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ScienceDirect
Considerations when choosing a genetic model
organism for metabolomics studies
Laura K Reed 1, Charles F Baer2 and Arthur S Edison3
Model organisms are important in many areas of chemical
biology. In metabolomics, model organisms can provide
excellent samples for methods development as well as the
foundation of comparative phylometabolomics, which will
become possible as metabolomics applications expand.
Comparative studies of conserved and unique metabolic
pathways will help in the annotation of metabolites as well as
provide important new targets of investigation in biology and
biomedicine. However, most chemical biologists are not
familiar with genetics, which needs to be considered when
choosing a model organism. In this review we summarize the
strengths and weaknesses of several genetic systems,
including natural isolates, recombinant inbred lines, and
genetic mutations. We also discuss methods to detect targets
of selection on the metabolome.
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metabolome to the ultimate phenotype makes it an
especially good measure of an organism’s physiology
[1]. Metabolomics is still in its early stages and has
many unsolved challenges, such as chemically identifying
metabolites [6]. The chemical diversity of the metabolome — which includes both endogenous and environmental sources such as food, microbes, and toxins — is
vast [7], and the concentration range of metabolites
spans about 12 orders of magnitude. Presently, no single
technology is capable of a complete identification and
quantification of the metabolome.
Model organisms were important for completing the
human genome. They were used for developing new
DNA sequencing technologies, data analysis techniques,
and overall project organization [8]. Model organisms also
have an important role in metabolomics in technique
developments (e.g. [9–11]). And just as the annotation
of genomes has been accelerated by comparative phylogenomics [12], similar advances will undoubtedly come
through model organisms and ‘phylometabolomics’ [13].
An interesting recent example of the power of phylometabolomics was the finding that human subjects suffering
from chronic fatigue syndrome have metabolomic profiles
similar to the dauer phenotype in Caenorhabditis elegans
[14]. Also, by taking an evolutionary approach, we will
identify metabolites most critical to survival by determining which metabolites are experiencing selection.
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Introduction
Metabolomics is an essential component of systems biology and is at the forefront of precision medicine [1]. The
process by which genetic information (DNA) is transmitted into a measureable phenotype (e.g. disease) works
through a cascade of physiological levels, each of which
affects the ultimate phenotype (Figure 1). Like all physiological levels, the metabolome is highly influenced by
genetic, environmental, and genotype-by-environment
interactions [2,3,4,5]; however, the proximity of the
www.sciencedirect.com

Many choices are possible in metabolomics studies with
model organisms, including the organism itself and the
genetic system. The choice must be driven by the scientific question. Here we provide an overview of the
strengths and limitations of different types of organisms
and genetic systems, especially when the goal is to
associate variation in the metabolome with specific factors
within the genome (e.g. genes). We focus on potential
metabolomics applications in model organisms that we
suspect will soon have broad utility. Our areas of expertise
are flies (Drosophila melanogaster) and worms (C. elegans),
so these receive most of the emphasis, but we try to
highlight important aspects of other systems.

The purpose(s) of model organisms
Model organisms serve two purposes in biology. First,
they are employed as a proxy for a specific organism when
it is impractical to address a question in that organism. In
the case of biomedical research, the organism of interest is
usually humans. For genetic questions, humans are difficult to study because, firstly, one cannot study a specific
Current Opinion in Chemical Biology 2017, 36:7–14

8 Omics

Figure 1
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Sources of interesting biological variation that contribute to observable
phenotypes. The components of a system in a population of
organisms include: genetic variation (hard coded genetic information in
DNA), the epigenome (controls on how and when the genetic
information is expressed), the transcriptome (all of the RNA gene
transcripts), the proteome (the complete set of proteins translated and
subsequently modified from the RNA transcripts), the metabolome (all
the small molecule chemical compounds from both endogenous and
exogenous sources). To understand complex traits, including disease,
ultimately we have to understand each ‘omics’ level, how it evolves,
and the mechanisms by which it can be perturbed. Phenotypic
variation derives not only from genetic variation but also from the
environment that can introduce both predictable and random
perturbation (lightning bolts) of the physiological system. Metabolic
homeostasis is achieved through interactions between different
physiological or ‘omics’ levels within an organism, including regulatory
feedback (curved arrows) and the fitness effects on the evolutionary
genetics of the species. Each physiological level is likely to have a
distinct reaction to environmental perturbation and thus needs to be
understood as part of a larger system to predict the phenotypic
consequence.

