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ABSTRACT: Most biological processes, like the 
production of milk in cattle, are the consequence of a 
complex network of interacting genes. The data-driven 
inference and analysis of regulatory networks is a crucial 
step towards a better understanding of such complex 
phenotypic traits. It is therefore one of the main challenges 
in computational systems biology. We aim for a more 
reliable and robust network reconstruction. To this end, we 
developed a consensus-driven approach to decipher 
regulatory relationships from gene expression patterns. We 
applied this approach to microarray gene expression data 
from three different tissues of early lactating cows. In this 
way, we inferred a core transcriptional regulatory network 
with interactions between putative transcription factors and 
target genes. In a subsequent network analysis we identified 
several hub genes, each regulating more than hundred target 
genes. 
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INTRODUCTION 

With the advent of high-throughput technologies, 
transcriptional profiling has been widely used as a tool to 
investigate biological phenomena in lactating cattle (Bionaz 
and Loor, 2008; Bionaz et al., 2012; Weikard et al., 2012; 
Wickramasinghe et al. 2012). The data-driven 
reconstruction and analysis of transcriptional regulatory 
networks is a promising approach to elucidate complex 
molecular mechanisms, like the milk synthesis in cattle, by 
exploring the underlying interplay of genes (de la Fuente 
2010). Even though a plethora of methods using diverse 
conceptual ideas has been developed in the last decade, the 
reliable reconstruction of gene regulatory networks remains 
a major challenge. 
In the present study, we inferred a core transcriptional 
regulatory network based on mRNA expression patterns. 
These were obtained from three tissues of F2 cows from an 
experimental population of a cross between German 
Holstein and Charolais. It has been shown that the 
aggregation of multiple network predictions can be 
beneficial (Marbach et al., 2012). We developed a two stage 
aggregation scheme to combine the output of multiple 
inference methods. In the first stage, we inferred tissue-
specific regulatory networks for the adrenal cortex, the 
mammary gland and the liver. In the second stage, we built 
a core network by combining all three tissue-specific 
networks obtained in the first stage. The workflow for our 
approach is illustrated in Figure 1. 

 

MATERIALS AND METHODS 
Data. We analyzed gene expression data of 86 

early lactating cows from a F2 resource population 
established by crossing German Holstein and Charolais 
(SEGFAM; Kühn et al., 2002). Using Affymetrix 
GeneChip® Bovine Genome Arrays, gene expression levels 
were profiled across three tissues: mammary gland, liver 
and adrenal cortex. The data were quality checked, 
normalized and filtered. Additionally, the probesets were 
matched to unique genes whose expression values were 
adjusted for random effects of sire and dam as well as for 
fixed effects (age, season x year at slaughtering day). After 
pre-processing, tissue-specific expression levels of 4,900 
genes across 74 samples (i.e., cows) remained. Data and 
pre-processing will be described in more detail in a 
manuscript to be published.  

Selecting putative transcription factors (TFs). 
We selected 65 putative TFs based on the Gene Ontology 
(GO) terminology as provided by the Affymetrix bovine 
annotation data using the R-package ‘bovine.db’ (version 
2.10.1). A gene was considered a putative TF if it met two 
criteria: First, it had to be annotated with at least one of the 
two biological processes ‘mRNA transcription’ 
(GO:0009299) or ‘transcription, DNA dependent’ 
(GO:0006351). Second, it had to be annotated with the 
molecular function ‘DNA binding’ (GO:0003677) or any of 
its child terms. 

Applying methods for network inference. For 
each tissue, we applied six network inference methods to 
predict pairwise gene regulatory relationships. Among these 
one regression-based method, namely GENIE3 (Irrthum et 
al., 2010), three mutual information-based methods, namely 
CLR (Faith et al., 2007), MRNETB (Meyer et al., 2010) 
and mutual information, and two correlation-based 
methods, namely partial correlation and biweight 
midcorrelation (Langfelder and Horvath, 2012). For the two 
correlation-based methods and the mutual information, we 
performed a subsequent column-wise Z-score scaling to 
favor specific directionality of the interactions. Each 
method output a list of interactions ranked according to a 
confidence score. The higher this score, the more likely the 
interaction is to be present in the network. We here 
assumed that interactions can only exist either between a 
TF and target gene or between two TFs. Note that all 
measured genes that were not considered putative TFs, 
were assumed to be target genes. This lead to 322,985 
theoretically possible interactions within the network to be 
inferred.  

The data-driven predictions of network inference 
methods were obtained from R (R Core Team (2013), 
version 3.0.2) implementations of the respective algorithms 



with default parameter settings. The partial correlation was 
calculated with the ‘corpcor’ R-package (version 1.6.6). 
MRNETB and CLR were run using the ‘minet’ R-package 
(Meyer et al., 2008). GENIE3 was run by utilizing R as a 
GenePattern client. 

