

Despite the data loss, we are confident concerning the subsets which were identified 
by this method. Potential novel regulators were identified for a few genes which have 
previously been shown to play a central role in corresponding cancers. Experimental 
validation of these interactions is, therefore, the most important future perspective of this 
study, since these interactions, if validated, can lead to a more target-specific treatment 
of the underlying cancers. 
 

8.2 Inferring the experimental design for accurate gene regulatory network 
inference (PAPER-II) 

GRN inference approaches utilizing the knowledge of the perturbation design aim to 
explain the changes in gene regulation due to changes in the perturbed gene’s expression. 
When the noise level of the system is high, the connection between the perturbation and 
gene expression may be broken, resulting in incorrect fitting and inaccurate predictions. 
This can be revealed by investigating the fold change gene expression of the perturbation 
target and other genes and determining whether the target gene has the highest absolute 
fold change or not. To overcome the problem of incorrect regression fitting, we developed 
a method, called IDEMAX, that infers the perturbation from the measured noisy fold 
change gene expression. Our results showed that in the presence of such a disagreement, 
regardless of its source, GRN inference methods utilizing the IDEMAX design matrix 
were able to infer more accurate gene regulatory interactions than when they utilized the 
intended design. The real data application of IDEMAX demonstrated that a single change 
in the position of a perturbation can lead to considerably more true predictions and fewer 
false predictions in the inferred GRNs. 

We foresee that IDEMAX will allow more accurate gene regulatory interactions to be 
predicted from the noisy fold change gene expression data, and mechanisms of complex 
genetic diseases will be better explained by the discovery of novel mechanisms. 
 
Future Perspectives 
IDEMAX is a very powerful method, which can allow for highly accurate inference of 
GRNs from very uninformative and noisy datasets. One limitation of IDEMAX is that it 
only considers single target perturbations, discarding gene expression collected through 
drug molecule perturbations. The goal that we have for IDEMAX’s future, therefore, 
would be to make it more flexible to multiple-target perturbation datasets, which would, 
accordingly, promote its use and expand its target audience.  
 

8.3 Knowledge of the perturbation design is essential for accurate gene 
regulatory network inference (PAPER-III) 
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Several GRN inference methods exist from different mathematical backgrounds, which 
aim to reconstruct the underlying gene regulatory system from measurements of gene 
expression. Each of these methods has advantages over or disadvantages when compared 
with the others, however, one thing we know that it is solid, regardless, is that the methods 
utilizing the perturbation design must be more accurate. In order to share this with the 
broad research community, we benchmarked ten GRN inference methods, half of which 
necessitate and utilize knowledge of the perturbation design; the other half do not. We 
generated in silico datasets at varying noise levels using two generation tools and 
performed GRN inference on these datasets. Our results showed that in all cases, without 
exception, perturbation-based methods significantly outperformed the others, and shared 
a larger overlap in their predicted interactions even at higher noise levels.  

Through this study, we encourage experimentalists to perform targeted perturbation 
experiments, and computational biologists to develop GRN inference methods which 
utilize the essential knowledge of the perturbation, especially since we know that more 
novel mechanisms for complex genetic diseases will be inferred as soon as the 
community embraces the importance of the perturbation design. 

 
Future Perspectives 
The present benchmark is a strong study that reveals the importance of using the essential 
source of information in improving the accuracy of GRN inference. The results from the 
in silico data constitute enough support for the conclusions drawn, however, application 
of this comprehensive selection of methods to larger scale biological data from known 
target perturbations is what we aim for in the future of this study.  
 

8.4 Optimal sparsity selection based on information criteria for accurate gene 
regulatory network inference (PAPER-IV) 

The most common measure to assess the accuracy of GRN inference is the area under 
precision-recall (AUPR) and the area under receiver operating characteristic (AUROC). 
These curves contain a certain amount of data points, which correspond to different 
sparsities, that are commonly subsets of a fully connected GRN. One exception is 
regularization-based methods such as LASSO which infer a different GRN for each given 
penalty value on sparsity. What is common in both types of methods is that if there is one 
good quality GRN, the area under the curve will be higher than if there is none. However, 
in most cases there are more poor quality GRNs than good quality ones, meaning that it 
is important to select the correct GRN that is the most accurate and optimal. This is 
currently done by an arbitrary cutoff on the average number of links per node, however, 
we believe that there must be a standard algorithm to be able to determine the best model. 
For this reason, we developed a sparsity selection algorithm, which, for every target gene, 
identifies the best and most explanatory set of regulators from a set of all possibilities. 
The algorithm takes the idea behind Akaike Information Criterion, and adapts it to better 
fit the purpose of GRNs, by adjusting for the penalty applied and a different goodness of 
fit approach, i.e., badness of fit.   
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Current results show that our approach can identify the most accurate GRN from a set of 
other sparsities, which is a desirable outcome for such a method for providing a solution 
to the problem in the absence of a true GRN to compare the predictions with. 
 
