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physically linked gene clusters (McGary et al. 2013).
Clustering is thought to reduce the likelihood of metabolic
flux disruptions by enhancing the coexpression of pathway
genes (Garcıa et al. 2004; Berger et al. 2008; Gacek and
Strauss 2012; Schinko et al. 2013), by maintaining favorable
combinations of alleles across a pathway’s genes (Hittinger
et al. 2010; Lang and Botstein 2011) or by ensuring their
coinheritance despite aneuploidy or other chromosomal
aberrations (Walton 2000). Fungal gene clusters occur in a
wide variety of both primary and secondary metabolic pathways across a wide diversity of fungi (Keller and Hohn 1997;
Wong and Wolfe 2005; Osbourn 2010; Slot and Rokas 2010;
Wisecaver et al. 2014).
In contrast, the human homologs of clustered fungal
primary metabolic genes are typically dispersed across
chromosomes. For example, the galactose and tyrosine
pathways are both clustered, that is, located within close
proximity on the same chromosome, in several fungal
species (Pe~nalva 2001; Hittinger et al. 2004; Slot and Rokas
2010), whereas in humans their genes are found on separate
chromosomes (Shih et al. 1984; Daude et al. 1995;
Fernandez-Ca~no n and Pe~nalva 1995, 1998; Stambolian
et al. 1995; Fernandez-Ca~no n et al. 1996), even though the
deleterious effects of the pathways’ disruptions are very
strong in both lineages (Pe~nalva 2001; Fridovich-Keil 2006;
Mumma et al. 2008). Finally, although there are no known
human metabolic pathways in the form of gene clusters, our
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Disruptions of the flux through metabolic processes can
lead to metabolic inefficiency (Tatuch et al. 1992), the
accumulation of toxic metabolic intermediates (TMIs)
(Rathinasabapathi et al. 1994; Jorquera and Tanguay 1997,
2001; Slot and Rokas 2010; McGary et al. 2013), and the loss
of essential metabolites (Engel and Angelini 1973), which can
all lead to reduced growth and survival. For example, TMIs
produced as a consequence of specific genetic mutations are
responsible for several human inborn errors of metabolism,
such as galactosemia (Gitzelmann 1995) and tyrosinemia
(Jorquera and Tanguay 1997). Similarly, mutations that
result in the loss or reduction of the essential metabolite
carnitine, which facilitates the transfer of fatty acids in the
mitochondria, lead to muscle weakness and myopathy (Engel
and Angelini 1973).
Because these disruptions of metabolic flux can have a
major impact on organism fitness, they represent a ubiquitous source of selection pressures across lineages
(Rathinasabapathi et al. 1994; Jorquera and Tanguay 1997,
2001; Slot and Rokas 2010; McGary et al. 2013).
Nevertheless, the genetic signatures of the responses to
these shared selection pressures may differ between lineages
due to differences in population size, mutation rate, mating
system, and a wide variety of additional factors. In fungi, the
response to these selection pressures has frequently led to
placing genes participating in the same pathway adjacent to
each other on the chromosome and the formation of
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Reduced metabolic efficiency, toxic intermediate accumulation, and deficits of molecular building blocks, which all stem
from disruptions of flux through metabolic pathways, reduce organismal fitness. Although these represent shared
selection pressures across organisms, the genetic signatures of the responses to them may differ. In fungi, a frequently
observed signature is the physical linkage of genes from the same metabolic pathway. In contrast, human metabolic genes
are rarely tightly linked; rather, they tend to show tissue-specific coexpression. We hypothesized that the physical linkage
of fungal metabolic genes and the tissue-specific coexpression of human metabolic genes are divergent yet analogous
responses to the range of selective pressures imposed by disruptions of flux. To test this, we examined the degree to which
the human homologs of physically linked metabolic genes in fungi (fungal linked homologs or FLOs) are coexpressed
across six human tissues. We found that FLOs are significantly more correlated in their expression profiles across human
tissues than other metabolic genes. We obtained similar results in analyses of the same six tissues from chimps, gorillas,
orangutans, and macaques. We suggest that when selective pressures remain stable across large evolutionary distances,
evidence of selection in a given evolutionary lineage can become a highly reliable predictor of the signature of selection in
another, even though the specific adaptive response in each lineage is markedly different.
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above what is observed for genes belonging to the same
pathway.

