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ABSTRACT: The metabolome comprising low molecular 
weight components of the body represents the third level of 
phenotypic expression subsequent to the transcriptome and 
proteome. Integration of metabolomics into systems 
biology approaches together with genomic and 
conventional phenotypic information offers the perspective 
for a comprehensive understanding of genetic variation of 
complex traits in livestock. This is exemplarily 
demonstrated for bovine growth and body composition. 
Whereas the Gonadotropin releasing hormone (GnRH) had 
been well known for its relevance regarding onset of 
puberty, our analyses revealed that the GnRH signaling 
pathway is presumably also a major determinant of genetic 
variance of body weight gain at puberty. For a genomic 
locus comprising the NCAPG gene, which is relevant to 
pre- and/or postnatal growth in many mammalian species, 
the metabolomic analyses suggested modulation of growth 
and body tissue deposition by indirect effects on the nitric 
oxide (NO) pathway via arginine metabolism. 
Keywords: metabolomics; systems biology; NCAPG, 
growth; Cattle 
 

Metabolomics 
 

The metabolome represents the ensemble of all 
small molecules (metabolites) that are processed by the 
body’s enzymes and transporter proteins (Suhre and Gieger 
2012). The metabolome comprises the third level of 
phenotypic expression of the genomic blueprint subsequent 
to the transcriptome and proteome. Regarding genetic 
analyses, metabolites are an intermediate phenotype, 
because they are closer to the final classical phenotypes 
routinely measured in animal production compared to 
transcriptome or proteome. Metabolic phenotypes provide a 
more specific picture of distinct genetically modulated 
physiological processes than the conventionally measured 
production phenotypes that are the result of a large number 
of physiological processes. 

 
Metabolomics takes advantage of the recent technological 
advances in the analytics of body fluids and tissues by 
means of nuclear magnetic resonance (NMR) spectroscopy, 
mass spectrometry (MS) or high-performance liquid-phase 
chromatography (HPLC) (Suhre and Gieger 2012). These 
new analytical capacities enable parallel quantification of 
several hundreds of metabolites from a limited amount of 
sample. Metabolomics in livestock production is well-
established for many non-genetic applications, e.g., control 
of drug abuse, control of embryo and oocyte quality in 
reproductive processes or for detection of product origin of 
food (Kühn 2012). Only recently, however, metabolomics 
also received growing attention in Physiological 

Genomics/Genetics due to its potential to provide deep 
phenotypes for a refined description of the physiological 
condition of an individual. Houle et al. (2010) already 
reviewed the importance of measuring several phenotypic 
levels for building and confirming causal models of 
genotype-phenotype associations. Kühn and colleagues 
(Kühn et al. 2002) stated that a complex study design 
combining genetic, physiological and biochemical 
parameters would provide a better understanding of the 
causative mechanisms underlying nutrient transformation in 
cattle. 

  
Genetic variance and appropriate analytical 

methods are required to integrate metabolomics into the 
studies on the genetic and physiological background of 
complex traits, e.g., mammalian growth. Large scale NMR 
or MS metabolome analyses established heritabilities of 
metabolites at a low to medium level (Wittenburg et al. 
2013, Buitenhuis et al. 2013). 

 
Genotype-environmental interaction of 

metabolomic profiles was described in Arabidopsis (Chan 
et al. 2010). Mittelstrass et al. (2011) reported a sex-specific 
architecture of the human metabolome. Lin et al. (2012) 
described metabolomic differences between growth-
restricted fetal pigs and control piglets during late gestation. 
Thus, any analysis of the metabolome has to be performed 
carefully to exclude non-genetic factors that might dilute 
the signal coming from genetic variation.  

 
In cattle, the primary focus of metabolomic 

analyses had been milk metabolites due to easy access to 
samples. The target of these studies had been on 
physiological processes related to energy metabolism 
during lactation or mastitis (see also Lu et al. 2013, Zhang 
et al. 2013, Sundekilde et al. 2013, Klein et al. 2012).  

 
In pigs, Rohart et al. (2012) applied blood plasma 

metabolomics to obtain biomarker profiles for phenotype 
prediction of carcass traits in pigs. However, they 
exclusively looked at phenotype correlations and observed 
poor predictions of weight traits, although some results 
regarding body composition and feed intake were 
encouraging. 

 
 

 
Application of metabolomic data for the analysis of 

complex traits 
 

Metabolomic data might serve to understand the 
genetic modulation of growth in two different directions. 



