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Sammanfattning 
Abstract 

Many diseases, such as cardiovascular diseases, cancer and diabetes, originate from several malfunctions in biological 

systems. The human body is regulated by a wide range of biological systems, composed of biological entities 

interacting in complex networks, responsible for carrying out specific functions. Some parts of the networks, such as 

hubs serving as master regulators, are more important for maintaining a function. To find the cause of diseases, where 

hubs are possible disease regulators, it is critical to know the structure of these biological systems. Such structures can 

be reverse engineered from high-throughput data with measured levels of biological entities. However, the complexity 

of biological systems makes inferring their structure a complicated task, demanding the use of computational methods, 

called network inference methods. Today, many network inference methods have been developed, that predicts the 

interactions of biological networks, with varying degree of success. In the DREAM5 challenge 35 network inference 

methods were evaluated on how well interactions in gene regulatory networks (GRNs) were predicted. Herein, in 

contrast to the DREAM5 challenge, we have evaluated network inference methods’ ability to predict hubs in GRNs. In 

accordance with the DREAM5 challenge, different methods performed the best on different data sets. Moreover, we 

discovered that network inference methods were not able to identify hubs from groups of similarly expressed genes. 

Also, we noticed that hubs in GRNs had a distinct expression in the data, leading to the development of a new method 

(the PCA method) for the prediction of hubs. Furthermore, the DREAM5 challenge showed that community predictions, 

combining the predictions from many network inference methods, resulted in more robust predictions of interactions. 

Herein, the community approach was applied on predicting hubs, with the conclusion that community predictions is the 

more robust approach. However, we also concluded that it was enough to combine 6-7 network inference methods to 

achieve robust predictions of hubs.  
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Abstract 
 

Many diseases, such as cardiovascular diseases, cancer and diabetes, originate from several 

malfunctions in biological systems. The human body is regulated by a wide range of biological 

systems, composed of biological entities interacting in complex networks, responsible for carrying 

out specific functions. Some parts of the networks, such as hubs serving as master regulators, are 

more important for maintaining a function. To find the cause of diseases, where hubs are possible 

disease regulators, it is critical to know the structure of these biological systems. Such structures can 

be reverse engineered from high-throughput data with measured levels of biological entities. 

However, the complexity of biological systems makes inferring their structure a complicated task, 

demanding the use of computational methods, called network inference methods. Today, many 

network inference methods have been developed, that predicts the interactions of biological 

networks, with varying degree of success. In the DREAM5 challenge 35 network inference methods 

were evaluated on how well interactions in gene regulatory networks (GRNs) were predicted. 

Herein, in contrast to the DREAM5 challenge, we have evaluated network inference methods’ ability 

to predict hubs in GRNs. In accordance with the DREAM5 challenge, different methods performed 

the best on different data sets. Moreover, we discovered that network inference methods were not 

able to identify hubs from groups of similarly expressed genes. Also, we noticed that hubs in GRNs 

had a distinct expression in the data, leading to the development of a new method (the PCA 

method) for the prediction of hubs. Furthermore, the DREAM5 challenge showed that community 

predictions, combining the predictions from many network inference methods, resulted in more 

robust predictions of interactions. Herein, the community approach was applied on predicting hubs, 

with the conclusion that community predictions is the more robust approach. However, we also 

concluded that it was enough to combine 6-7 network inference methods to achieve robust 

predictions of hubs.  
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1 Introduction 
 

Many diseases originate from malfunction in biological systems. Common diseases such as 

cardiovascular diseases, diabetes and cancer, are caused by several alterations in biological systems 

(1). Understanding such biological systems is critical to understand why diseases occur and to 

develop treatments. Biological systems are composed of biological entities that interact with each 

other in complex networks, with the purpose of carrying out a specific task. The biological entities 

could be, among others, organisms, tissues, cells or proteins. To fully understand biological systems, 

we need to know their structure. Today, high throughput data with measured levels of biological 

entities, allows researchers to deduce the structure of biological systems. Interpreting high-

throughput data with the goal of recreating the structure of biological network, demands 

computational methods, referred to as network inference methods. Several of these network 

inference methods, that takes on the task of reverse engineering the structure of biological 

networks, have been developed (2–7). However, the complexity of biological networks makes it a 

challenge to infer network structures from observations in the data. Usually, the performance of 

network inference methods is first evaluated on biological networks in model organisms, such as 

Escherichia coli, with well-known network structures (8). However, the goal is to apply the methods 

to predict the biological networks controlling the human body.  

 

The human body is regulated by a wide range of networks, working together to maintain different 

functions, including protein-protein interaction networks, metabolic interaction networks, and gene 

regulatory networks (GRNs) (9). The structure of these networks is to a large extent conserved 

throughout the human population, but there are also parts of the networks that differ between 

individuals. In addition, the networks are changing over time as a natural part of development or 

because of perturbations in the networks such as mutations (10). If we can elucidate the structure of 

biological networks and understand what parts of a network that regulates which function, it would 

be possible to pinpoint where a disease originated. Furthermore, it would be possible to make 

earlier diagnosis of diseases as well as discovering individual differences, that could lead to 

personalized medicine (11). Some parts of biological networks are more likely to be involved in the 

development of diseases, since they have a more important role in maintaining a particular function. 

One such example is hubs, which are biological entities standing for a substantial degree of the 

interactions in biological networks. Hubs mediate a large degree of the regulation in biological 

systems and hence, if a hub malfunctions it has a large effect on the entire network (9,12). 

Therefore, hubs serve as promising targets for treatment of diseases (11).  

 

Today, the dream of reverse engineering biological networks of the human body is still far from 

reality. With the many network inference methods at hand it is important to assess their advantages 

and limitations. The focus of many methods typically lies in predicting interactions of a network, with 

generally unsatisfying results. The current network inference methods are not able to fully infer the 

complexity of biological networks (13). However, the network inference methods might be able to 

discover other important aspects of a network, such as hubs. Herein, we assessed if network 

inference methods are able to predict hubs in a network. The focus was on reverse engineering 
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GRNs, with the goal of predicting master regulators (hubs). GRNs function in the nucleus of our cells 

and are controlling what genes and to what extent those genes are expressed. 

1.1 Gene regulatory networks 

GRNs are composed of proteins called transcription factors (TFs) controlling the gene expression 

levels. Gene expression is the process where a gene product, such as proteins or mRNA, are derived 

from a gene. Networks of thousands of proteins dictates cellular function. At different time point the 

expression of proteins will look different as a response to external stimuli, as part of development or 

as a result of mutations. The expression can change rapidly or evolve slowly over time. What genes, 

how much of a gene and at which time point a gene is expressed is controlled by TFs. When a TF 

binds to specific binding sites on DNA, the expression of targeted genes is upregulated or 

downregulated. Together, TFs and their target genes comprise a powerful and dynamic control 

system. (14,15)  

 

Knowing the structure of GRNs is an important step to understand the fundamental principles of our 

bodies but also to understand how diseases occur. Gene perturbation such as mutations widely 

affects the function of GRNs and is the cause for many diseases. If a mutation occurs at a regulatory 

protein, it may affect not only the protein itself, but also downstream proteins, and as a 

consequence the whole network (1). Knowing where perturbations occur and how it affects the 

network can lead to earlier diagnostics and better treatments for diseases. However, the complexity 

of GRNs makes it difficult to elucidate their structure. One way is to use mathematical modelling 

where the network is described as a graph (Figure 1). A network graph describes relationships 

between objects, were the object are called nodes and the relationships between nodes are called 

edges. Biological networks as GRNs can be described by a graph where nodes represent genes or 

proteins and edges represent interactions. How the nodes and edges are distributed in a network 

are referred to as the “topology” of the network. The structure of networks can be completely 

random or contain parts that are more loosely or densely connected. Different types of networks 

have different structure, which can be described using topological properties. (10) 
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Figure 1: An example of a network described with a graph. The circles are nodes, representing proteins or 

genes, where the red node is a hub. The arrows are directed edges, which represent the direction of 

interaction between two nodes. The hub has a higher outdegree (edges directed out of the hub) than the 

other nodes in the network. 

1.2 Network topology 

Network topology is used to describe how edges are distributed in a network. To describe the 

structure of interaction networks, features such as degree, clustering coefficient, shortest path 

length, betweenness and diameter are the most commonly used (Table 1). These topological 

properties focus on individual nodes and can be used to describe any network. (9)  

Table 1: Commonly used network properties focusing on individual nodes (9). 

Topological property Description 

Degree 

The number of edges connected to one node, where indegree is the 

number of genes regulating one gene and outdegree is the number of 

genes that one gene regulates. 

Clustering coefficient 
Describes how many edges that are present in the neighbourhood of 

one node in relation to how many edges that are possible. 

Shortest path length The path between two nodes crossing the minimum number of edges. 

Betweenness 
The number of shortest paths of all shortest paths in a network that pass 

through one node.  

Diameter The longest shortest path between any two nodes existing in a network. 
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The distribution of edges can take several forms depending on network. Biological networks can be 

divided into subparts, that are responsible for certain behaviours in the network. These subparts 

include modules and motifs. Modules are groups of nodes that are more densely connected to each 

other than the rest of the network. In biological networks, modules are often associated with a 

specific function. Motifs are small common patterns appearing in a network significantly more often 

than randomized networks. GRNs are enriched for structurally stable network motifs, as feedforward 

loops and negative autoregulation motifs. The combination of network motifs allows for more 

precise control of biological systems. (1,9)  

There are several models to describe the distribution of edges in a network. The Erdős–Rényi model 

describes a random graph were all edges, independent of each other, have the probability p of 

existing (16). If a network has a small diameter, all nodes are connected with relatively short paths, 

the network is called a “Small world” network. The “Small world” structure can be found in many 

metabolic networks (9). Many complex networks follow a “Scale-free” topology, where the edges 

per node follow power-law distribution, meaning that a small number of nodes are highly connected 

while a large number of nodes are poorly connected. “Scale-free” topology is discovered in complex 

networks as the World Wide Web, social networks and in biological networks including GRNs. 