previous analysis (McGary et al. 2013) shows that there are
eight human gene pairs that are both immediately adjacent
on human chromosomes and immediate metabolic neighbors in the same pathway (supplementary table S1,
Supplementary Material online). Of these eight human
gene pairs, only two pairs are also chromosomal neighbors
in a fungal genome (McGary et al. 2013).
If not clustering, what is the response to these
shared selection pressures in human metabolic pathways?
Because, in contrast to fungi, humans have hundreds of
cell types which give rise to tissues and organs, human
metabolic pathway activity is not ubiquitously distributed.
Rather, it is primarily confined to specialized tissues
and organs, such as the liver and kidneys. Thus, the response
to the selection pressure imposed by disruptions of
metabolic flux in humans is the tissue-specific coexpression
of pathway genes (Jordan et al. 2004, 2005; Liao and Zhang
2006).
We hypothesized that the physical linkage of primary metabolic pathway genes in fungi and the tissue-specific coexpression of their homologs in humans represent divergent yet
analogous responses to a shared set of selective pressures
(fig. 1). We tested this hypothesis by examining whether
the homologs of physically linked fungal metabolic genes in
humans, chimps, gorillas, orangutans, and macaques are more
significantly correlated in their expression across six tissues
than primate homologs of unlinked fungal genes over and

We identified all pairs of human genes from the same metabolic pathway that share an intermediate compound as their
product or substrate, which we will refer to as metabolic
neighbors. Using data from 126 fungal genomes that contain
948 physically linked fungal gene pairs that are also metabolic
neighbors (McGary et al. 2013), we divided human metabolic
neighbors into two groups; those that consist of gene pairs
that have physically linked fungal homologs (fungal linked
homolog gene pairs or FLO gene pairs, supplementary table
S2, Supplementary Material online), and those that do not
(non-FLO gene pairs). The list of the 948 physically linked
fungal gene pairs that are also metabolic neighbors used is
provided in supplementary table S3, Supplementary Material
online, and the list of fungal genomes is provided in supplementary table S4, Supplementary Material online.
The coexpression of both FLO (n = 1,805; r = 0.32) and
non-FLO gene pairs (n = 10,200; r = 0.22) is significantly
more correlated than a background comprised all possible
pairs of metabolic genes (n = 4,037,061; r = 0.20)
(P = 1.13e-28 and P = 1.08e-4, respectively; fig. 2A). If our hypothesis that the physical linkage of pathway genes in fungi
and the tissue-specific coexpression of their homologs in
humans represent analogous responses to a shared set of
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FIG. 1. An illustration of the hypothesis that the physical linkage of pathway genes in fungi and the tissue-specific coexpression of their homologs in
humans represent divergent yet analogous responses to the same set of selective pressures. Metabolic pathways that are sensitive to variations in flux
(A) face increased selection pressures to avoid disruption relative to pathways that are less sensitive to flux variation (B). We hypothesize that the range
of selective pressures imposed by disruptions of flux has led to divergent yet analogous responses in fungal (physical linkage and the formation of gene
clusters) and human (increased correlation of gene coexpression across tissues) metabolic pathways. Thus, we expect that genes in flux-sensitive
metabolic pathways (A) have been subject to the same set of selection pressures but resulted in divergent yet analogous responses; in fungi, the
signature of this response is the increased probability of gene cluster formation, whereas in humans it the increased correlation of expression of pathway
genes. In contrast, we do not expect these signatures in flux-insensitive pathways (B).
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A