On the one hand, data analysis might highlight specific key 
metabolites, which are associated with a potential QTN and 
are known for their physiological significance. This 
approach would provide hypothesis-based information on 
the physiological background of genetically modulated 
growth. The other perspective for exploiting metabolomic 
data is integrating them in systems biology approaches 
looking for networks and pathways relevant for genetic 
modulation of growth. Here, metabolomics, systems 
biology and conventional traits are merged for an improved 
understanding of mechanisms modulating mammalian 
growth. This methodological approach is driven by studies 
in humans showing that the integration of quantitative 
metabolite measurements into genetic analyses represents a 
valuable source for the detection of genes and pathways 
that are implicated in the manifestation of complex traits 
(Suhre and Gieger 2012).   

 
According to Bruggemann and Westerhoff (2007) “systems 
biology addresses the missing links between molecules and 
physiology” with top-down systems biology identifying the 
interaction networks based on the correlated molecular 
behavior observed in genome-wide ‘omics’ studies. In 
livestock, there is a number of studies merging genomic 
and/or transcriptomic and conventional phenotypic data in a 
systems biology approach to reveal pathways and 
regulatory mechanisms, e.g., heifer fertility in cattle or 
plasma cortisol level in pigs (Fortes et al. 2012, Ponsuksili 
et al., 2012). In contrast to livestock, there are many reports 
in human focusing on disease research (e.g., Inouye et al. 
2012) by integrating metabolomic data with genomic 
information. 
 

Bertram et al. (2009) analyzed plasma metabolites 
by means of NMR in young men at the end of puberty and 
did not find any correlation to height or weight. In a 
combined genome-transcriptome-metabolome analysis in 
four Finish cohorts, Kristiansson et al. (2012) found a lipid-
driven association between specific single nucleotide 
polymorphisms (SNPs) and the metabolic syndrome. This 
was unexpected, because the selection of cases had only 
weakly addressed respective blood metabolites, and the 
result enabled new insights into the genetic architecture of 
this disease. Inouye et al. (2012) demonstrated the power of 
multivariate metabolomic data analysis for mapping 
biologically heterogeneous phenotypes. 

 
While amalgamating metabolomic and genomic data is 
already well-established in dissecting complex traits in 
humans, this concept is novel to farm animal species. 

 
The following passages will give examples for 

both methodological approaches which were successfully 
applied to unravel mechanisms driving differential growth 
in cattle. 

 
Exploiting metabolomic data to unravel physiological 

mechanisms driving differential growth in cattle 
 
This novel concept was the first study in livestock 

combining growth and quantitative metabolite 

measurements with SNP genotypes into a single approach. 
The new method was assumed to provide a holistic, 
hypothesis-free analysis enabling the discovery of yet 
unknown networks and functional mechanisms associated 
with genetic modulation of a complex trait. The target of 
the study was the investigation of the genetic background 
regulating the transformation of nutrients into body mass 
accretion in cattle.  

 
Initially, a genomic region in the middle of bovine 

chromosome 6 (BTA6) carrying a major QTL for birth 
weight, a parameter of prenatal growth, was identified 
(Eberlein et al. 2009) in a beef x dairy cattle resource 
population (Kühn et al. 2002). This observation was 
confirmed in several other studies in different cattle 
populations also reporting a locus with effects on prenatal 
growth or on calving difficulty, which is strongly correlated 
to birth weight (Lu et al. 2013, Olsen et al. 2008, Bongiorni 
et al. 2012). After resequencing and haplotype analysis, a 
non-synonymous mutation in the NCAPG gene (I442M) 
stood out as most plausible background for this QTL. 
Expression analysis in fetuses with different genotype for 
the respective mutation confirmed the candidacy of the 
NCAPG gene for prenatal growth (Figure 1).  

 

Figure 1: Additive allele effects of NCAPG I442M and 
GDF8 Q204X alleles on birth weight in a beef x dairy 
cross resource population. 
 

Subsequent studies extended the effect of the locus 
from prenatal to postnatal growth. Comparison of the 
NCAPG I442M effect with a mutation (Q204X) in the 
GDF8 gene, a well-known major locus for bovine growth, 
revealed that both loci exhibited the strongest effect on 
growth during the onset of puberty. This time point is 
known as infliction point of the growth curve in mammals 
(Brody 1945). Effects of the chromosomal region 
encompassing the NCAPG gene on postnatal growth were 
also observed in several other cattle populations (Setoguchi 
et al. 2009, 2011, Snelling et al. 2010, Pryce et al. 2011). 
Even more, the respective syntenic genomic region also 
stood out as genetic modulator of growth in several other 
mammalian species including human, horse and pig (Okada 
et al. 2010, Signer-Hasler et al. 2012, Tetens et al. 2012, 
Rubin et al. 2012). Common to the GDF8 Q204X and the 
NCAPG I442M mutations was a decreasing effect on body 
fat deposition at 18 month of age (Figure 2).  