Instead of being evenly spread between nodes in biological networks, interactions co-localise to a 

few master regulators, referred to as hubs (Figure 1). The non-uniform distribution of interactions is 

believed to have high biological significance. A “Scale-free” network is more robust towards random 

perturbations than a random network. Most nodes are poorly connected and individual 

perturbations do not have as large effect on the entire network. However, when perturbations occur 

at hub nodes, a considerable extent of the network is affected. (9,17)  

1.3 Hubs 

Hubs play essential roles in biological systems and are believed to mediate a large degree of the 

regulation in biological networks. Therefore, hubs serve as promising targets when identifying 

disease regulators (11). The importance of hubs can be determined by the magnitude of change in 

network structure that occurs when removing a node. Hubs are involved in significantly more 

interactions and shortest paths than other nodes. If a hub is removed the mean shortest path in the 

network will increase as well as paths between nodes being completely cut off. However, the 

importance of hubs can not only be explained structurally. In biological networks, all interactions are 

not equally important. Some interactions are more important than others to maintain essential 

functionalities. The change in functionality when removing a node, is also a measure of the 

importance of a node. Hubs are statistically more likely to be involved in essential interactions, since 

they partake in a large number of interactions. In addition, hubs seem to be more evolutionary 

conserved than non-hubs, indicating their importance in maintaining essential functionality. 

(9,12,18)  

The most common way to decide which nodes are hubs is to set a degree threshold. Nodes with a 

degree higher than the threshold are considered hubs. Often the threshold is set as the average 

degree of the network (19). The threshold can also be set by deciding that a certain percentage of 

the top degree nodes are hubs or that hubs stand for a certain percentage of the interactions in a 

network. However, there are suggestions on how to define a hub, in addition to outdegree. 

Vallabhajosyula et al. suggest three additional definitions for hubs in protein interaction networks:  
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1) Hubs have less connectivity among each other than other nodes, 2) Hubs can be divided into two 

classes depending on if the hub has low or high average coexpression distribution, 3) Hubs are 

significantly enriched for essential proteins, meaning that the proteins are vital for the function of 

the network (18). Furthermore, approaches considering the statistical significance of gene 

connectivity when identifying hubs have been proposed for gene co-expression networks (19).  

All these approaches, which are used to decide which nodes are hubs are based on first knowing the 

structure of the network. Today, a lot of the focus is on reverse engineering the interactions of 

biological networks, which then could be used to identify hubs. The desire to elucidate the structure 

of complex networks has led to the development of several methods that infer networks from high-

throughput data.  

1.4 Network inference 

The amount of available data is continuously increasing, with the Human Genome Project as a 

precursor in big data (1). However, while the amount of available data increases, the demand for 

methods that can interpret the data are also expanding. Using mRNA expression data is the most 

common way to infer GRNs, where a gene X is said to regulate gene Y if the expression level of gene 

Y changes with gene X (15). During the last decade several network inference methods have been 

presented and more are continuously emerging.  

 

Commonly used methods include Bayesian network models, Boolean network models, Correlation 

network models, information-theoretic approaches and ordinary differential equation models. 

Bayesian networks are built on the assumption that a GRN can be modelled as a directed acyclic 

graph with random variables as nodes, describing the gene expression levels, where the relationship 

among the nodes follow probability distributions. In Boolean networks, nodes (genes) are assumed 

to be inactive or active, modelled with binary variables {1, 0}. Correlation network models and 

information-theoretic approaches assume that two genes are functionally related if their gene 

expression levels are statistically dependent. Correlation network models predicts that two genes 

interact if the correlation coefficient is above a set threshold (20,21). Information-theoretic 

approaches calculates the Mutual Information (MI) between two genes, which is a measure of the 

information that two genes share (20,22). Ordinary differential equation models use continuous 

variables to describe how the expression level of genes change with the expression of other genes 

and as a response to external perturbations (15,21). 

 

Networks for hundreds of species have today been reconstructed, where the BioPLex 2.0, a human 

genome-scale network containing 56.000 interactions, is the largest protein-protein interaction 

network constructed (1). Network inference methods try to find the solution that best describes the 

data according to pre-set criteria. However, there are many solutions that could fit the data equally 

well. Hence, these networks are not perfect representations of biological networks, containing false 

positives and false negatives. While it is possible to extract general tendencies from the inferred 

networks, the interactions generally have less statistical support. Reverse engineered biological 

networks undergo constant refinement with the goal to recreate networks as close as possible (1,8). 

It is important to understand the advantages and limitations of network inference methods to 



6 
 

choose the best method for a certain task. In 2010 the DREAM project launched a competition for 

network inference methods to assess the advantages and limitations of current methods.  

1.5 DREAM challenge 

The DREAM (Dialogue on Reverse Engineering Assessment and Methods) project organises annual 

challenges where participants can test their methods on benchmark datasets, and the performance 

of the methods are evaluated. In the DREAM5 challenge 35 methods, 29 submitted by participants 

and 6 ‘off-the-shelf’ tools, were assessed on Escherichia coli, Staphylococcus aureus, Saccharomyces 

cerevisiae, and in silico generated expression data. The methods were divided into 6 groups: 

Regression, MI, Correlation, Bayesian networks, Meta predictors and Other approaches. The 

predicted networks for E. coli, S. cerevisiae and in silico, were evaluated toward gold standards, 

containing experimentally validated interactions. The performance was evaluated using the area 

under both the precision-recall (AUPR) and receiver operating characteristics (AUROC). AUPR and 

AUROC are both measurements of the relation between true positive interactions and false positive 

interactions in a predicted network, where AUPR also considers false negative interactions. The 

results were inconclusive, with different methods performing the best for each dataset. It was found 

that the predictions on the in silico data set were the most reliable. Also, on the E. coli data set the 

methods could predict interaction to some degree. However, for S. cerevisiae the methods did not 

perform better than random. Furthermore, the methods were evaluated on the ability to recover 

network motifs such as feed-forward loops, linear cascades etc. with the conclusion that different 

groups of methods were better at recovering different types of motifs. (13) 

In general, network inference methods could to a certain extent reverse engineer networks, even 

though the overall performances were less than optimal with no method being able to reverse 

engineer GRNs from eukaryotic (S. cerevisiae) dataset. What was apparent from the DREAM5 

challenge is that the performance of individual methods varies considerably under different 

contexts. This led the DREAM5 challenge to investigate the ‘Wisdom of the crowds’ phenomenon, 

meaning that the combination of multiple inference methods might improve predictions. In an 

attempt to create more robust networks, predictions from several methods were integrated to 

construct community-based consensus networks. The community network performed as good as, or 

better than, the top performing individual methods. The DREAM5 challenge assessed how well 

inference methods could reengineer a complete network, by applying the methods to data where 

the real network is known, the gold standard. (13) 

1.6 Evaluating the performance of network inference 

methods 

The gold standard contains interactions with experimental support, usually collected from different 

databases. Predicted interactions that are found in the gold standard are treated as true positives 

while predicted interactions not part of the gold standard are false positives (8). This is the most 

common way to evaluate the performance of network inference methods. However, gold standards 

are usually not exhaustive, since all biologically true interactions might not be experimentally 

validated (13). This might be one of the reasons that the methods in the DREAM challenge did not 
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achieve satisfactory results on the E. coli and S. cerevisiae data sets.  

To overcome the problem of uncomplete gold standards, in silico generated data are used. An in 

silico created network is used to simulate expression data. Since the real network is fully known the 

predicted network can be fully evaluated (Figure 2). In silico networks should be biologically 

relevant. In the DREAM5 challenge the in silico network was generated using GeneNetWeaver (23). 

GeneNetWeaver extracts modules from known biological interaction networks to generate realistic 

network structures. However, in silico generated data are, as of today, not able to mimic the full 

complexity of biological data (8).  

 

Figure 2:  An in silico network is used to simulate expression data. Network inference methods can be 

evaluated by applying the method on in silico expression data. The predicted network can be fully evaluated 

since the true network is fully known. 

If predictions of interactions cannot be completely trusted, there could still be aspects of a network 

that could be captured by network inference methods. Instead of focusing on the prediction of 

interactions, an alternative is to shift the focus to predicting broader topological properties of the 

network. In a study by Kiani et al. network inference methods were assessed on their ability to 

predict topological structures such as Erdős–Rényi, Small world, and Scale-free (24). Six of the best 

performing methods from DREAM challenges were evaluated on in silico expression data generated 

from synthetic GRNs with well-known topologies. The results showed that the performance of 

network inference methods was dependent on the topological index. In accordance with Marbach et 

al. (13), the performance of the methods was overall unsatisfying, with no method outperforming 

the others. However, some methods were better at finding certain topologies, showing that network 

inference methods could extract information of biological interest. (24) 
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1.7 Purpose 

Network inference methods have shown a less than optimal performance when predicting 

interactions (13). We hypothesised that the methods could yield valuable information of GRNs by 

being able to predict robust topological properties. In other words, we assessed network inference 

methods on their ability to predict hubs, which have shown to be essential in GRNs. The network 

inference methods were evaluated on the respective networks predicted in the DREAM5 challenge 

for E. coli, S. cerevisiae and in silico generated data. Furthermore, with inspiration from the DREAM5 

challenge, it was assessed if a combination of methods improves the performance. A process 

description of this degree project is available in section A1. 
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2 Methods 
 

In the DREAM5 challenge predicted networks, from 35 network inference methods, and a 

community network were evaluated on how well interactions were predicted. However, despite 

investigating the ability to recover motifs, other important properties were not investigated. The 

prediction of hubs, serving as promising targets when identifying disease regulators, are of biological 

relevance. Herein, the 35 individual methods and the community network were evaluated on their 

ability to predict hubs. Furthermore, the individual methods were combined into a community for 

the prediction of hubs. In the DREAM5 challenge, the community network had a more robust 

performance than the individual methods when predicting interactions. In addition to making one 

community prediction, herein, it was evaluated how many methods that were enough to include in a 

community to achieve robust predictions. Moreover, a few methods were applied on new data, to 

investigate if community predictions of hubs could be applied. Lastly, the expression of hubs in 

comparison with the expression of non-hubs were investigated, which lead to the development of 

an additional method for finding hubs.  