gene while controlling the rest of the organism’s genetic
background and secondly, it is extremely difficult to
unambiguously separate the effects of genes from effects
of the environment. Interactions between genes within a
genome (epistasis) and genotype-by-environment interactions are unavoidable, thus carefully constructed
experimental systems must be used to control for these
non-linear effects. In model systems, replicates of specific
genotypes can by systematically tested across different
environments to characterize how certain genes interact
with the environment through the metabolome (Figure 2).
Second, model organisms serve as a proxy for living
organisms in general since a large number of scientists
working on the same organism will make more progress
toward understanding the fundamental properties of
biology than will the same number of scientists working
Current Opinion in Chemical Biology 2017, 36:7–14

on a diversity of organisms. For that reason, many biologists have converged on a small number of organisms to
serve as models — especially mouse and rat (Mammal),
Xenopus and Zebrafish (Vertebrate), D. melanogaster and
C. elegans (animal), Arabidopsis thaliana (plant), Saccharomyces cerevisiae (Eukaryote), Escherichia coli (Eubacteria,
Prokaryote). However, there are also many questions in
biology for which a model organism may not be appropriate, such as exploring the metabolic mechanisms
of ecological specialization, identifying novel natural
products, or evolution of development; such questions
require the use of specific organisms (e.g. [15–20]).

Choosing a model organism and genetic
system
A tradeoff in the choice of a model organism is whether it
is critical to be able to attribute the phenotype in question
to an individual or a population. If the former, systems in
which metabolomics of individual organisms is not yet
experimentally tractable (e.g. yeast, C. elegans) are not
appropriate. The choice of organism should also reflect
the level of the research question. For example, if the
metabolic pathway of interest is evolutionarily conserved
across all eukaryotes then yeast might be the most expedient model. However, if you need to know how metabolic processes are coordinated between two distinct
vertebrate tissues then zebrafish or mice would be appropriate.
There are several genetic approaches that can be used to
associate metabolites with genes, and they each have
specific advantages and disadvantages (Table 1). We
know the metabolome can vary greatly among genotypes
within a species as well as across environments
[2,3,4,5], and using genetically characterized models
can assist in identifying the differences in the metabolome due to genetic and environmental effects (Figure 2).
Many model organisms can be genetically engineered to
test specific mechanistic questions, and panels of lines
bearing mutations distributed across the model’s genome
are easily obtained (e.g. [21–25]). Other resources can
capture natural genetic variation to map genetic effects on
the metabolome. It is our belief that systematic comparisons between genes and metabolites for many organisms
will not only enhance our understanding of evolution and
biology but will also be a very powerful aid in the
identification of unknown metabolites.