 
 



 
Figure 2: Additive allele effects of NCAPG 442M and 
GDF8 204X alleles associated with increased growth at 
the onset of puberty on the proportion of subcutaneous 
fat to carcass weight at 18 months of age in a beef x 
dairy cross resource population. 
pnominal: nominal significance, FDR: false discovery rate 
 

But comparison of the specific effects of the 
mutations in the NCAPG and GDF8 genes revealed that 
they address different aspects of mammalian growth. The 
GDF8 Q204X mutation exerted effects primarily on muscle 
growth as expected from the effects of the myostatin 
protein encoded by GDF8. However, no effects could be 
detected on, e.g. growth of the inner organs. In contrast to 
that, the NCAPG I442M mutation affected all investigated 
parts of the body including, e.g. kidney (Figure 3). 

 

 
Figure 3: Additive allele effects of NCAPG 442M and 
GDF8 204X alleles associated with increased growth at 
the onset of puberty on the proportion of kidney weight 
relative to carcass weight at 18 months of age in a beef x 
dairy cross resource population. 
pnominal: nominal significance, FDR: false discovery rate 
 

 
While the effect of the chromosomal region 

encompassing NCAPG on pre- and postnatal growth was 
well-established, the mechanism resulting in this major 
effect was unknown. Due to the poor functional annotation 
of NCAPG in mammalian metabolic pathways, hypotheses-
free approaches were required for elucidating the potential 
role of NCAPG in regulating mammalian growth. 

 
To this end, the newly available techniques of 

metabolomic screening were applied to the resource 
population taking specific care to avoid any environmental 

or technical bias. A total of 201 metabolites (Figure 4) were 
successfully quantified from whole blood serum of fastened 
bulls at the most relevant time point for genetically 
divergent growth, the onset of puberty (Weikard et al., 
2010). 

 

 
Figure 4: Overview of the categories of the 201 
monitored metabolites determined in plasma of bulls at 
the onset of puberty. 

 
These metabolite data were then initially included 

into a targeted association study of the SNPs strongly 
associated with postnatal growth NCAPG I442M and 
GDF8 Q204X to detect (NCAPG) or add (GDF8) 
information on the mode of action that these loci might 
exert regarding the metabolic profile. The comparison of 
results clearly showed that the allele NCAPG 442M 
promoting growth during puberty is associated with 
increased plasma arginine levels (Figure 5, Weikard et al. 
2010).  

 

 
Figure 5: Additive allele effects of NCAPG 442M and 
GDF8 204X alleles associated with increased growth at 
the onset of puberty on plasma arginine level at the 
onset of puberty in a beef x dairy cross population. 

 

Parallel analysis of the GDF8 Q204X locus 
indicated that the increased arginine level associated with 
NCAPG I442M was not result of an unspecific growth-
related effect. Arginine supplementation during pregnancy 
is known to alleviate the intrauterine growth retardation 
syndrome (Wu et al. 2009) and was associated with 
increased growth velocity in prepubertal children (van 
Vught et al. 2013). In contrast, the allele GDF8 204X 



promoting growth during puberty is associated with 
decreased plasma free carnitine levels (Weikard et al. 
(2010). Parallel analysis of the NCAPG I442M locus 
indicates that decreased free carnitine level associated with 
GDF8 Q204X is not result of an unspecific growth-related 
effect. For carnitine, there is a controversial discussion 
regarding potential effects of L-carnitine supplementation 
on protein accretion and lipid deposition (Owen et al. 2001, 
Lösel et al. 2009). This targeted, reductionist approach 
yielded insights into potential pathways through which the 
growth modulation locus on BTA6 might exert effects on 
the target trait, and the data also provided experimental 
support for the functional annotation of the NCAPG gene in 
mammals.  

This first reductionist analysis applying 
metabolomic data for dissecting mammalian growth was 
subsequently complemented by a holistic fully hypotheses-
free approach merging genomic, metabolomic and 
conventional target trait data (average daily gain in the 
interval six – nine months of age, weight at nine months of 
age) in a systems biology approach (Figure 6, Widmann et 
al. 2013).  