2.1 Data sets 

The predicted networks from the DREAM5 challenge for in silico, E. coli and S. cerevisiae data sets 

were used in the analysis, including networks predicted by 29 participant methods and 6 ‘off-the-

shelf’ methods. The methods were divided into 5 groups: Regression, MI, Correlation, Bayesian, 

Meta and Other approaches. The predicted networks comprise directed regulatory interactions 

between TFs and target genes ranked on confidence score, with maximum 100 000 interactions in 

each network. (13) 

 

The networks were estimated from a compendium of microarray data compiled from the Gene 

Expression Omnibus (GEO) database (25). The expression data for E. coli and S. cerevisiae contained 

time series, drug and environmental perturbations, gene knockouts, and overexpressed gene 

experiments. The in silico expression data were generated using GeneNetWeaver (23). In addition, 

the methods were provided with a list of putative TFs. The data were fully anonymized, to not 

provide any information of which organism the data came from, before applying the network 

inference methods. (13) 

 

The predicted networks were evaluated towards gold standards compiled in the DREAM5 challenge.  

The E. coli gold standard comprised 2066 interactions with ‘strong evidence’ obtained from 

RegulonDB (26). The S. cerevisiae gold standard comprised 3940 interaction compiled from chip 

binding data, evolutionary conserved transcription-factor binding motifs and systematic 

transcription-factor deletions. The in silico network and expression profiles were generated using 

GeneNetWeaver and corresponds to the E. coli transcriptional regulatory network from RegulonDB 

with an additional 10% random interactions, resulting in 4012 interactions. More information of the 

predicted networks, expression data and gold standards can be found in (13). 
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2.2 Evaluating the methods ability to predict hubs 

As opposed to the DREAM5 challenge, where network inference methods were assessed on how 

well individual interaction were predicted, we analysed how well hubs were predicted. The network 

inference methods’ ability to predict hubs were evaluated by calculating a score on outdegree for 

each TF in the predicted networks. The TFs were ranked according to outdegree and the 

performance of the methods were evaluated towards gold standard (Figure 3). 

 

 
Figure 3: The performed steps when evaluating network inference methods ability to predict hubs. The red 

boxes were performed in the DREAM5 challenge.  

2.2.1 Hub score 

Two different scores were used to score the outdegree of TFs: Boolean outdegree and Inverse 

participation ratio (IPR). In the first approach, Boolean outdegree, the edges were considered to be 

Boolean, meaning that the edge exist or does not exist. For each TF the outdegree (𝑂𝑖) were 

calculated by simply counting the number of targets. The Boolean outdegree is defined as: 

 

𝑂𝑖 = ∑ 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑗

𝑁

𝑗=1

 

 

𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑗 = {
1, 𝑖𝑓 𝑒𝑑𝑔𝑒 𝑒𝑥𝑖𝑠𝑡 𝑓𝑟𝑜𝑚 𝑇𝐹𝑖 𝑡𝑜 𝑡𝑎𝑟𝑔𝑒𝑡𝑗

  0, 𝑖𝑓 𝑛𝑜 𝑒𝑑𝑔𝑒 𝑒𝑥𝑖𝑠𝑡                                     
 

    

The second approach, IPR, considered the confidence score of the interactions. The networks were 

transformed into an adjacency matrix A, were the element 𝑎𝑖𝑗 contains the confidence score of the 

interaction between 𝑇𝐹𝑖  and 𝑡𝑎𝑟𝑔𝑒𝑡𝑗. The adjacency matrix was L2 normalised which is defined as: 

 

𝐿2(𝑎𝑖) = ||𝑎𝑖||
2

= √∑ 𝑎𝑖𝑗
2

𝑛

𝑗=1

 

 

From the adjacency matrix containing the normalized confidence scores, the IPR for each TF was 

calculated. The IPR is a measurement of the effective number of edges a node has. If solely the sum 

of the confidence scores would be calculated, similar to Boolean outdegree, edges with a high 

confidence score would have a large impact on the hub score. In the case were a node o 

nly has a few edges, but the edges have high confidence scores, the node would get a high hub 
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score, even though the TF is not a hub. Instead, in the scenario were a node has one edge with a 

considerably larger confidence score than the rest of the edges, the IPR would approach the value 

one. However, if the confidence scores of the edges are uniformly distributed, meaning that a node 

has many edges the IPR would be equal to the Boolean outdegree of a node. Hence, using IPR as a 

hub score will decrease the impact of TFs that only have a few targets and increase the impact of TFs 

that have many targets, compared to solely taking the sum of the confidence scores. The IPR is 

defined as (27):  

𝐼𝑃𝑅 = (∑ (
𝑎𝑖𝑗

𝑠𝑖
)

2
𝑁

𝑗=1

)

−1

 

 

𝑠𝑖 = ∑ 𝑎𝑖𝑗

𝑁

𝑗=1

 

 

2.2.2 Setting a cutoff on size of network 

The two hub scores are highly influenced by the number of edges in the network. Therefore, a cutoff 

ω was needed to regulate how many edges that should be included in the evaluation of the 

predicted network. To decide how many edges that should be included, the networks were 

evaluated when including 1000 edges and increasing the number of edges included in steps until all 

100 000 edges were used. Only genes existing in the gold standards were used for evaluation. In the 

networks for E. coli and S. cerevisiae only around half of all predicted TFs can be found in the gold 

standard, which significantly reduces the maximum amount of edges used for evaluation.  

2.2.3 Evaluation 

The TFs were ranked from highest hub score to lowest hub score before evaluation towards the gold 

standard. TFs in the gold standards were only scored using Boolean outdegree. The performances of 

the individual methods, for each hub score and cutoff ω, were evaluated using the Pearson 

correlation coefficient (PCC). The PCC was used to determine the best performing hub score and 

cutoff ω for each data set, which were to be used for continuous evaluation. The PCC was used as a 

measurement on the methods ability to predict the outdegree of TFs in a network. To evaluate the 

methods ability to predict hubs, meaning that the top ranked TFs are hubs while the rest are non-

hubs, Fisher’s exact test was used. For Fisher’s exact test the TFs ranked within the top ten percent 

were determined hubs. 
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Pearson correlation coefficient 

The PCC is a measurement of the linear correlation between two variables and can obtain values 

between -1 and 1. Positive correlations means that when the values of one variable increases the 

values of the other variable also increases. Negative correlation means that when the values of one 

variable increases the values of the other variable decreases. Herein, the correlation between the 

rank of the TFs of each method (𝑥𝑖) and the rank of the TFs of the gold standard (𝑦) were evaluated 

using PCC defined as: 

𝑃𝐶𝐶𝑖 =  
∑ (𝑥𝑖𝑗 − �̅�)(𝑦𝑗 − �̅�)𝑛

𝑗=1

√(∑ (𝑥𝑖𝑗 − �̅�𝑖)2𝑛
𝑗=1 )(∑ (𝑦𝑗 − �̅�)2𝑛

𝑗=1 )

 

 
where 𝑥𝑖𝑗  is the rank of 𝑇𝐹𝑗 in 𝑥𝑖  and 𝑦𝑗 is the rank of 𝑇𝐹𝑗 in 𝑦. �̅�𝑖  and �̅� is the mean values of 𝑥𝑖  and 

𝑦, respectively. (28) 

Fisher’s exact test 

Fisher’s exact test is used to test if the distribution of two categories is the same in two independent 

random samples from two different populations (29). Herein, the two samples are the predicted 

network and the gold standard, which contain two categories of observations, hubs and non-hubs. 

Fisher’s exact test was used to test if a method predicted true hubs more often than what occur by 

random. To perform Fisher’s exact test, a 2x2 contingency table was constructed (Table 2) containing 

four types of observations: A, B, C, and D (Figure 4). Figure 4 shows a Venn Diagram of the relations 

between the four observations (A, B, C and D), were the outer circle (green) represents the total set 

of TFs, and the two smaller circles are the gold standard hubs (red) and predicted hubs (blue), 

respectively.  

 

 
Figure 4: A Venn Diagram of the relations between the four types of observations used when performing 

Fisher’s exact test. A=the number of hubs present in both the predicted network and gold standard, B=the 

number of hubs present in gold standard but not in predicted network, C=the number of hubs present in 

predicted network but not in gold standard, and D=the number of non-hubs present in both the predicted 

network and the gold standard. 
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Table 2: The contingency table used when performing Fisher’s exact test, to assess the distribution of the four 

observations A, B, C and D. 

 Predicted Network hubs Predicted network non-hubs Total 

Gold standard hubs A B R1=A+B 

Gold standard non-hubs C D R2=C+D 

Total R3=A+C R4=B+D N=A+B+C+D 

 

From the contingency table (Table 2), the odds ratio (OR) and the probability (P) of true hubs being 

predicted more often than random is calculated. The odds ratio, representing the odds that the 

predicted true hubs are due to the method and not random, is defined as (30):  

 

𝑂𝑅 =
𝐴/𝐵

𝐶/𝐷
 

 

 

The probability of true hubs being predicted more often than random is defined as (29): 

 

𝑃 =
𝑅1! 𝑅2! 𝑅3! 𝑅4!

𝐴! 𝐵! 𝐶! 𝐷! 𝑁!
 

 

Were the probability is considered to be significant if P < 0.05.  

2.3 Community predictions 

The individual methods were combined into communities, inspired from Marbach et al. (13), for 

predicting hubs (Figure 5). Two approaches were considered: 1) The TFs in each of the predicted 

networks were ranked on hub score. The ranks were then combined into a community rank and the 

performance evaluated. This approach is hereafter called hub community. 2) The predicted networks 

were combined into a community network, as done by Marbach et al. (13). The TFs in the 

community network were then ranked on hub score and the performance evaluated. This approach 

is hereafter called community network.  
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Figure 5: The two different approaches used to combine the predicted networks into communities. Boxes 

marked with red were performed in the DREAM5 challenge.  