Natural isolates
Medical genetics is essentially a study of natural human
isolates: we are outbred and our environments are not
controlled. Although most work with model organisms is
done on a few standard stocks and the mutants derived
from them (especially when the candidate genetic pathway is known a priori), it is often useful to characterize the
genetic variation in natural populations. Wild isolates
must acclimate to the lab for several generations to
www.sciencedirect.com
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Figure 2
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The genetic basis for variation in the metabolome can be identified by several strategies. The metabolome is symbolized here by small colored
nodes for metabolites with edges between the nodes indicating a gene function that links two metabolites (e.g. an enzyme). The color of the larger
circles containing the metabolome represents the phenotype of the organism. (a) A natural population exhibits inter-individual variation in the
structure of their metabolomes and resulting phenotypes due to a combination genotype (a, b, or g) and environmental (1, 2, or 3) effects. (b) The
relative contribution of genotype and environment to metabolome variation can be identified by systematically testing the distinct genotypes (a, b,
and g) across each of the three environments. This can be a powerful way to map the genes contributing to metabolome variation in natural
isolates and recombinant inbred lines (RILs). (c) Systematic mutation of the genes (red X) contributing to the metabolome can identify which are
most critical to maintaining the organism’s phenotype when compared to the wildtype (a) genetic control (e.g. orange vs. blue phenotype).
(d) Artificial selection exposes a genetically variable population to a selective force such as a novel environment that selects for a phenotype and
underlying metabolome controlled by particular genes. By analyzing how the metabolome network adapts one can identify especially important
components (e.g. new connection between the blue and orange metabolites). (e) Mutation accumulation (MA) experiments allow a wildtype
progenitor genotype (a) to progressively acquire mutations that are largely deleterious. The comparison between the wildtype and MA lines allows
for the identification of especially critical genetic controls and the overall robustness of the metabolome (e.g. blue vs. pink phenotypes).

remove residual transgenerational environmental effects
carried from the field. A large panel of wild isolates will
capture a much broader spectrum of genetic variation
than exists in standard lab stocks, which suffer from small
population size and adaption to the lab environment.
Most model organisms are widespread in nature and
can be easily collected, making it feasible to obtain large
panels of wild isolates to map with high resolution,
sometimes even finding the causal genetic variant. Also,
each genetic isolate can be systematically tested across
different environments to estimate the relative contributions of genetics and the environment to metabolome
variation (Figure 2b). Many model organisms have
extensive collections of natural isolates [26–30,31,32].
www.sciencedirect.com

In Drosophila, the Drosophila Genetic Reference Panel
(205 lines) represents genetic diversity within one wild
population [27,30], while the Global Diversity Lines
include 84 isolates from five continents [33]. Global
diversity is also represented in the RegMap panel in
Arabidopsis (1307 isolates), in C. elegans (200 lines),
in E. coli (202 strains) and yeast (36 S. cerevisiae and
35 S. paradoxus lines) [26,28,31,32,34].
One key consideration is the mating system. Upon collection if individual genomes are to be preserved as a unit
for genetic mapping, they must be maintained as isofemale lines by selfing or sib-mating. Isofemale lines quickly become homozygous. Naturally selfing organisms like
Current Opinion in Chemical Biology 2017, 36:7–14
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Table 1
Strengths and weaknesses of some genetic systems
Strengths

Weaknesses

Natural isolates (inbred)

1. Using what evolution provides in natural populations
2. Heterozygosity can be restored with genetic crosses
3. Better able to localized causal genetic variants.

Recombinant inbred lines (RILs)

1. Powerful for genetic mapping to the genomic
neighborhood of causal variants
2. Heterozygosity can be restored with genetic crosses

Genetic mutations
(‘nearly isogenic lines’, NILs)

1. Many available
2. Can make more with gene editing tools
3. Can target specific genes
1. Provide a nearly unbiased sample of the genetic
variation introduced by mutation

1. Critical genes are harder to study
2. Need large numbers of isolates to find
causal variants
3. Homozygosity leads to removal of natural
deleterious recessive alleles
1. Lacks representative genetic variation
2. Isolating specific causal genetic variant
difficult, homozygosity represents an artificial
genetic architecture
3. Need large numbers of replicates
1. Often different genetic backgrounds
2. Labor intensive to create