tissues, leading to FLO gene pair coexpression in one tissue
and not in others (supplementary fig. S3, Supplementary
Material online). Thus, we grouped all human metabolic
genes by their Enzyme Commission (EC) numbers, which
classify enzymes by their biochemical reactions, and
summed their expression levels. We will refer to this sum as
the cumulative EC expression. Using the same logic, we then
collapsed all FLO gene pairs into FLO EC pairs.
We found that the correlation of FLO EC pair coexpression
(n = 137; r = 0.52) is significantly higher than the correlation
of FLO gene pair coexpression (P = 1.92e-8); this is illustrated
by the fact that the distribution of the correlation of FLO EC
pair coexpression across tissues is unimodal and substantially
shifted toward higher correlation coefficients (fig. 2B)
relative to that of FLO gene pair coexpression (fig. 2A).
More importantly, we found that the correlation of FLO EC
pair coexpression is greater than that of non-FLO EC pairs
(n = 1,594; r = 0.32) (P = 4.44e-10). Furthermore, the FLO
gene pairs that make up the most correlated FLO EC pairs
(identified using a correlation cutoff of r  0.8) are not always
highly correlated themselves and show a bimodal distribution
similar to that of all FLO gene pairs (supplementary fig. S4,
Supplementary Material online).
The greater correlation of tissue coexpression for FLO EC
pairs relative to FLO gene pairs points to the control of metabolic flux as one target of selection. Assuming that other
factors (e.g., relative toxicity of intermediate compounds) are
equal, one can hypothesize that greater selection pressure
would be imposed on pathways with more total flux. To
test this hypothesis, we used a model of metabolic flux in

B
FLO gene pairs (n = 1,805; r = 0.32)
non-FLO gene pairs (n = 10,200; r = 0.22)
All possible metabolic gene pairs (n = 4,037,061; r = 0.20)

FLO EC pairs (n = 137, r = 0.52))
non-FLO EC pairs (n = 1,594, r = 0.32))

FIG. 2. The human homologs of physically linked metabolic genes in fungi (FLO gene pairs) are significantly more correlated in their expression profiles
across human tissues than other metabolic genes. (A) FLO gene pairs are more significantly correlated in their expression across six human tissues than
non-FLO gene pairs (P = 4.18e-18) as well as than background gene pairs (P = 1.13e-28). The average correlation of coexpression for FLO gene pairs is
r = 0.32 and the average correlation for non-FLO gene pairs is r = 0.22; both are much higher than the. r = 0.20 average for background gene pairs. Note
that the distribution of the correlation of FLO gene pair coexpression is bimodal, which is likely explained by the presence of homologs with the same
enzymatic activities that are active in different human tissues, leading to high correlation in one tissue and anticorrelation in others (supplementary fig.
S3, Supplementary Material online). (B) Cumulative enzymatic coexpression of FLO EC pairs is more significantly correlated across six human tissues
than coexpression of non-FLO EC pairs (P = 4.44e-10). The average correlation of FLO EC pair coexpression is r = 0.52 and that of non-FLO EC pair
coexpression is r = 0.32. Note that the distribution of the correlation of FLO EC pair coexpression is unimodal and shows a marked shift toward higher
correlation coefficients relative to the distribution of the correlation of FLO gene pair coexpression from (A).

1451

Downloaded from http://mbe.oxfordjournals.org/ at Jean and Alexander Heard Library on June 4, 2015

selective pressures is correct, we would expect that FLO gene
pairs show a higher correlation in their coexpression across
human tissues than non-FLO gene pairs.
We found that FLO gene pair coexpression is significantly
more correlated than non-FLO gene pair coexpression in
human genome-wide expression data (Brawand et al. 2011)
from brain, cerebellum, heart, kidney, liver, and testis
(P = 4.18e-18; fig. 2A). We found the same significant pattern
when we analyze the same gene pairs in the same six tissues in
chimps (P = 6.14e-8), gorillas (P = 3.16e-5), orangutans
(P = 1.06e-2), and macaques (P = 1.64e-13) (supplementary
fig. S1, Supplementary Material online).
The significance of the correlation of FLO gene pair coexpression is nicely illustrated by examining pathways associated with inborn errors of metabolism (Pe~nalva 2001;
Fridovich-Keil 2006). For example, the enzymes galactose-1P
uridylyltransferase (GALT) and galactokinase (GALK) in the
galactose pathway, which handle the TMI galactose-1-phosphate associated with the human disease galactosemia, display the highest correlation in their gene expression values
(r = 0.87). Similarly, all genes in the tyrosine catabolism pathway, whose disruption leads to three different types of tyrosinemia as well as to alkaptonuria, Garrod’s first inborn error
of metabolism (Garrod 1902), are highly correlated in their
expression in the six human tissues examined (supplementary
fig. S2, Supplementary Material online).
Interestingly, the observed distribution of the correlation of
FLO gene pair coexpression across tissues is bimodal (fig. 2A).
This might be explained by the presence of paralogs with the
same enzymatic activities that are active in multiple human
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Discussion
The major result of this study is that human metabolic neighbors whose fungal homologs are physically linked (i.e., FLOs)
1452