2.3.1 Constructing hub community predictions 

The hub community was constructed by combining the ranks of each TF in the predicted networks 

from each network inference method, resulting in all TFs having a community rank. The average rank 

was calculated using the Borda count method, also called arithmetic mean, as used by Marbach et 

al. to construct community networks (13). The Borda average rank (𝑟𝐵𝑜𝑟𝑑𝑎) is defined as: 

 

𝑟𝐵𝑜𝑟𝑑𝑎(𝑇𝐹𝑖)  =
1

𝐾
∑ 𝑟𝑗(𝑇𝐹𝑖)

𝐾

𝑗=1

 

 

where 𝑟𝑗  is the rank assigned to 𝑇𝐹𝑖 from 𝑚𝑒𝑡ℎ𝑜𝑑𝑗 and 𝐾 is the number of network inference 

methods. In addition, the geometric mean (𝑟𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐) was used to calculate the average rank 

defined as: 

𝑟𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐(𝑇𝐹𝑖)  = (∏ 𝑟𝑗(𝑇𝐹𝑖))1/𝐾

𝐾

𝑗=1

= √𝑟1𝑟2. . . 𝑟𝐾
𝐾  

 

Hub communities were constructed by increasing the number of network inference methods (𝐾) 

one at a time, each time calculating the PCC with gold standard, until all 35 methods were used. Hub 

communities were constructed 1000 times, for each number of methods combined, each time with 

randomly combined methods. Methods were added in randomized order with replacement, 

meaning that the same method could be used for the hub community estimation several times. The 

methods were added both randomly, and by first dividing the methods into groups and randomly 

taking one method from each group before taking the second one from each group and so on. It was 

hypothesized that adding methods according to group would result in better correlation than adding 

methods randomly, when fewer methods are combined. The methods were divided into groups by 

performing a principal component analysis (PCA), where methods that clustered together were 
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included in one group. PCA were applied on the ranked TFs from each predicted network on the 

three datasets, in silico, E. coli and S. cerevisiae, concatenated into one data set. For each number of 

methods combined, 1000 communities were constructed, resulting in a distribution of different 

performances. To evaluate if adding a method resulted in a significant difference in performance, 

Kolmogorov-Smirnov test (KS test) were performed. 

Principal component analysis 

In a PCA the important information of large data sets, the variance in the data, is extracted and 

stored in new variables. The data containing a set of possibly correlated variables are orthogonally 

transformed into a set of uncorrelated variables called principal components. The first principal 

component (PC1) accounts for as much of the variance in the data as possible and each following 

principal component accounts for as much of the variance in the data as possible that is left at its 

turn (31,32). The principal components are often used to visualize the data in two dimensions, 

where most of the variance in the data is accounted for when plotting the two first principal 

components, PC1 and PC2, against each other. Herein, PCA were used to group variables with similar 

expression together as well as to identify which variables that account for most of the variance in 

the data.  

Kolmogorov-Smirnov test 

The KS test is a nonparametric test that tests if two samples are drawn from the same distribution. 

The KS test determines the maximum value of the difference between the cumulative distribution 

functions, 𝑆𝑛1(𝑥) and 𝑆𝑛2(𝑦), of the two samples, and the corresponding probability (p) that the 

two sample are drawn from the same distribution. If p is smaller than the significance level 0.05, the 

two samples are considered to be drawn from different distributions. (33) 

2.3.2 Constructing community network predictions 

The community network was constructed with the same approach as used by Marbach et al. (13). 

First, the edges of each predicted network were ranked on confidence score. The average rank for 

each edge was calculated using the Borda count method. Community networks were constructed in 

the same way as the hub community, by increasing the number of inference methods (K) one at a 

time until all 35 methods were used, repeated 1000 times. The order of which methods were 

combined were randomised with replacement. Then, the TFs in the community networks were 

ranked on hub score and the performance evaluated with PCC. The KS test were used to test if 

adding a method resulted in a significant difference in performance, as well as if the performance of 

hub community were significantly different from the community network.  

2.4 Apply methods on new data 

To see if the results observed when creating hub communities for in silico and E. coli could be 

recreated, six methods were applied on new data. The new data set consisted of expression data 

from 32 tissues obtained from the Human Protein Atlas (HPA) (34). The methods were chosen from 

the methods applied in the DREAM5 challenge, with the intention of applying method from different 

groups. The methods applied were the Regression methods: Elastic Net (7) and TIGRESS (5), the MI 
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methods: ARACNE (6) and CLR (4), the Correlation method: Absolute value of Pearson’s correlation 

coefficient (2), and the Other approach: GENIE3 (3). For all methods a list of possible TFs from DBD: 

Transcription factor prediction database (35) were used. As gold standard a protein-protein 

interaction network from STRING version 10.5 (36) were used, where edges with a confidence score 

above 700 were included in the gold standard. Only genes present in the HPA expression data and 

possible TFs (35) were used for the gold standard. The predicted networks of the six methods were 

combined to create hub communities (see section 2.3.1). The hub communities with methods 

combined in randomized order were evaluated towards gold standard using PCC.   

2.5 Clustering of covariance matrix of expression data 

The expressions that the network inference methods interpreted as hubs in the expression data 

were investigated by clustering the covariance matrix of the expression data. The covariance is 

defined as: 

𝐶𝑂𝑉 =
∑ (𝑋𝑖 − 𝜇𝑖)(𝑋𝑗 − 𝜇𝑗)𝑛

𝑖=1

𝑛 − 1
 

 

where 𝑋𝑖  and 𝑋𝑗  contains the expression values of 𝑇𝐹𝑖 and 𝑇𝐹𝑗, respectively. The covariance matrix 

contains the covariance of vector 𝑋𝑖  and vector 𝑋𝑗  at position (𝑖, 𝑗). Covariance is a measure of how 

much the changes in expression of one TF follows the changes in expression of another TF. Positive 

covariance means that an increase in expression of 𝑇𝐹𝑖 corresponds to an increase in expression of 

𝑇𝐹𝑗. Negative covariance means that an increase in expression of 𝑇𝐹𝑖 correspond to a decrease in 

expression of 𝑇𝐹𝑗. If the expression of TFs is independent of each other the covariance is zero. The 

covariance matrix of the expression data was clustered using hierarchical clustering (37), which 

involves putting similar objects together. TFs that have similar covariance values, meaning that the 

TFs affect the expression of other TFs in a similar way, are grouped together. Which TFs that were 

predicted as hubs by the methods were marked in the clustered data, making it possible to identify if 

certain patterns in covariance values were interpreted as hubs.  

2.6 PCA method to identify hubs 

A method to find hubs based on a PCA of the expression data of TFs was developed. The method is 

based on the observation that the outdegree of TFs correlates with the PC1. The method contains 

the following steps: 

1. PCA on expression data for predicted TFs. 

2. 10% of TFs with most positive correlation with the PC1 are hubs. 

The method was applied on the E. coli data set, and the predicted hubs evaluated towards gold 

standard using the Fisher’s exact test. Only TFs existing in the gold standard were used for 

evaluation. A limiting factor of this method is that the outdegree can be both negatively and 

positively correlated with the PC1. Hence, the method requires some prior knowledge. 
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3 Results 
 

In contrast to the DREAM5 challenge, where 35 network inference methods and a community 

network were assessed on their ability to predict individual interaction, we have evaluated how well 

network inference methods can predict hubs in a network. In addition, community predictions were 

made for hubs, both by identifying hubs in the community network and by combining identified hubs 

from the predicted networks into a hub community. The performance of the 35 individual methods, 

the community network and the hub community were assessed on their ability to predict hubs. For 

hubs to exist in a network, the degree distribution of the network should follow Scale-free topology. 

To conclude that the in silico, E. coli and S. cerevisiae gold standards had a Scale-free topology the 

cumulative sum of the degree distribution for TFs were calculated (Figure 6, A1 and A2). The 

cumulative sum was calculated by continuously summing the number of TFs that had above a certain 

outdegree. In Figure 6a, all 140 TFs have at least an outdegree of 1 while only one TF have an 

outdegree of 270. Cumulative sum was used to visualise how the number of TFs that had above a 

certain outdegree decreases with increasing outdegree. To follow a Scale-free topology, most TFs 

should have a low outdegree whereas only a few TFs should have a high outdegree. Figure 6 clearly 

shows that the E. coli network had a Scale-free topology. Both the cumulative sum (Figure 6a) and 

logarithmic cumulative sum (Figure 6b) are shown. Around 90% of the TFs had an outdegree below 

30 whereas the largest outdegree present in the network were around 270. The red line represent 

were 10% of the TFs were included in the sum. This was the threshold used when deciding which TFs 

were hubs, where TFs located below the red line are considered hubs. The degree distribution for 

the in silico and S. cerevisiae gold networks were similar to the E. coli network and can be seen in 

Figure A2 and A3, respectively. 

 

 
Figure 6: The degree distribution of the E. coli gold standard, where a) shows the cumulative sum as a function 

of outdegree, and b) shows the log cumulative sum as a function of the log outdegree. The red lines in a) and 

b) represents the threshold were 10% of the TFs, with the highest outdegree, are hubs.  
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3.1 Evaluation of individual methods ability to predict hubs 

The 35 network inference methods were evaluated on their ability to predict hubs. Also, the 

community network (community) from the DREAM5 challenge as well as the hub community 

(comhub) and the hub community when considering groups (comhub_weight), when combining all 

35 methods, were evaluated. The different approaches to score outdegree, IPR and Boolean 

outdegree, resulted in similar PCC with the gold standard for all 3 data sets: in silico, E. coli and S. 

cerevisiae. However, the amount of edges that was used had a large impact on how well the 

methods performed, and the optimal cutoff ω was different for the different data sets.  

3.1.1 in silico network 

Figure 7 shows the performance of the 35 methods and communities when predicting the outdegree 

of TFs in the in silico network. The PCC were calculated for the 35 methods and the three 

communities with different scores and cutoff ω. The performance of the methods improved when 

fewer interactions were used. The correlation for most methods was quite unstable between 

ω=1000 and ω=4000. For some methods the correlation improved while for other methods the 

correlation deteriorated for increasing cutoff ω. From ω=4000 to ω=100 000 the performance 

deteriorated for almost all methods. Hence, the cutoff ω=4012 interactions, corresponding to the 

amount of edges in the gold standard, was used for continuous evaluation of the in silico network. 