Future perspectives 
SPA is shown to be able to identify the most accurate GRNs for a few investigated GRN 
inference methods which do not introduce regularization to GRN inference. However, it 
faces some problems, e.g., it cannot identify the most accurate GRN for LASSO at each 
case. Therefore, the future goal for SPA is to improve it in a way that it can identify the 
maximum accuracy in all cases, regardless of which method is used to infer GRNs. 
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Populärvetenskaplig sammanfattning  
 
 
 
Genreglering är en central egenskap nödvändig för att organismer ska kunna reagera och 
anpassa sig till förändringar i sin omgivning. Samtidigt kan avvikande reglering av geners 
uttryck ge upphov till sjukdomar eller cancer. För att kunna förstå och utforska biologin 
hos både friska så väl som sjuka celler kan experimentella ändringar i deras genuttryck, 
så kallade perturbationer, göras. Om många såna perturbationer studeras kan cellens 
resulterande ändringar i genuttryck beskrivas av ett så kallat genregleringsnätverk, vilket 
låter oss förstå kommunikationen och samspelet mellan gener. Att konstruera eller skapa 
sådana nätverk från experimentella data är inte trivialt. Detta beror dels på mätfel, men 
även på biologisk variation, som båda kallas “brus”.  På grund av detta brus används ofta 
matematiska tolkningar av genregleringsvätverk som ett sätt att studera ett annars svårt 
biologiskt problem. Genom att abstrahera verkligheten och använda oss av dessa 
modeller kan vi både utveckla och utvärdera nya metoder genom vilka vi kan förutspå 
verkliga genregleringsnärverk.  

Den här avhandlingen syftar till att matematiskt modellera och utvärdera hur brus 
påverkar olika metoders förmåga att modellera genregleringsnärverk. Avhandlingen 
argumenterar att nuvarande metoder inte är robusta när det kommer till hanteringen av 
brus i data. Vidare föreslås nya metoder som överträffar föregående i dess förmåga att 
arbeta med brus. Alla metoder som beskrivs här har utvecklats med simulerad data och 
på grund av detta finns mycket utrymme för förbättring vad gäller applikation på verklig 
data. Trots detta, även om arbetet i denna avhandling enbart täcker en simulerad 
verklighet så hoppas jag att metoderna här ska kunna främja kunskapen kring genetiska 
sjukdomar.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Redigerad och översatt av Victor Tobiasson, och korrekturläst av Thomas Hillerton.  
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Summary 
 
 
 
Regulation of gene expression is of vital importance for all living organisms as a way to 
respond to changes in their environment. However, changes in the normal regulation of 
gene expression can also cause disease such as cancer. To understand the biology of both 
the healthy and diseased cell, changes in gene expression can experimentally be 
introduced, a process called perturbation. The cell's response to perturbation of different 
genes can be organized into what is known as a gene regulatory network, allowing us to 
understand the communication between genes. Constructing these networks however, is 
not trivial due to experimental measurement errors and biological variation, both referred 
to as “noise”. Therefore, in order to help understand gene regulatory networks, they are 
represented by mathematical models. This allows us to develop and evaluate methods by 
which we can predict real gene regulatory networks from perturbations.  

This PhD thesis attempts to mathematically model and evaluate how the amount of 
noise affects how well gene regulatory networks can be predicted. It argues that the 
current methods cannot accurately predict gene regulatory networks from noisy data. It 
further describes the development of new methods that are able to overcome the effect of 
noise. As all methods developed in this thesis can only approximate biology, there is great 
room for improvement. Despite this, even though the findings presented here are based 
mostly on simulations of biology, rather than biology itself, my biggest wish is for this 
PhD thesis to be able to help further the understanding and treatment of genetic diseases.  
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people trying to keep it quiet for the others. I really miss those days, but at least I am 
happy that we live close to each other. Duygu, always active and full of energy even 
when sick. How do you do that? It’s amazing. I am so happy that Eti left her room to you 
so that we could become friends, of course given that she already needed to leave. Selen, 
you are one of the most adventurous and emotional people I have ever known, and I love 
that you are like this. Our skypes where you just appear to be in a whole new 
city/country/continent and tell us about what you have been up to with all your energy 
and joy are making my days. In addition to how much I love each of you individually, I 
love it so much when we are all together. I know that we all are one skype away from 
each other, but I missed you and everything we usually do together so damn much. Thank 
you all for being so awesome :) 