Type

Mutation accumulation lines (MA)

yeast, C. elegans and Arabidopsis are highly homozygous in
nature, and inbred laboratory populations will reflect the
natural condition. On the other hand, flies, mice and
zebrafish are naturally outbred and thus heterozygous
at many loci in the wild, but with inbreeding in the lab
deleterious mutations will be underrepresented because
recessive mutations will be exposed to purifying selection. That distinction will be important to evolutionary
biologists, but perhaps less so to biomedical researchers
whose primary interest is likely to be in associating genes
with phenotypes. If heterozygous effects are of interest,
inbred lines can be crossed to a standard stock or each
other and the phenotype measured in F1s.
In contrast to humans, where there are now studies
encompassing thousands of individuals with the advent
of precision medicine initiatives [35–37], studies of
natural genetic variation in the metabolome in model
organisms are in their infancy. Some studies in flies have
included a few tens of wild isolates, targeted toward
capturing the variation among genotypes in the response
to environmental factors. For example, Reed and colleagues quantified substantial genetic and dietary
effects across 187 metabolites in a panel of 20 isofemale
lines, and associated that variation with transcriptomic
and disease phenotype variation [2,3]. Similar smallscale studies were conducted by Promislow and coworkers [38].

Recombinant inbred lines
Recombinant inbred lines (RILs) provide an especially
powerful resource for genetic mapping [39]. RILs are
made by crossing two or more distinct genotypes, then
inbreeding independent lines derived from the F1s (or
more advanced generations) by selfing or sib-mating until
Current Opinion in Chemical Biology 2017, 36:7–14

1. Slow in multicellular organisms
2. Labor intensive
3. Difficult to accumulate on a heterozygous
background or assay when heterozygous
except in Drosophila.

they are nearly completely homozygous. Each RIL genome consists of a unique combination of parental alleles.
RILs have a significant advantage over F2 (or more
advanced) mapping panels because each RIL is essentially a clone, so variation can be cleanly partitioned into
genetic and non-genetic components. As usual, power to
detect associations between genes and phenotype will
depend on the sample size. RILs are especially useful
when the specific genetic pathway responsible for the
phenotype is unknown and one wants to find candidate
genes or genomic regions. Panels of many hundreds or
even thousands of RILs are available for most model
organisms [29,40–44] although as yet there have been
only a few applications to metabolomics.
One good example of this approach was from yeast, where
Breunig et al. examined 74 metabolites in about 100 related genetic strains and found that a gene for cell signaling
(ira2) also had a large influence on central carbon metabolism [45]. The power of a large panel of RILs to
identify the architecture of quantitative traits was
demonstrated by Kruglyak and collegues when they
characterized the additive and epistatic genetic effects
on growth rate across 1008 RILs in 46 chemically distinct
environments [43].

Genetic mutations
Genetic model organisms all have extensive collections of
mutations, perhaps their most well-known attribute. The
primary advantage of genetic mutations is the ability to
examine directly the function of a specific gene or pathway by comparing a mutant with a reference strain
(Figure 2c). Care must be taken to control for genetic
background in which the mutations lie. Mutant strains
are available for a small fee from major stock centers
www.sciencedirect.com
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(e.g. http://modelorganisms.nih.gov). A nice example of
this approach applied to the metabolome in C. elegans
demonstrated the role of peroxisomal b-oxidation in the
biosynthesis of ascarosides [46,47]. The Schroeder laboratory has developed an effective method called DANS
(Differential Analysis by 2D NMR Spectroscopy) to
compare NMR data to uncover metabolite differences
between two genetic strains [48].
Mutations can be made through chemical mutagenesis or,
more recently, through gene editing technologies such as
CRISPR/Cas9 [49,50] or RNAi [51,52]. These newer
technologies have made it possible to manipulate the
‘genetic characteristics’ of an organism directly, thus
making it possible to test modification in the same genomic location across many different genetic backgrounds.
A number of studies have shown that a single genetic
manipulation can produce distinct phenotypes on distinct
genetic backgrounds [53–56]. In recent work, Kim and
coworkers investigated 100 mutant Arabidopsis plants for
changes in over 1300 metabolites. They found remarkable stability of the metabolome, with only about 10 metabolites significantly changing with most mutations.
They conclude that the metabolome is relatively insensitive to individual genetic changes [57]. In contrast, in
the study cited above using RILs in yeast [45], some
unexpected genes disrupted several metabolites, which
they may not have found if they had focused only on
specific single gene mutations.