Using Boolean outdegree as hub score resulted in a slightly better performance than using IPR for 

ω=4000 and was therefore used for the continued evaluation. Furthest to the right in Figure 7 the 

AUPR score obtained, when assessing the ability to predict interactions, in the DREAM5 challenge 

can be seen. The AUPR scores were positively correlated (PCC=0.65, p-value=2.15*10-5) with the PCC 

(Boolean outdegree, ω=4000) obtained. Methods that perform well when predicting individual 

interaction also seem to perform well when predicting the outdegree of TFs.  

 

Furthermore, Regression methods were found among the top performing methods. The hub 

community and the weighted hub community were found among the five top performing methods. 

The community network was not performing as well and was found more towards the middle. The 

PCC reflect the methods’ ability to correctly predict the outdegree of TFs. However, to assess the 

methods’ ability to correctly predict hubs, meaning that only hubs (=1) or non-hubs (=0) exist, 

Fisher’s exact test was used. The result from the Fisher’s exact test, when the top 10% ranked TFs 

were considered hubs, can be seen in Figure 8. The top performing methods were slightly different 

from the ones obtained when evaluating the performance with PCC. The Regression methods were 

still performing in the top, but Other3, Bayesian1 and Bayesian2 were the best performing methods. 

The three community networks were performing equally well and were placed among the top 

performing methods.  
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Figure 7: The performance of the network inference methods and communities when predicting the outdegree 

of TFs in the in silico network. The performance was assessed with the PCC between predicted network and 

gold standard. The x-axis shows the two different hub scores used: IPR and Boolean outdegree (BO), with the 

different cutoffs ω used. A positive correlation is shown in red while a negative correlation is blue. Only the 

significant (p<0.05) correlation values are shown; the white areas are insignificant correlation values. Furthest 

to the right on the x-axis is the AUPR scores obtained in the DREAM5 challenge, showing the methods’ ability 

to predict interactions. 
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Figure 8: The performance of the network inference methods and communities when predicting hubs in the in 

silico network, with 10% of the TFs as hubs. The performance was evaluated with Fisher’s exact test. On the y-

axis is the odds ratio and on the x-axis is the network inference methods and communities. The bars are colour 

coded according to group of network inference methods. 

3.1.2 E. coli network 

Figure 9 shows the performance of the 35 methods and communities when predicting the outdegree 

of TFs in the E. coli network. As for in silico, the PCC were calculated for the 35 methods and the 

three communities with different scores and cutoff ω. When increasing the cutoff ω the methods 

seemed to reach a stable value, this is because the maximum amount of interactions is reached. 

Since only genes included in the gold standard are used for evaluation, the amount of edges never 

reached 100 000. The performance of almost all methods improved when increasing the cutoff ω, 

which is the opposite behaviour compared to the performance of the methods when predicting the 

in silico network. Hence, ω=100 000 were used for continuous evaluation of the E. coli network. 

Using IPR as hub score resulted in a slightly better performance than using Boolean outdegree for 

ω=100 000 and was therefore used for continuous evaluation. The AUPR scores had poor correlation 

(PCC=0.09, p-value=0.60) with the PCC (IPR, ω=100 000) obtained, indicating that methods’ ability to 

correctly predict interactions do not mean that the methods can predict the outdegree of TFs.  

 

Furthermore, the best performing network inference methods for E. coli network are Bayesian4 and 

Bayesian5, which differed greatly from the performance on the in silico network where Bayesian4 

and Bayesian5 were among the worst performing methods. The Regression methods performing in 

the top on the in silico data set were among the worst performing methods on the E. coli data set. 

All three communities were found among the top performing methods, where the hub communities 

were the best among all methods. The result from the Fisher’s exact test (10% hubs) can be seen in  

Figure 10. As for the in silico network, the top performing methods changed slightly compared to 
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using PCC to evaluate the performance. The community network was among the best performing 

methods. The hub communities were not performing as well, however, still among the better 

performing methods. 

 

 

Figure 9: The performance of the network inference methods and communities when predicting the outdegree 

of TFs in the E. coli network. The performance was assessed with the PCC between predicted network and gold 

standard. The x-axis shows the two different hub scores used: IPR and Boolean outdegree (BO) with the 

different cutoffs ω used. A positive correlation is shown in red while a negative correlation is blue. Only the 

significant (p<0.05) correlation values are shown; the white areas are insignificant correlation values. Furthest 

to the right on the x-axis is the AUPR scores obtained in the DREAM5 challenge, showing the methods’ ability 

to predict interactions. 
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Figure 10: The performance of the network inference methods and communities when predicting hubs in the 

E. coli network, with 10% of the TFs as hubs. The performance was evaluated with Fisher’s exact test. On the y-

axis is the odds ratio and on the x-axis is the network inference methods and communities. The bars are colour 

coded according to group of network inference methods. 

3.1.3 S. cerevisiae network 

Figure 11 shows the performance of the 35 methods and communities when predicting the 

outdegree of TFs in the S. cerevisiae network. Only one method, Bayesian6, had a significant positive 

correlation with the gold standard. The bad performance for S. cerevisiae was also observed by 

Marbach et al. (13). Therefore, S. cerevisiae were not used for continuous evaluation.  
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Figure 11: The performance of the network inference methods and communities when predicting the rank of 

hubs in the S. cerevisiae network. The performance was assessed with the PCC between predicted network 

and gold standard. The x-axis shows the two different hub scores used: IPR and Boolean outdegree (BO) with 

the different cutoffs ω used. A positive correlation is shown in red while a negative correlation is blue. Only the 

significant (p<0.05) correlation values are shown; the white areas are insignificant correlation values. Furthest 

to the right on the x-axis is the AUPR scores obtained in the DREAM5 challenge, showing the methods’ ability 

to predict interactions. 
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3.2 Community predictions 

To evaluate if a combination of methods performed better than the individual methods, 

communities were constructed for in silico and E. coli data sets. Two communities were constructed 

using different approaches to combine the predicted networks: hub community and community 

network. For both communities, methods were combined in completely random order. For hub 

community the methods were also combined according to groups. The methods were divided into 

groups by performing a PCA on the predicted networks for in silico, E. coli and S. cerevisiae, 

concatenated into one data set (Figure 12). Methods that clustered together were placed in the 

same group, which resulted in 4 groups: 1) Correlation and MI methods together with Meta2, 2) 

Regression methods, 3) Bayesian methods, and 4) Meta methods (except Meta2) and Other 

approaches. Group 1 clearly clustered together, while group 2, 3 and 4 did not form well-defined 

clusters but still clustered to some degree. Furthermore, two different means were used to construct 

communities: the Borda count method and geometric mean. The geometric mean resulted in a 

better performance for both in silico and E. coli data sets as well as for hub community and 

community network. Dividing the methods into groups when constructing hub community resulted 

in a slightly better performance when using fewer methods.   

 

 

 
Figure 12: A PCA of the ranked TFs from each predicted network for in silico, E. coli and S. cerevisiae, 

concatenated into one data set. The PC1 is on the x-axis and the PC2 is on the y-axis, both with percent 

variance the components account for in the data. The data points show the different network inference 

methods, coloured according to group. 

3.2.1 in silico community predictions 

Figure 13 shows how the number of methods used to construct the communities, hub community 

and community network, for the in silico data set, affected the mean performance. The red curve in 

Figure 13 shows the mean performance of the hub communities. The combination of methods was 
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randomised according to group 1000 times and the mean values calculated. The performance was 

significantly improving (KS test, p<0.05) with the number of methods until reaching 6 methods, 

where there no longer was any significant increase (KS test, p<0.05) in performances when adding a 

method. The community networks, constructed in the same way as the hub communities but 

without dividing the methods into groups, showed similar behaviour (the blue curve in Figure 13). As 

for the hub communities, the performance was significantly improving with the number of methods 

until reaching 6 methods where there no longer was any significant increase (KS test, p<0.05) in 

performances when adding a method. The hub communities had significantly better performance 

than the community networks (KS test, p<0.05), which was shown by a faster and greater increase in 

performance reaching a mean value of 0.44 when including all 35 methods, while community 

network only reached a mean value of 0.37 for all methods. This can be compared to a mean 

correlation of 0.27 for the individual methods. The performances of the hub communities and 

community networks with standard deviation, for each number of combined methods, is shown in 

Figure A4.    

 
Figure 13: The mean performance of the hub communities (red) and community networks (blue) constructed 

for the in silico network. The network inference methods were randomly combined, the hub community 

according to group and the community network completely random, both using geometric mean. The PCC are 

plotted as a function of number of methods combined. For each number of methods, hub communities were 

randomly constructed 1000 times. The standard deviations of each point are shown in Figure A4.  

3.2.2 E. coli community predictions 

Figure 14 shows how the number of methods used to construct the communities, hub community 

and community network, for the E. coli data set, affected the mean performance. The red curve in 
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Figure 14 shows the mean performance of the hub communities. The combination of the methods 

was randomised, according to groups, 1000 times and the mean values calculated. The performance 

was significantly improving (KS test, p<0.05) with the number of methods until reaching 7 methods, 

where there no longer was a significant increase (KS test, p<0.05) in performance when adding a 

method. The community network (the blue curve in Figure 14) shows a similar, but lower, behaviour 

compared to the hub community. The performance was significantly improving with the amount of 

methods until reaching 7 methods where there no longer was a significant increase (KS test, p<0.05) 

in performance when adding a method. As for the in silico communities, the hub communities were 

significantly better than the community networks (KS test, p<0.05). The hub communities had a 

faster and greater increase in performance reaching a mean value of 0.31 when including all 35 

methods, while the community networks only reached a mean value of 0.26 for all methods. This 

can be compared to a mean correlation of 0.17 for individual methods. The performances of the hub 

communities and community networks with standard deviation, for each amount of combined 

methods, is shown in Figure A5. The behaviour of the E. coli and in silico communities, led to the 

conclusion that combining a few methods is preferred over using individual methods to achieve a 

robust performance. However, combining to many methods does not improve the performance.  

