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Abstract 

No phenotypic trait evolves independently of all other traits, but the cause of trait-trait coevolution is poorly under-
stood. While the coevolution could arise simply from pleiotropic mutations that simultaneously affect the traits 
concerned, it could also result from multivariate natural selection favoring certain trait relationships. To gain a general 
mechanistic understanding of trait-trait coevolution, we examine the evolution of 220 cell morphology traits across 16 
natural strains of the yeast Saccharomyces cerevisiae and the evolution of 24 wing morphology traits across 110 fly 
species of the family Drosophilidae, along with the variations of these traits among gene deletion or mutation accu-
mulation lines (a.k.a. mutants). For numerous trait pairs, the phenotypic correlation among evolutionary lineages dif-
fers significantly from that among mutants. Specifically, we find hundreds of cases where the evolutionary correlation 
between traits is strengthened or reversed relative to the mutational correlation, which, according to our population 
genetic simulation, is likely caused by multivariate selection. Furthermore, we detect selection for enhanced modu-
larity of the yeast traits analyzed. Together, these results demonstrate that trait-trait coevolution is shaped by natural 
selection and suggest that the pleiotropic structure of mutation is not optimal. Because the morphological traits ana-
lyzed here are chosen largely because of their measurability and thereby are not expected to be biased with regard 
to natural selection, our conclusion is likely general.
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Background
Many phenotypic traits covary during evolution. For 
example, the logarithm of brain weight and that of body 
weight show a nearly perfect linear relationship across 
mammals [1, 2]. In theory, four processes may explain 
such trait-trait coevolution. First, it could arise simply 
from pleiotropic mutations that simultaneously influence 
these traits with a more or less constant ratio of effects 
[3–5], as has been previously shown empirically [6–10]. 

Second, trait covariation could arise from the linkage 
disequilibrium between genes controlling these traits 
[5, 11–13], but such trait covariation is expected to be 
restricted to closely related individuals due to the dete-
rioration of linkage disequilibrium as a result of recombi-
nation. If the linkage disequilibrium is stably maintained 
due to, for example, chromosomal inversion, the involved 
linked genes can be regarded as a supergene with muta-
tional pleiotropy [13]. For this reason, linkage disequi-
librium is negligible except for trait covariation among 
closely related individuals. Third, shared ancestry can 
also create apparent trait correlations across lineages, 
which, however, can be explained away when the phylo-
genetic relationships are taken into account in correlation 
analysis [14]. Finally, trait covariation could be a result 
of natural selection for particular trait relationships that 
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are advantageous, a phenomenon known as correlational 
selection or multivariate selection [2, 15–20].

Despite a long-standing interest in trait correla-
tion in evolution [2, 13, 21], which is also referred to as 
phenotypic integration in the literature [22, 23], our 
understanding of the roles of mutation and selection in 
trait-trait coevolution remains limited. Most studies on 
the subject focused on a small number of traits that are 
physiologically or ecologically important [24], such as 
skull anatomy characters [25–30], behavioral syndrome 
(i.e., sets of correlated behavioral traits) [31, 32], and 
ecological or organismal traits correlated with the meta-
bolic rate [33–37]; hence, they may not provide a general, 
unbiased picture of trait-trait coevolution. Additionally, 
it is the trait correlation resulting from standing genetic 
variation and its effect on adaptation that have received 
the most attention [38–44]. But, because standing genetic 
variation could have been influenced by selection [40], 
the resulting trait correlation may not inform the correla-
tion produced by mutation. Not knowing the mutational 
correlation hinders a full understanding of the contribu-
tion of selection.

Related to trait-trait correlation is the concept of 
modularity. It has been hypothesized that it is beneficial 
for organisms to have a modular organization such that 
functionally related traits belonging to the same module 
covary and genotypes and/or phenotypes that lead to low 
fitness are less likely to occur [21, 25, 45–47]. Although 
modularity is a well-recognized feature of many trait cor-
relation networks, the relative contribution of selection 
and mutational pleiotropy to modularity has not been 
assessed at the phenome scale [46–48].

To gain a general mechanistic understanding of trait-
trait coevolution, we study the phenotypic correlations 
for a large number of trait pairs at the levels of mutation 
and long-term evolution; natural selection is inferred 
when the evolutionary correlation between traits cannot 
be fully explained by the mutational correlation. We also 
ask if the overall pattern of trait correlation (i.e., pheno-
typic integration) differ at the two levels. Our primary 
data include 220 cell morphology traits of the budding 
yeast Saccharomyces cerevisiae that have been meas-
ured in 4817 single-gene deletion lines [49], 89 mutation 
accumulation (MA) lines (for a subset of 187 traits) [50], 
and 16 natural strains with clear phylogenetic relation-
ships [49, 51]. These traits were quantified from fluo-
rescent microscopic images of triple-stained cells and 
were originally chosen for study because of their meas-
urability regardless of potential roles in evolution and 
adaptation [49]. Subsequent studies found that these cell 
morphological traits are correlated with the yeast mitotic 
growth rate (i.e., a proxy for fitness) to varying degrees 
[7]. Hence, these traits may be considered representatives 