are significantly more likely to be coexpressed than human
metabolic neighbors without linked fungal homologs
(i.e., non-FLOs; fig. 2). This result supports the hypothesis
that the physical linkage of pathway genes in fungi and the
tissue-specific coexpression of their homologs in humans
represent divergent yet analogous responses to a shared set
of selective pressures. It should be noted that these responses
(physical linkage in fungi, tissue-specific coexpression in
primates) are over and above the responses to the more
general set of selection pressures that have favored the
coactivity of genes in a given pathway.
Even though previous studies have argued that eukaryotic
gene order is not random such that genes with similar
expression patterns tend to be linked (Hurst et al. 2004),
our study shows that disruption of metabolic flux in
humans and primates frequently leads to tissue-specific coexpression of primary metabolic genes in the absence of tight
physical linkage. Consider, for example, homogentisate dioxygenase (Hmg1) and fumaryl-acetoacetate hydrolase
(FahA). Hmg1 is the producer of the toxic intermediate responsible for the human disease tyrosinemia type I and FahA
is the enzyme that detoxifies the Hmg1-produced intermediate. Although the two genes are physically linked in several
fungi, in humans they show a very high degree of tissuespecific coexpression even though they are located on different chromosomes (supplementary fig. S2, Supplementary
Material online).
Although disruptions of flux represent a set of selection
pressures shared between fungi and primates, the specific
responses favored in the two lineages differ. This is not surprising, because any response to any selection pressure critically depends on a wide variety of parameters such as
population size, reproductive lifestyle, mutational opportunity, and genome architecture (Lynch 2007). Examination of
other lineages supports this notion; for example, the response
to selection in certain plant metabolic pathways results in, like
fungi, the physical linkage of pathway genes (Takos and Rook
2012; N€utzmann and Osbourn 2014). In contrast, in bacterial
lineages the same pressures manifest themselves most obviously in the formation of operons (Notebaart et al. 2008),
whose structure and function capture both physical linkage
and tight coexpression of pathway genes.
Whatever the specific response favored in a given lineage
may be, disruptions of metabolic flux are expected to lead to
significant increases in the correlated activities of the enzymes
in a given pathway. This correlation of enzyme activity may be
achieved in a number of ways, for example, through subcellular colocalization (Srere 2000; Ovadi et al. 2004; Durek and
Walther 2008; Perez-Bercoff et al. 2011) or through tissuespecific coexpression (fig. 2A and B).
Our results support the hypothesis that the physical linkage of pathway genes in fungi and the tissue-specific coexpression of their homologs in humans represent divergent yet
analogous responses to a shared set of selective pressures.
One implication of these results is that the observed response
to selection in fungal metabolic pathways becomes predictive
of the response of their human and primate homologs, and
vice versa. More generally, when selective pressures remain