 

 
Figure 14: The mean performance of the hub communities (red) and community networks (blue) constructed 

for the E. coli network. The network inference methods were randomly combined, the hub community 

according to group and the community network completely random, both using geometric mean. The PCC are 

plotted as a function of number of methods combined. For each number of methods, hub communities were 

randomly constructed 1000 times. The standard deviations of each point are shown in Figure A5.  
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3.3 Hub community on new data 

Hub communities were constructed for new data to see if the same behaviour occurred as observed 

when constructing hub communities for in silico and E. coli networks. Six network inference methods 

were applied on expression data from HPA. The predicted networks were evaluated by calculating 

the PCC between the rank of TFs in the predicted networks and the rank of TFs in the gold standard. 

In Figure 15 it can be seen how the mean performance changes when increasing the number of 

methods used to construct hub communities. The mean value for individual methods were 0.07, 

which increased to 0.17 when combining all six methods. Each method added resulted in a 

significant improvement (KS test, p<0.05). However, the increase seemed to be larger for the first 

number of methods and then starting to reach a steady value when approaching six methods. This 

result strengthened the conclusion from the in silico and E. coli communities, that it was enough to 

combine a few methods to improve the performance. Although, it would be necessary to apply 

additional methods to clearly show that a steady value is reached. The performances of the hub 

communities with standard deviation, for each number of combined methods, is shown in Figure A7.  

 

 
Figure 15: The mean performance of the hub communities constructed for the predicted networks of the HPA 

data set. The 6 network inference methods were randomly combined, using geometric mean. The PCC are 

plotted as a function of number of methods combined. For each number of methods, hub communities were 

randomly constructed 1000 times. The standard deviation of each data point is shown in Figure A7. 

  



28 
 

3.4 Analysis of the expression of hubs  

In section 3.1 it was shown how well the individual methods, as well as communities, can predict 

hubs. The best performing methods had a PCC of around 0.4 for in silico and around 0.3 for E. coli. 

This shows that the methods can partly predict the hub behaviour of the networks. However, the 

methods often predicted false hubs. Therefore, it was assessed if certain expressions of TFs more 

often were predicted as hubs by the methods. This was done by clustering the covariance matrix of 

the expression data for TFs of the in silico and E. coli data sets (Figure 16 and 17). To further 

investigate if hubs had a distinctive expression, PCAs were performed on the expression data of TFs 

in the in silico, E. coli, S. cerevisiae and HPA gold standards (Figure 18).  

3.4.1 Clustering of covariance matrix of expression data 

Figure 16 and Figure 17 shows a subsection of the clustered covariance matrices (Figure A8 and A9) 

for in silico and E. coli data sets, respectively. The predicted hubs (10% of the TFs) are marked with 

black dots to the left in Figure 16 and 17, where each vertical line of dots represents predicted hubs 

from one method. The predicted hubs clustered where groups of TFs had positive covariance, 

marked with red lines to the left of the hubs in Figure 16 and 17. In these clusters of predicted hubs, 

often only one true hub (green dots) was present. A reason for the methods predicting false hubs 

could be that the methods also predicted downstream TFs as hubs. As an example, cascades could 

result in well correlated expression of TFs, and complicate the identification of true hubs. 

 
Figure 16: A subsection of the clustered covariance (COV) matrix of the expression data for TFs of the in silico 

network. The hubs from each predicted network are marked with black dots to the left, where each vertical 

line represents one method. The green dots are gold standard hubs. The red lines to the left of the hubs, marks 

were clusters of hubs have formed. 
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Figure 17: A subsection of the clustered covariance (COV) matrix of the expression data for TFs of the E. coli 

network. The hubs from each predicted network are marked with black dots to the left, where each vertical 

line represents one method. The green dots are gold standard hubs. The red lines to the left of the hubs, marks 

were clusters of hubs have formed. 

3.4.2 PCA on expression data of gold standard TFs 

PCAs were performed on the expression data of TFs to visualise how the variance in the data related 

to the outdegree of TFs. Figure 18 shows the PCAs for in silico, E. coli, S. cerevisiae and HPA data 

sets. The PC1 accounted for most of the variance (61%-75%) in the data for all data sets. The colour 

of the TFs is graded on outdegree in the gold standard networks, where darker red corresponds to 

increasing outdegree. The PCA of the in silico data were quite different from the PCAs of E. coli, S. 

cerevisiae and HPA data sets. For E. coli, S. cerevisiae and HPA data sets the TFs were focused around 

zero variance, while for the in silico data set the TFs were focused to negative variance. Also, the 

hubs appeared to correlate with the PC1 for E. coli, S. cerevisiae and HPA but not for in silico. The 

correlation of the PC1 with outdegree was assessed with the PCC (Table 3). There was no significant 

correlation (p<0.05) between the PC1 and outdegree for the in silico data set. However, for the E. 

coli and HPA data sets, the outdegree of the TFs were significantly correlated (p<0.05) with the PC1. 

The PC1 for the E. coli data set were negatively correlated while the PC1 for the HPA data set were 

positively correlated with the outdegree. For the S. cerevisiae data set the correlation was not 

significant (p<0.05), even though tendencies to correlation were observed. These results indicate 

that the in silico generated data set might not be a good representation of biological data sets. 
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Figure 18: PCAs on the expression data of TFs of the gold standard networks for a) in silico, b) E. coli, c) S. 

cerevisiae and d) HPA data sets. The PC1 is plotted against the PC2, both with percent variance the 

components account for in the data. TFs are graded on outdegree, where darker red corresponds to increasing 

outdegree. 

 

Table 3: The PCC and corresponding p-value for the correlation between the PC1 (Figure 18) and outdegree for 

each of the four data sets: in silico, E. coli, S. cerevisiae and HPA. 

Network PCC p-value 

in silico 0.059 0.43 

E. coli -0.43 1.27*10-7 

S. cerevisiae -0.17 0.076 

HPA 0.25 7.45e-11 
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3.5 PCA method 

In Figure 18 it was shown that the outdegree of TFs correlated with the PC1 for E. coli and HPA data 

sets. Hubs accounted for similar variance in the data. A method was developed based on identifying 

hubs by solely performing a PCA and choosing the TFs with the highest variance. The method was 

assessed on the E. coli data set. A PCA was performed on the expression data for all predicted TFs 

(dark grey) (Figure 19). The colour of the gold standard TFs is graded on outdegree, where darker red 

corresponds to increasing outdegree. It can be noticed that hubs are located to the right in Figure 19 

compared to Figure 18b where hubs were located to the left. In PCA the direction of the variance is 

not important, only that TFs with similar variance are located together. When performing a PCA on 

the expression data of all predicted TFs of the E. coli network the direction of the variance for hubs 

switched compared to Figure 18b, where the PCA were only performed on TFs in the gold standard. 

Hence, the TFs with the most positive PC1 were chosen as hubs. Since it is not directly evident if 

hubs are TFs with the most negative or positive PC1 it is necessary to have some prior knowledge 

before performing this method. If a few TFs are known to be hubs it would be possible to locate 

were in the PCA the rest of the hubs should be located. Using the PCA method 10% of all the TFs 

were predicted to be hubs. Of the predicted hubs only, those present in the gold standard were used 

for evaluation, resulting in 12% of the TFs in the gold standard being hubs. The performance of the 

PCA method were assessed using Fisher’s exact test and compared to the performance of the 

network inference methods, with 12% of the TFs as hubs (Figure 20). The PCA method were the top 

performing method of all methods when 12% of the TFs were hubs. However, there are some 

limitations to this method and it needs to be further evaluated to confirm its use to identify hubs.  

 

 
Figure 19: A PCA of the expression data for predicted TFs of the E. coli network. The PC1 is plotted against the 

PC2 component, both with percent variance the components account for in the data. The gold standard TFs 

are graded on outdegree, where darker red corresponds to increasing outdegree. Compared to Figure 18b the 

high degree TFs are located to the right instead of to the left.  
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Figure 20: The performance of the network inference methods and communities when predicting hubs in the 

E. coli network, with 12% of the TFs as hubs. The performance was evaluated with Fisher’s exact test. On the  

y-axis is the odds ratio and on the x-axis is the network inference methods, communities and PCA method. The 

bars are colour coded according to group of methods.  
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4 Discussion  
 

In previous studies, network inference methods have mostly been used to predict interactions of a 

network. The DREAM5 challenge assessed network inference methods on their ability to predict 

interactions of in silico, E. coli, and S. cerevisiae GRNs. In contrast to the DREAM5 challenge, we have 

evaluated network inference methods ability to predict hubs, serving as master regulators, in GRNs. 

In accordance with discoveries by Marbach et al. in the DREAM5 challenge, the performance of the 

methods was highly diverse, with different methods performing the best for different data sets.  

 

Furthermore, Marbach et al. showed that community predictions resulted in more robust 

performance when predicting interactions. The same behaviour was observed when constructing 

community predictions for hubs, both the community network and hub community performed 

among the top performing methods. However, it was found that the performance of the community 

predictions improved significantly when combining 6-7 methods, but when combining more 

methods, no significant improvement was observed. Moreover, the hub community performed 

better than the community network, for both in silico and E. coli data sets. Hence, constructing a hub 

community combining 6-7 network inference methods is the most robust alternative for predictions 

of hubs. When applying the hub community approach on the HPA data the mean performance of the 

6 network inference methods was significantly improved, when combining predictions from all 6 

methods. 

 

Lastly, the expression of hubs in comparison with the expression of non-hubs were analysed, to 

investigate why the methods predicted false hubs. It was discovered that hubs more often are 

predicted where groups of genes have positively correlated expression. Most likely, downstream TFs 

of a true hub are falsely predicted as hubs. Furthermore, when investigating the expression of TFs in 

the gold standard we found that hubs seem to account for similar variance in the expression data of 

biological networks, which was not observed for the in silico expression data. This indicates that the 

in silico data is not able to fully capture the behaviour of biological networks. The discovery that 

hubs accounts for similar variance in biological data, led to the development of a PCA method for 

making hub predictions. The PCA method performed significantly better than all network inference 

methods when predicting hubs of the E. coli network. 