Eda Karabal-Kumcu, Eda abla, there is something completely different and 
beautiful between us, and I don’t know how you do it but it feels like you see it through 
my heart somehow. Özlem Yorulmaz-Özü, Özlem abla, even though you don’t make it 
as obvious as Eda abla, I know that you are also like that. Most people cannot even find 
one, and I’ve got you both. You have always been there for me for whatever, been my 
crying wall, and listened to me for hours even when you completely disagreed with me. 
I have no idea what I have done to deserve you. I love finally meeting you after months 
of not seeing each other, not only because I miss you so much and it is great to be with 
you, but also because I get to witness once again how perfect you are. Thank you so much 
for being such an indispensable part of my life. Love you both so much :)  
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The by far worst year of my life happened during this PhD. I lost my loved ones, one 
after another, in the first half of 2019. I have ever since wondered if this pain will 
eventually go away, but I started to think that maybe not. Mahmut Seçilmiş, my 
backgammon friend, history teacher, and sweet, loving and understanding grandpa; 
Cevdet, my little quadruped sister, a cat but more than that, a person; Hatice Sevilen, my 
first roommate, sweet, loving and understanding grandma, and a super cool person who 
went to a disco with me for the first time in my life when I was a kid. I know that they 
would have been so proud to see me become a doctor, and it pains me in my every 
heartbeat that they are not here to see it. Well, maybe Cevdet wouldn’t be proud but she 
would for sure know that something joyful is happening. I will say what I can’t say to 
their face anymore to their memory: thank you so much for all the wonderful moments 
you gave me. You have made me the luckiest person alive! 

Last but definitely not least, I want to thank the Seçilmiş family: Ata, Emine and 
Tuna. I don’t know how many times I called you crying and hung up laughing a lot. You 
are my magic beans, and I know very well that, for as long as I have you by my side, 
everything will be fine. Thank you for everything. In particular: Babo, my weird brother, 
the sweetest trouble, the biggest joy in my life; from the beginning till the very end, you 
always kept your fingers crossed for me. I started this PhD thanks to you and now am 
finishing it, again thanks to you. You are somehow all the time active in my life whether 
right next to me or in my mind. For instance, walking on the road, I suddenly remember 
something incredibly weird we did together and start laughing just like that. Huhh, people 
from the outside must think that I am crazy. My favorite, however, is this: among those 
you gave me, I go pick a random book to re-read a particular chapter and find your best 
wishes for me in your cute and funny notes. Just like that, completely unexpectedly, you 
are cheering me up and making my day through your sweetness. Please accept my long 
term attempt to thank you for being such an awesome brother: “I work so hard so my 
brother can live a better life” ;) Mom, Tülayım, you are such a loving and caring person, 
and I am so lucky that you are my mom. Also, you have been sending months-worth of 
food to me because I am too lazy to cook, and making clothes for me the way I want 
because stores don’t have what I want... The reason why I love those clothes so much is 
not only that you made them the way I want, but it is more that, when I wear them, I carry 
you with me. I always remember how happy you are when doing all those things that 
would make me happy. You definitely have made my life way better and easier, and I 
hope that you know how much I love and miss you :) Dad, I am so grateful to your every 
single move in the past 30 years, observing which made me the person I am today. For 
instance, “Hiç kafanızı yormayın çocuklar, 3-2 galibiz.”, “Yeter ki milyonda bir ihtimal 
olsun, onu gerçekleştiririm.”, and so many more… Just like that, you always believed in 
me even when I didn’t believe in myself. Thanks to you I am finishing a PhD soon, and 
this wouldn’t happen without you. All those weekends I needed to go to the office, I had 
a great motivation remembering us going to your laboratory during the weekends when 
you were doing a PhD. I even remember the smell of the laboratory on your papers you 
brought home every day. Anyway, apart from teaching me so much both directly and 
through the way you are, you are also the sweetest, cutest dad ever. How many times you 
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saw me upset because of who knows what and immediately fixed it from three thousand 
kilometers away. I sent you the photo of my broken sunglasses, and a few hours later you 
sent me a photo of new ones. Every time I think you cannot get any cuter, you do. May 
your face never ever miss that wonderful smile, dad. Live long and prosper! Also, I look 
forward to finally publishing papers together. Ooooldu cınımmm. 
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