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Saccharomyces cerevisiae (data from Duarte et al. 2004) to
compare the average flux of FLO and non-FLO EC pairs.
We found that FLO EC pairs averaged 5-fold more flux
than non-FLO EC pairs (FLO, 0.04 mmol/g/h; non-FLO,
0.008 mmol/g/h; supplementary table S5, Supplementary
Material online).
With the overt differences in total metabolic flux between
FLO and non-FLO EC pairs, we decided to examine tissuespecific coexpression and physical linkage in light of the structure of the metabolic network. We labeled the reactions of
primary metabolism as either central and peripheral using
network structure (according to Ma et al. 2007). Metabolic
reactions in the central part of the network, also known as the
giant strong component, process metabolites that can be
interconverted easily. In contrast, the peripheral component
is composed of reaction involving metabolites that can only
be degraded (the “in” component) and reactions involving
metabolites that can only be synthesized (the “out” component). FLO EC pairs have higher average correlation of coexpression than non-FLO EC pairs regardless of whether they
are part of central (FLO, r = 0.42; non-FLO, r = 0.33) or part of
various aspects of peripheral metabolism (FLO, r in = 0.61 vs.
non-FLO, r in = 0.35; FLO, r out = 0.65; non-FLO, r out = 0.32;
FLO, r mixed = 0.56; non-FLO, r mixed = 0.31; supplementary
table S6, Supplementary Material online). This is true even
though FLO and non-FLO EC pairs are involved in central
metabolism at roughly the same rate (FLO, 31% vs. non-FLO,
33%; supplementary table S6, Supplementary Material
online). Thus, physical linkage in fungi is a better predictor
of tissue-specific correlation of coexpression than position in
the human metabolic network.
Finally, although our data suggest that the physical linkage
of fungal metabolic genes and the tissue-specific coexpression of human metabolic genes are divergent yet analogous
responses to the range of selective pressures imposed by
disruptions of flux, it is possible that the correlation of
FLO gene pair coexpression across tissues in humans
simply mirrors fungal gene coexpression. As gene coexpression data from multiple fungal tissues are not available, we
used condition-specific correlation of coexpression data
from S. cerevisiae (data from Waern and Snyder 2013; correlation calculated as in Soria et al. 2014). We found that FLO
gene pair coexpression across multiple yeast growth conditions is only weakly correlated (r = 0.065) and minimally different to the coexpression correlation of non-FLO gene pairs
(r = 0.044) (supplementary table S7, Supplementary Material
online). This weak correlation contrasts with the much
higher correlation of human FLO gene pair coexpression
across tissues (r = 0.32; fig. 2). Furthermore, the correlation
of FLO gene pair coexpression across multiple growth conditions in yeast is not correlated with the amount of flux
inferred (from Duarte et al. 2004) to be shared by each gene
pair for both FLO and non-FLO gene pairs (supplementary
table S7, Supplementary Material online).
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constant across large evolutionary distances, evidence of
selection in a given evolutionary lineage can become a
highly reliable predictor of the signature of selection in
another, allowing for potentially surprising predictions.