4.1 Assessing the performance of individual methods 

The performances of the 35 network inference methods were highly diverse; different methods had 

the best performance when predicting the outdegree of TFs in the in silico (Figure 7) and E. coli 

(Figure 9) networks. Methods that had among the best performance for the in silico data set were 

often performing among the worst on the E. coli data set, and vice versa. The diverse performance 

on the different data sets, indicates that the in silico and E. coli data sets are different from each 

other. No group of network inference methods were generally better than the other groups at 

predicting networks. Regression methods generally performed among the best when predicting the 

in silico network but among the worst when predicting the E. coli network. All the Regression 

methods applied linear regression, meaning that the methods assume linear relations between TFs 
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and target genes. The poor performance on the E. coli data could be a result of the Regression 

methods not being able to capture nonlinear relations in the data. The E. coli network is more 

complex, with more nonlinear relations, than the in silico network. Also, most Regression methods 

applied the least absolute shrinkage and selection operator (LASSO) (38). If a group of genes have 

strong pairwise correlation, LASSO tends to only predict that a TF interacts with one of these genes 

(7). The E. coli data might contain more genes with strong pairwise correlation than the in silico data, 

resulting in the prediction of false negative targets. The performance of Bayesian networks was 

highly diverse also within one data set. Bayesian methods can capture both linear and non-linear 

relations but apply heuristic searches, which cannot guarantee that an optimal solution is found (13). 

Also, how easily a solution is found can vary between data sets, which could cause the diverse 

performance. MI and Correlation methods performed in the middle for both data sets, although the 

performance on the E. coli data set were slightly better. MI and Correlation methods predicts 

interaction between a TF and its target if their expression levels are statistically dependent (20). 

However, interactions are likely to be predicted not only between a TF and its target genes but also 

between a TF and downstream target genes, since their expression can be closely related, leading to 

the prediction of false positive targets. Meta methods and Other approaches have very varied 

implementations and are found from among the worst performances to among the best 

performances for both data sets.   

 
For both in silico and E. coli data sets, the top performing methods were similar when evaluating the 

methods’ ability to predict the rank of TFs, with PCC (Figure 7 and 9), and when evaluating the 

methods’ ability to predict hubs, with Fisher’s exact test (Figure 8 and 10). However, the order of the 

top performing methods was slightly different. When evaluating the performance with PCC, the 

methods were assessed on their ability to predict the rank of TFs according to outdegree. Hence, 

correctly predicting TFs with high outdegree had equal importance as predicting TFs with low 

outdegree, meaning that the methods ability to capture the Scale-free topology and hubs were not 

completely assessed. To better capture the ability to predict hubs, a better approach could be to 

calculate the PCC directly between the outdegree of TFs in the predicted networks and the 

outdegree of TFs in the gold standard. Furthermore, the ability of the method to predict interactions 

does not seem to necessarily mean that the methods can predict the outdegree of TFs, which was 

shown by the poor correlation with the AUPR score (Figure 7 and 9). Hence, when applying 

individual methods, it needs to be carefully considered which method should be applied on the data 

at hand as well as what information should be derived. Moreover, the individual methods showed a 

poor performance on the S. cerevisiae network, with only one method achieving a significantly 

(p<0.05) positive PCC. The same poor performance was observed by Marbach et al. for the S. 

cerevisiae network (13). Marbach et al. thought the poor performance might be due to the lower 

coverage of the S. cerevisiae gold standard, as well as the increased regulatory complexity of 

eukaryotic networks and would require additional input data, such as TF binding data sets, to 

achieve better performance (13). The poor performance of the predicted S. cerevisiae networks led 

to the data set being removed from further evaluation. 

 
When evaluating the performance of the network inference methods on the in silico and E. coli data 

set, the best performance was achieved for different number of included interactions in the 

predicted networks. For the predicted in silico networks it was better to include few interactions 
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(Figure 7), while for the predicted E. coli networks it was better to include all interactions (Figure 9). 

The difference in optimal cutoff ω, indicates that the in silico network and E. coli network, are 

inherently different from each other. Hence, care should be taken when choosing the number of 

interactions to include in the predicted network. The different hub scores, IPR and Boolean 

outdegree, resulted in very similar performances (Figure 7 and 9). Hence, the confidence score does 

not seem to have a large effect on the prediction of hubs. When calculating the outdegree of TFs, 

the edges can solely be considered to exist or not exist, which simplifies calculations. Furthermore, 

hubs were defined as the 10% TFs with highest outdegree. There are several other definitions of 

hubs that could be considered when deciding which TFs that are hubs. One alternative is to consider 

the number of interactions that hubs stand for in the network. It could also be considered that hubs 

have less connectivity among each other, have two classes and are enriched for essential proteins as 

suggested by Vallabhajosyula et al. (18). With a different definition of hubs, the performance of the 

methods might be different. 

 
Moreover, on the E. coli data set the best performing method had a PCC of 0.30 (IPR, ω=100 000), 

while on the in silico data set the best performing method had a PCC of 0.46 (Boolean outdegree, 

ω=4012), between rank of TFs in predicted network and gold standard. The better correlation 

obtained for the predicted in silico networks does not necessarily mean that the methods are better 

at predicting the in silico network, than the E. coli network. The E. coli gold standard does not have 

the same coverage as the in silico gold standard. While the in silico gold standard is fully known, the 

E. coli gold standard only covers around half of the possible TFs present in the E. coli expression 

data. Furthermore, the E. coli gold standard contain experimentally validated interactions with 

‘strong evidence’, meaning that most of the interactions in the gold standard are true positive 

interactions. However, some false positive interactions are also present, as well as many true 

interactions not being present in the gold standard at all. This adds an extra uncertainty variable to 

the evaluation of the predicted E. coli networks, that might cause the lower correlation with the gold 

standard. 

4.2 Community predictions 

Herein, a new method for hub identification has been proposed, based on constructing community 

predictions. When combining all 35 methods, the hub community and community network, were 

among the top performing methods for both in silico and E. coli data sets (Figure 7 and 9). However, 

it was discovered that the top performance of the communities was already reached when randomly 

combining 6-7 methods (Figure 13 and 14). When combining 6-7 methods, the overall mean 

performance improves for each number of methods combined, but when combining more methods, 

no significant improvement was observed.  

 

The hub community clearly had better performance than the community network, with mean 

performance roughly as good as the best performing individual method for both in silico and E. coli 

data sets. Hence, the most robust alternative for predicting hubs is to construct hub community 

using 6-7 individual methods. When constructing the hub communities, the combination of the 

methods was decided by dividing the methods into four groups and then combining methods by first 

randomly choosing one method from each group (Figure 12). The hub communities were also 
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constructed by randomly choosing which methods that were combined. Dividing the methods into 

groups resulted in a slightly better mean performance than when combining the methods randomly 

(Figure A6). However, when reaching the steady value there were no longer any remarkable 

difference. Hence, combining methods randomly would be considered better than relying on a single 

estimator of hub ranking. 

 

Furthermore, the performance of the hub communities, for each number of methods combined 

varied quite extensively, depending on which methods were combined (Figure A3 and A4). An 

optimal performance might be achieved if the top performing individual methods are combined. 

However, since the individual methods had such a diverse performance on in silico and E. coli data 

sets, we do not know beforehand which methods would perform good or poor on a new data set. 

The goal is to reverse engineer trustworthy new biological networks directly from data. To evaluate 

the performance of a method we need a gold standard, which is not available when predicting new 

networks. Hence, it is important to trust that the network inference methods can predict the 

network. Here, community predictions serve as the most robust alternative, both when predicting 

hubs, but also when predicting interactions as shown by Marbach et al. (13). 

 

Moreover, hub communities combining 6 methods were constructed on a new data set, the HPA 

data, to prove that it was enough to combine a few methods to reach a robust performance and to 

show that the hub community could be applied on human data. The mean performance of the 

methods did improve when successively combining all 6 methods, and a tendency of reaching a 

steady mean value could be observed when approaching 6 methods (Figure 15). However, to clearly 

prove that a steady value is reached it would be necessary to include a few more methods. The 

performance of the individual methods was highly diverse. The Regression methods and GENIE3 

performed well, while the MI and Correlation methods applied performed very poorly on the HPA 

data. The performance of the MI and Correlation methods could probably be improved if the 

number of samples in the data were increased. The HPA data only contained 36 samples, and MI and 

Correlation methods works better on larger (>100) sample sizes (39).  

 

Furthermore, the HPA data contained samples from several tissues and the STRING network used as 

gold standard contain protein-protein interactions from the entire human body. Hence, the gold 

standard is not specific for the HPA data. The gold standard can contain many interactions that are 

not present in the HPA network. In addition, the gold standard is a protein-protein interaction 

network and the network inference methods are developed to predict GRNs. Hence, the STRING 

network is not the optimal gold standard for evaluating the predicted HPA networks. Therefore, the 

highly diverse performance observed for individual methods and for the hub communities 

constructed (Figure A7), were expected. However, there are no gold standard available that are 

specific for the HPA network. Since we were interested in evaluating the ability to predict hubs, it is 

not as important that individual interactions are correct as when predicting the interactions of a 

network. It is, however, important that the degree distribution of the TFs is correct, which is not as 

sensitive to false interactions. Therefore, we considered the STRING network to be an acceptable 

gold standard, to prove that a hub community could be applied. In Figure 15 we could see that the 

mean performance for the hub community was better than the mean performance of the individual 

methods, showing that the hub community is a more robust alternative for making hub predictions. 
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4.3 The expression of hubs  

The performance of the network inference methods when predicting hubs were highly diverse, with 

the best performing methods achieving an odds ratio of around 10 (Figure 8 and 10) when predicting 

10% of the TFs as hubs, which correspond to around half of the predicted hubs being true hubs. Even 

though, the methods could predict some true hubs, several false hubs were also predicted. Herein, it 

was shown that hubs were more often predicted from groups of TFs that had well correlated 

expression values. Well correlated expression values are an indication that TFs interact with each 

other, either directly or indirectly. In these groups of well correlated TFs, the true hub was often 

predicted, but also several false hubs (Figure 16 and 17). The methods most likely predicted 

downstream TFs as hubs, either directly regulated by a true hub or part of cascades or nonlinear 

interactions in the network, which contain TFs with closely related expression values. The inability of 

the current methods to single out a true hub from a group of well correlated TFs, should be taken 

into consideration when improving network inference methods, to achieve better predictions. 