 

 
Figure 6: Workflow of the systems biology approach 
merging genomic, metabolomic and conventional 
phenotypic data by association weight matrix (AWM) 
and Partial Correlation Information Theory (PCIT). 
Key 1: key conventional target trait (average daily gain), key 2: key 
conventional target trait 2 (weight at 9 months of age), Aux 1 to Aux n: 
auxiliary traits: plasma concentration of selected metabolites representing 
the high complexity of the full metabolomic data set. 

Following the idea of Fortes et al. (2010), key 
traits (average daily gain at puberty and weight at 9 months 
of age) and auxiliary traits (selected from the total set of 
metabolites to represent a high data complexity) were 
included in genome wide association studies (GWAS). An 
association weight matrix (AWM) was built up from the 
respective GWAS results and represented the starting point 
for subsequent application of Partial Correlation 
Information Theory (PCIT) calculating significant gene-
gene interactions. These interactions were visualized in a 
network, which was subsequently analyzed for highly 
connected hubs, significantly enriched GO terms and 
KEGG pathways. For this purpose either the whole growth-
related network or the sub-networks specific for NCAPG 

and GDF8 were investigated. The first network yielded a 
general complex picture of important mechanisms 
responsible for genetically divergent growth at puberty, the 
latter extended the knowledge about the NCAPG and GDF8 
functions related to growth at puberty. For the whole 
growth network, a key role for the GnRH- signaling 
pathway was established from our data. Not only was this 
pathway highly significantly enriched with genes associated 
with key or auxiliary growth traits (Table 1), but it also had 
strong interactions with the central hubs in the growth 
network represented by BTC and DGKH.  

 
Table 1: Significantly enriched KEGG pathways with 
genes from the whole growth network obtained by 
DAVID analysis 
Pathway P value 
GnRH signaling 5.0 * 10-3 
Vascular smooth muscle contraction 2.8 * 10-2 
Gap junction 2.3 * 10-2 
 
 

As with the targeted metabolomic association 
study, comparison of the NCAPG and the respective GDF8 
growth-related sub-networks showed that both networks are 
really gene-specific and not results of general growth-
related mechanisms. For NCAPG, the network analysis 
provided further indication supporting the previous 
hypothesis that NCAPG might exert its effects via arginine, 
nitric oxide (NO) and the subsequent effects on energy 
metabolism, cell growth and vascular smooth muscle 
contraction regulating peripheral blood flow. This truly 
holistic network analysis supported the initial hypothesis of 
our previous study (Weikard et al. 2010) postulating that 
the increased arginine plasma levels associated with the 
growth-promoting NCAPG 442M allele are directed into 
NO synthesis and are not converted by arginase. Analysis 
of plasma arginine at day 240 and average daily gain in our 
resource population revealed a significant positive 
phenotypic correlation between both traits (Figure 7).  
 

 
Figure 7: Phenotypic correlation between plasma 
arginine at 240 days of age and average daily gain from 
6 – 9 months of age (spearman correlation coefficient 
0.38, p<0.0001). 
 



An alternative mechanism how the NCAPG 442M 
allele and its associated elevated plasma arginine levels 
might act is via insulin, because plasma insulin:glucagon 
ratio increased after intrajugular arginine infusion in 
growing calves (Sano et al. 1999). Thus, it might also be 
expected that glucose uptake into insulin-sensitive tissues is 
increased. This would fit the observation that the NCAPG 
I442M variant was not only associated with pre- and 
postnatal growth, but also with residual feed intake 
(unpublished data).  

 
It has to be highlighted that the increased arginine 

levels associated with the NCAPG 442M allele are intrinsic 
to the animals and are not the result of external modulation 
of arginine supply. Postruminal infusion of arginine into 
fistulated dairy cows did not affect plasma arginine or milk 
yield indicating that non-parenteral external arginine supply 
might not be a limiting effect for plasma arginine in the 
adult cow (Haque et al. 2013). Sano et al. (1999) concluded 
that, arginine may have different functions in relation to 
insulin and glucagon secretion in lactation and 
development. 

 
Conclusion 

 
In summary, merging metabolomics data with 

genomic and conventional phenotypic information in a 
systems biology framework can contribute novel insights 
into the detailed molecular background of complex traits 
also in livestock species. This is exemplified in our study 
on divergent growth at the onset of puberty by taking 
advantage of an innovative study design combining 
genetics and metabolomics. 
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