Detecting targets of selection in the
metabolome
A particularly powerful genetic tool in model organisms is
artificial selection [4], due to their short generation
times. The population can be subjected to a selective
force, such as a novel nutrient or growth temperature then
tracked over many generations of adaptation (Figure 2d).
It is possible to elucidate the underlying architecture of
the physiological system [58–60] by analyzing the genetic
modifications [61] and changes in the metabolome that
are selected. Such an approach can also isolate the most
critical genomic locations matching the metabolome to an
environment. An example of such a study in Drosophila
selected flies for their chill-coma recovery times and
found that flies with short recovery times had metabolic
networks that were more robust to cold-induced perturbations [4].
There is also much to be learned from identifying
features of the metabolome that appear to be significant
targets of natural selection. One powerful approach is an
organism of interest that is composed of populations with
local adaptation to distinct ecological niches, partitioning
the genetic variance in a wild sample into withinpopulation and among-population components. If the
among-population variance for the quantitative traits
(QST) is significantly different from that estimated from
www.sciencedirect.com

genetic loci (FST), it suggests that the trait has evolved
adaptively [62]. With a larger number of traits (e.g.
metabolites) there is additional power to detect features
of functional importance falling in the tails of distribution
of QST values [63].
The second way to infer long-term evolution by natural
selection is to compare the genetic variance introduced by
mutation (the mutational variance, VM) with the genetic
variance observed in natural populations (VG). VM can be
estimated by means of a ‘mutation accumulation’ (MA)
experiment, in which populations are allowed to evolve in
the near-absence of natural selection through many generations of selfing or inbreeding (Figure 2e) [64]. The
ratio of VM/VG provides a measure of the strength of
selection acting on a trait [65]. If estimates of VM and VG
are available for many traits, comparisons between broad
classes of traits can reveal underlying generalities about
their relative functional importance [66]; comparisons
within a class of traits (e.g. metabolite pools) can identify
outliers that may be under atypically strong or weak
selection [67,68]. Comparison of trait means of MA
populations with the ancestral mean provides a powerful
clue of the direction of natural selection, because a
directional change in MA indicates that natural selection
in the ancestor has purged mutations that would have
changed the trait in that direction. Interestingly, several
metabolite traits in C. elegans exhibit among the largest
directional changes under MA of any traits yet measured
[69].

Community resources needed
Model organism communities need to coordinate metabolomics efforts to address questions that are difficult to
study in humans such as variation in environmental
exposures and the role of sub-metabolomes (e.g. tissues
(e.g. [70–72]), developmental stages [73,74,75,76], and
sub-cellular compartments). The metabolic inventory for
Drosophila tissues completed by Chintapalli et al. [77] is a
good model of how such efforts might be undertaken. In
addition, a systematic characterization of the metabolomes of model organisms carrying mutations in key
physiological pathways (e.g. initiated in yeast [78]) would
be a broadly useful tool to all researchers.
Many potentially important metabolites have yet to be
chemically defined, and unless we are tracking what
little information we do know about these compounds
across studies, we are us at risk of overlooking fundamental biological mechanisms. However, as metabolomic databases grow [79–82], the power to link
phenotype to metabolome variation both within and
between species will accelerate, because we will be
able to prioritize unknowns for chemical elucidation.
The data that need to be captured take two basic forms,
firstly, chemical information about given compounds
(e.g. spectra, structure, chemical identification) and
Current Opinion in Chemical Biology 2017, 36:7–14
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secondly, quantitative information the compound’s
concentration and phenotype across experimental conditions. Also, while there is extensive conservation in
primary metabolic pathways across model organisms and
humans there are also organism-specific idiosyncrasies
not captured by pathway databases like KEGG and
HMDB [83,84] that can be described using informatics
tools like MetaCyc [85]. An organized effort across
several model systems to relate metabolites to genetic
pathways will provide phylometabolomic maps that
impact basic biology and biomedicine.
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