 

To further investigate the expression of hubs, PCAs were performed on the expression data of TFs 

from the in silico, E. coli, S. cerevisiae and HPA gold standards (Figure 18). The expression of hubs 

was different for the in silico data set compared to the biological data sets. The hubs in the biological 

data sets had similar high variance in the data, while the variance of the hubs in the in silico network 

were more diverse. This indicates that the in silico generated data is not able to fully mimic the 

behaviour of biological data. The difference between in silico and E. coli data sets were also 

observed when choosing the number of interactions from the predicted networks to include in the 

evaluation of the network inference methods (Figure 7 and 9), where the best performance was 

achieved when including few interactions for the predicted in silico networks and when including 

many interactions for the predicted E. coli networks. It has previously been addressed that in silico 

generated data are not able to fully mimic biological data (8). The results presented herein, further 

demonstrates the difference between in silico and biological data. When evaluating network 

inference methods, this difference needs to be taken into consideration. In silico expression data is 

used since the network is fully known, which does not exist for any biological network. Therefore, in 

silico networks has a purpose when evaluating network inference methods. However, the evaluation 

of network inference methods would benefit from further efforts to improve in silico networks to 

more closely resemble biological networks. Furthermore, the performance should not only be 

assessed using in silico data. It is necessary to also evaluate the methods on biological data. When 

evaluating network inference methods, it needs to be considered which data the methods have 

been applied on and adapt the evaluation after which data that was used. As for example, how many 

interactions that are reasonable to include in the evaluation of predicted networks.   

 

Moreover, the observation that the expression of TFs was correlated with the TFs outdegree for the 

E. coli and HPA data set, led to the development of a PCA method. The PCA method was clearly 

better at predicting hubs of the E. coli network than the network inference methods and community 

methods (Figure 20). However, the PCA method requires some prior knowledge of the network 

which is not always available. As mentioned in section 3.5, it would be enough to know a few TFs 

that are hubs in the network to perform the method. To identify hubs, the PCA method might be a 

good alternative to network inference methods since it is simple and fast to perform. However, 

using network inference methods could tell us additional information of the hubs, such as which hub 
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stands for the most interactions in the network. With network inference methods it is possible to 

predict the outdegree of all TFs in the network, which is not possible with the PCA method.  

 

Furthermore, the PCA method was developed after observing that the PC1 was correlated with 

outdegree. Since we already had seen that hubs accounted for similar variance in the data, the PCA 

method was expected to achieve a good result. In addition, the PCA method, was only evaluated on 

the E. coli data set. To prove that the PCA method is relevant to predict hubs of other biological 

networks, it is necessary to evaluate the method on more data sets. The S. cerevisiae data set 

showed tendencies to correlation between the PC1 and outdegree but no significant correlation, and 

the PCA method would probably not yield as good results as on the E. coli data set. Hence, it is not 

evident that the PCA method would work on biological networks in general. However, the network 

inference methods were not able to capture hubs of the S. cerevisiae network either. As discussed in 

section 4.1, the S. cerevisiae data set might require additional input data to capture hubs in the 

network. Therefore, when choosing which method to apply to identify hubs it should be considered 

what information we want to know about the hubs, what information is available and what 

resources we want to spend on getting the information. 

4.4 Societal impact 

Assessing the advantages and limitations of network inference methods is critical to develop the 

methods further. Determining what the current methods are capable of predicting and not capable 

of predicting is an important step to better performing methods. If it is possible to extract 

information of biological interest from the predicted networks, the information could be used to 

develop treatments for diseases. Since hubs regulates a large degree of the regulation in GRNs they 

serve as promising targets for treatments. Hence, even if network inference methods cannot fully 

predict interactions of a network, the predicted networks can still be used to identify targets for 

treatments. Herein, we found that network inference methods show great variation in performance. 

The current methods are not able to predict hubs for all data sets. However, if the predictions of a 

few methods are combined the performance are more robust over different data sets. Hence, 

multiple network inference methods should be combined to robustly predict hubs. Furthermore, it 

was shown that network inference methods are not able to recognize the true hub in well correlated 

data. Knowing what the methods interpret as hubs in the data, is a step towards figuring out how to 

avoid mistakenly predicting hubs. In addition, we discovered differences between in silico and 

biological data sets. The goal of network inference methods is to reverse engineer biological 

networks of the human body. Therefore, it is necessary to evaluate the methods on data that is 

biologically relevant, to drive the development of the methods in the right direction. The results 

presented herein, suggests how predictions of hubs with current methods could be improved by 

constructing robust community predictions and identifies aspects that should be considered when 

developing future methods, with the goal of contributing to the prediction of biological networks 

that could be used to understand and treat diseases. 
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4.5 Ethical aspects 

E. coli and S. cerevisiae data sets are widely used as model organisms. Model organism are generally 

used to avoid the use of human experiments. The human data used were downloaded from HPA, 

containing protein expressions across 32 human tissues. No information is available that would 

make it possible to connect the samples to any person. The results presented herein, are solely 

meant to be used to better understand biological networks, to develop treatments for diseases. 

4.6 Future aspects 

The results presented herein, has answered some questions but also given rise to some additional 

questions that could be the ground for future studies. Three improvements to the herein conducted 

analysis could be considered: 1) Since the outdegree of TFs is non-linearly distributed in biological 

networks, calculating the correlation directly between the outdegree of TFs in the predicted 

networks and the gold standard could be a better approach than first ranking the TFs on outdegree. 

2) A few more methods should be applied on the HPA data and combined into hub communities to 

clearly see that a steady value is reached. 3) The PCA method needs to be performed on more data 

sets to prove its use for predicting hubs.  

 

Furthermore, based on the community predictions presented herein, a tool could be developed for 

the prediction of hubs, that makes community predictions of hubs by combining the predictions 

from several (~6-7) network inference methods. Moreover, there are other definitions of hubs that 

could be used to identify hubs in networks, which might lead to improved predictions. Community 

predictions for hubs can be made with other approaches, as for example hubs predicted by the most 

methods could be considered community hubs. Also, it could be investigated if the prediction of 

false hubs is caused by for example cascades or nonlinear interactions, which could be considered 

when further developing network inference methods. The difference between in silico and E. coli 

expression data could be further studied, to improve the in silico networks. Lastly, there are several 

other topological properties that might be of biological interest, that could be investigated, such as 

modules. If other topological properties are assessed, it might be possible to determine if any 

individual methods are better at predicting certain properties or if community predictions are the 

most robust approach in all instances.   
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Appendix 
 

A1 Process 
The purpose stated at the beginning of this degree project was to assess the ability of network 

inference methods to predict topological properties of gene regulatory networks (GRNs). We 

hypothesised that the methods could yield valuable information of GRNs by being able to predict 

robust topological properties, where hubs would be of particular interest in this project. The 

ultimate goal was to be able to answer which method or group of methods that were suitable for 

predicting certain properties of a network.  

 

Some milestones were set up in the beginning of the project. The degree project was to be 

completed during the months from April to October. During the first week a literature study would 

be conducted to assess current prior knowledge. The project would then be conducted with 

continuous follow-up with supervisor. A mid-way assessment would take place in August where the 

progression of the project relative to the planning report would be assessed. The thesis was to be 

written continuously during the project, with the main workload conducted in the second half of the 

project. A final version of the thesis, along with an oral presentation of the project, should be 

completed in October.  

 

The purpose of the project was intentionally left relatively open, to allow for a result based 

approach. The results were continuously discussed with supervisor and examiner during the project, 

were the best way to proceed was determined, continuously with the overall goal in mind. The 

project was in the beginning not limited to evaluating hubs, but other topological properties were 

also up for discussion, such as modules. However, during the project it was decided to limit the 

evaluation to only hubs, since the results continuously led to interesting questions to answer. Figure 

A1 shows the workflow of the project, starting with a hypothesis. An analysis was conducted to 

investigate the hypothesis. The results of the analysis were evaluated and discussed with the 

supervisor and examiner, resulting in one of two outcomes. Either to continue with the analysis with 

some changed parameters or the results from the analysis were satisfying. In the case of satisfying 

results, it was decided to move on to the next step with an additional hypothesis, until the overall 

purpose of the project was completed. At the end of the project, the overall purpose was reached, 

and the milestones were fulfilled.  

 
Figure A1: The workflow of this degree project.   
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A2 Results 
 

 
Figure A2: The degree distribution of the in silico gold standard, where a) shows the cumulative sum as a 

function of outdegree, and b) shows the log cumulative sum as a function of the log outdegree. The red lines in 

a) and b) represents the threshold were 10% of the TFs, with the largest outdegree, are hubs.  

 

 

Figure A3: The degree distribution of the S. cerevisiae gold standard, where a) shows the cumulative sum as a 

function of outdegree, and b) shows the log cumulative sum as a function of the log outdegree. The red lines in 

a) and b) represents the threshold were 10% of the TFs, with the largest outdegree, are hubs.  
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Figure A4: The hub community predictions with standard deviations for the in silico data set where a) shows 

hub community and b) shows community network. The standard deviation is represented by boxes. The blue 

lines in the boxes are the median value. The red curve shows the mean performance. 

 

 

 

 
Figure A5: The hub community predictions with standard deviations for the E. coli data set where a) shows hub 

community and b) shows community network. The standard deviation is represented by boxes. The blue lines 

in the boxes are the median value. The red curve shows the mean performance. 
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Figure A6: The mean performance of the a) in silico and b) E. coli hub communities. The red curve shows the 

mean performance when methods are combined randomly but according to group. The blue curve shows the 

mean performance when methods are combined completely random.  

 

 

 

 
Figure A7: The hub community with standard deviations for the HPA data set. The standard deviation is 

represented by boxes. The blue lines in the boxes are the median value. The red curve shows the mean 

performance. 
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Figure A8: The clustered covariance matrix of the expression data for TFs of the in silico network. The hubs 

from each predicted network are marked with black dots to the left, where each vertical line represents one 

method. The green dots are gold standard hubs.  
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Figure A9: The clustered covariance matrix of the expression data for TFs of the E. coli network. The hubs from 

each predicted network are marked with black dots to the left, where each vertical line represents one 

method. The green dots are gold standard hubs. 