Constructing a core network. We aggregated the 
ranked interaction lists obtained from the data-driven 
predictions using a two-stage strategy. First, all ranked 
interaction lists of the same tissue were aggregated using a 
weighted Borda count (Marbach et al., 2012). The 
GENIE3-ranking was assigned a weight of 2, since 
GENIE3 has been shown to perform superior to other 
approaches (Marbach et al., 2012). All other rankings were 
assigned a weight of 1. Second, we aggregated the three 
tissue-specific rankings using another round of Borda count 
to construct one consensus ranking.  

The consensus ranking was pruned by including 
only a percentage of the top-ranked interactions. This 
percentage was chosen such that the in-degree distribution 
of the pruned network was well fit by an exponential 
distribution. This property has been observed in 
transcriptional regulatory networks of other organisms 
(Guelzim et al., 2002; Balaji et al., 2006). 

 
RESULTS AND DISCUSSION 

We inferred a core transcriptional regulatory 
network based on microarray gene expression data of early 
lactating cows. We analyzed mRNA expression patterns 
from three different tissues and combined putative 
transcriptional regulations. More confidence can be placed 
in regulatory interactions  consistently confirmed in 
different tissues. 

To evaluate the performance of our network 
inference approach, knowledge about the true underlying 
network (i.e., a gold standard) is required. For bos taurus 
such a gold standard is currently not available. However, 
the DREAM initiative provided internationally accepted 
gold standards for E.coli, S.aureus and S. cerevisiae. We 
are currently comparing the performances of several 
aggregation algorithms for network inference on these gold 
standards (publication in preparation). Based on our 
preliminary results and previously published findings 

 
Figure 1: Workflow for the inference of a core 
transcriptional regulatory network from microarray 
gene expression data. Dashed and solid arrows in black 
indicate the inference of undirected and directed 
interactions, respectively. 

 
Figure 2: Core transcriptional regulatory network in 
cows. A: Graphical representation of the inferred network 
consisting of 65 TFs (red circles), 1,866 target genes (blue 
circles) and 2,500 transcriptional interactions (green lines). 
The darker the line, the higher the score of the interaction. 
B: Distribution of the number of TFs per target gene. The 
in-degree distribution approximately follows an 
exponential distribution.  
 



(Marbach et al., 2012), we decided to incorporate the Borda 
count aggregation in the here presented workflow (see 
Figure 1). 

The inferred core network consists of 65 TFs, 
1,866 target genes and 2,500 interactions (see Figure 2). 
The number of regulating TFs per target gene follows an 
exponential distribution. As shown in Figure 2, most of the 
target genes are regulated by only one or two TFs and only 
a few are regulated by three to five TFs. A similar property 
is observed for the number of target genes per TF: Whereas 
70% of the TFs have less than 30 targets, 10% of the TFs 
are hubs regulating more than 100 target genes each. The 
latter account for approximately half of the interactions in 
the inferred core network. The seven hub genes are Sp2 
transcription factor (SP2), activating transcription factor 1 
(ATF1), THAP domain containing 11 (THAP11), cAMP 
responsive element binding protein-like 2 (CREBL2), X-
box binding protein 1 (XBP1), homebox A5 (HOXA5), cell 
division cycle 5-like (CDC5L). The BioGRID interaction 
data for bos taurus (version 3.2.111), does not contain 
interactions involving these hub genes. However, only 344 
interactions are listed for bos taurus. Thus, our inferred 
core network together with a thorough functional analysis 
can serve as a starting point to extent our knowledge about 
transcriptional regulations in cattle. 

 
CONCLUSION 

Previous studies mainly focused on the 
identification of tissue-specific gene expression alterations 
to investigate complex phenotypic traits in lactating cows 
(Weikard et al., 2012). Here, we present an approach to 
unveil interactions and mechanisms conserved across 
different tissues. Our consensus approach for a data-driven 
inference of transcriptional regulatory networks 
compensates the limitations associated with each single 
inference method and benefits from their individual 
strengths (Marbach et al., 2012). 

There are certainly numerous ways of refining our 
strategy of network reconstruction in future. For example, 
the integration of prior biological knowledge into the 
network inference process can be beneficial. However, the  

inferred network can still contribute to a better 
understanding of the transcriptional regulations underlying 
essential molecular mechanisms in early lactating cows. 
Furthermore, the network can assist in supervised analyses 
as, for example, in the discovery of biomarker signatures. 
We expect that a subsequent functional analysis of the 
network will supplement the findings of previous studies 
investigating the molecular mechanisms and regulations in 
lactating cows (Weikard et al., 2012; Loor et al., 2013). 
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