Materials and Methods
Identifying FLOs in humans

Estimating the Correlation of Coexpression for FLO,
Non-FLO, and Background Gene Pairs
We calculated the tissue-specific correlation of coexpression
for FLO, non-FLO, and background gene pairs, using the normalized gene expression data (measured using RNA-seq and
expressed as reads per kilobase per million mapped reads,
RPKM) from multiple samples from six human, chimp, gorilla,
orangutan, and macaque tissues (brain, cerebellum, heart,
kidney, liver, and testes) reported by Brawand et al. (2011).
We calculated the degree of correlation between genes in a
given pair using Pearson’s correlation coefficient as implemented in Python’s Scipy module (Oliphant 2007). The statistical significance of the differences in the distributions of
correlation coefficients for FLO, non-FLO, and background
gene pairs was calculated using a Mann–Whitney U test
(Wilcoxon 1945; Mann and Whitney 1947) as implemented
in Python’s Scipy module (Oliphant 2007).

Estimating the Correlation of Cumulative Enzymatic
Expression for FLO, Non-FLO, and Background EC
Pairs
To infer cumulative enzymatic expression for FLO, non-FLO,
and background gene pairs, we grouped all human metabolic
genes by their EC numbers as annotated in KEGG (Ogata et al.
1999). For each tissue sample, we inferred the cumulative
expression for each EC number by summing the RPKM
expression of all genes associated with that EC number,
which are typically members of the same gene family. Next,
we collapsed all FLO gene pairs into FLO EC pairs. Similarly to
our analysis of the correlation of gene coexpression, the
degree of correlation of EC pair coexpression was calculated
using Pearson’s correlation coefficient as implemented in
Python’s Scipy module (Oliphant 2007). The statistical significance of the differences in the distributions of correlation
coefficients for FLO, non-FLO, and background EC pairs was
calculated using a Mann–Whitney U test (Wilcoxon 1945;
Mann and Whitney 1947) as implemented in Python’s
Scipy module (Oliphant 2007).
Because gene expression can be highly correlated in
tandem duplicates, we specifically checked the 2,020
human FLO gene pairs (reported in supplementary table S2,
Supplementary Material online) and found that the genes
from only 83 pairs were colocated on the same chromosomal
arm. Manual evaluation of these 83 gene pairs revealed only
one EC pair that may be affected by tandem duplication
(1.14.13.30 and 1.14.14.1, involving members of the cytochrome p450 family).

Calculating the Relationships between Physical
Linkage, Metabolic Flux, Network Structure, and
TissueSpecific Coexpression
A model of metabolic flux for S. cerevisiae in minimal
media (Duarte et al. 2004) was downloaded from http://
systemsbiology.ucsd.edu/sites/default/files/Attachments/
Images/InSilicoOrganisms/yeast/Sc_iND750_flux1.xml (last
accessed December 11, 2014) and parsed for flux values
1453
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We used the KEGG database (Ogata et al. 1999) to identify
human metabolic genes, their enzymatic reactions, and their
metabolic substrates and products. The enzyme relationships
were parsed from KEGG’s KGML format. Rather than using
reaction (EC) pairs that co-occur in arbitrarily defined pathways, we only used immediate metabolic neighbors, which are
pairs of genes that directly handle a shared metabolic intermediate compound with no intervening reaction. We then
categorized the reaction (EC) pairs as FLOs or non-FLOs. Such
pairs of metabolic neighbors were identified as FLOs when the
homologs for both human genes were found to be physically
linked (i.e., immediately adjacent on a chromosome) in one or
more fungal genomes, based on our previously published
collection of metabolic gene clusters from fungi (McGary
et al. 2013) (supplementary table S3, Supplementary
Material online). Briefly, homology of fungal genes used a
core set of fungal genomes annotated with EC numbers in
KEGG and extended the EC annotations to unannotated genomes using Basic Local Alignment Search Tool (BLAST)
(McGary et al. 2013). We were only interested in gene pairs
and EC pairs that catalyze neighboring enzymatic reactions,
not identical reactions. Therefore, we specifically excluded
fungal gene pairs that had overlapping EC annotations, that
is, genes in each pair could not have the same enzymatic
activity or be similar enough by BLAST to receive the same
annotation, which effectively removes tandem duplicates
(McGary et al. 2013). Homology between fungal genes and
human genes was inferred based on shared EC number
annotation in KEGG; this functionally inferred homology typically indicates that the homologs are at least related at the
level of a gene family. EC annotation was extended from
human genes to primate genes according to previously published primate orthology assignments (Brawand et al. 2011).
Metabolic gene pairs without linked homologs in any fungal
genome were considered non-FLOs. The background is all
possible combinations of pairs of metabolic genes.
It should be noted that in fungal genomes, gene clusters
are observed in both primary (e.g., galactose assimilation,
allantoin utilization, tyrosine catabolism) and secondary
metabolism (e.g., penicillin biosynthesis). Although primary
metabolic pathways, and as a consequence primary metabolic
gene clusters, are well represented in the KEGG database,
this is not always the case for secondary metabolic pathways
and gene clusters. Thus, the metabolic gene pairs that are
linked on fungal chromosomes (FLOs) in our data set are
generally part of primary metabolism (supplementary table
S2, Supplementary Material online), even though some pairs
(e.g., those in steroid biosynthesis or porphyrin metabolism)
might be in the gray zone between classic primary metabolism and classic secondary metabolism.
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Supplementary Material
Supplementary tables S1–S7 and figures S1–S4 are available at
Molecular Biology and Evolution online (http://www.mbe.
oxfordjournals.org/).
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