of phenotypic traits that have different contributions to 
fitness. Previous analyses of these traits among natu-
ral strains unveiled signals of positive selection on indi-
vidual traits [52], but their potential coevolution has not 
been studied. While studying these trait pairs can offer 
a general picture of trait-trait coevolution, we recognize 
that the selective agent would be hard to identify should 
selection be detected, because the biological functions 
of these traits (other than correlations with the growth 
rate) are generally unknown [52]. To verify the generality 
of the findings from the yeast traits, we analyze another 
dataset that includes 12 landmark vein intersections on 
the fly wings that have been measured in 150 MA lines 
of Drosophila melanogaster [9] and 110 Drosophilid spe-
cies [53]. At last, using computer simulations, we demon-
strate how certain regimes of selection could explain the 
observed differences between mutational and evolution-
ary correlations.

Results
Evolutionary correlations differ from mutational 
correlations for many trait pairs
To investigate if trait correlations in evolution can be 
fully accounted for by the correlations generated by 
mutation, we examined all pairs of the 220 yeast cell 
morphology traits previously measured. For each pair of 
traits, we computed the mutational correlation CORM, 
defined as Pearson’s correlation coefficient across 4,817 
gene deletion lines (upper triangle in Fig.  1A, Data S1), 
and evolutionary correlation CORE, defined as Pearson’s 
correlation coefficient across 16 natural strains (lower 
triangle in Fig. 1A, Data S1) with their phylogenetic rela-
tionships (Fig. S1) taken into account (see Materials and 
Methods). Note that the original data contained 37 natu-
ral strains [51], of which 21 belong to the “mosaic” group 
[54, 55]—their phylogenetic relationships with other S. 
cereviase strains vary among genomic regions—so can-
not be included in our analysis that requires considering 
phylogenetic relationships.

We found that the frequency distribution of CORE 
across all trait pairs differs significantly from that of 
CORM (Fig.  1B), suggesting the action of selection. For 
each pair of traits, we transformed the CORM and CORE 
to Z-scores using Fisher’s r-to-Z transformation and 
conducted Z-test to determine whether the two correla-
tions are significantly different. Of the 24,090 trait pairs 
examined, 6743 pairs (or 28.0%) have a CORE that devi-
ates significantly from CORM at the false discovery rate 
(FDR) of 5% (Table  1, Data S1), suggesting that natural 
selection has shaped the coevolution of many trait pairs. 
To investigate whether the above result is biased because 
of the use of each trait in many trait pairs, we randomly 
arranged the 220 traits into 110 non-overlapping pairs 
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Fig. 1  Mutational (CORM) and evolutionary (CORE) correlations for all pairs of the 220 yeast morphological traits. CORM is based on yeast gene 
deletion lines. A CORM (upper triangle) and CORE (lower triangle) for all pairs of traits ordered according to their IDs. B Frequency distributions 
of CORM and CORE across all trait pairs. The two distributions are significantly different (P < 10–10, Kolmogorov–Smirnov test)
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and counted the number of pairs with CORE significantly 
different from CORM. This was repeated 1,000 times 
to yield 1,000 estimates of the proportion of trait pairs 
with significantly different CORE and CORM. The mid-
dle 95% of these estimates ranged from 14.5% to 40.1%, 
with the median estimate being 28.2%, almost identical to 
the result (28.0%) from all pairwise comparisons. Hence, 
there is no indication that using overlapping trait pairs 
has biased the estimate of the fraction of trait pairs with 
significantly different CORE and CORM.

To further test selection, we simulated neutral evolu-
tion along the yeast tree 1000 times under a Brownian 
motion model with the observed mutational covariance 
matrix M used as the mutational input, generating 1,000 
simulated datasets. Before the simulation, we confirmed 
that the sampling error of our estimated M is negligi-
ble, likely because of the large number of mutants used 
in M estimation (Table S1; see Materials and Methods). 
From each simulated dataset, we calculated the num-
ber of trait pairs with CORE significantly different from 
CORM. Only in 0.7% of the simulated data did we find 
this number equal to or greater than that from the actual 
data (Table  1), indicating that the observed evolution-
ary correlations between traits cannot be explained by 
the neutral Brownian motion model. The distribution 
of mutational effects can be asymmetric and skewed 
[56] while it is assumed normal in the Brownian motion 
model. Nevertheless, simulations showed that mutational 
bias will not render CORE deviate from CORM in the 
absence of selection and will not enlarge the variance of 
CORE (Table S2; see Materials and Methods).

We divided the 6743 cases of significantly different 
CORE and CORM into three categories. In the first cat-
egory, the trait correlation generated by mutation is 
strengthened by natural selection during evolution. A 
total of 2,727 trait pairs are considered to belong to this 

“strengthened” category (Table 1) because they satisfy the 
following criteria: CORE and CORM have the same sign 
and |CORE | > |CORM | , or CORE and CORM have differ-
ent signs but only CORE is significantly different from 0 
(at the nominal P-value of 0.05) (Fig. 2A). In the second 
category, the trait correlation generated by mutation is 
weakened by natural selection during evolution. A total 
of 1,221 trait pairs satisfying the following criteria are 
classified into this “weakened” category (Table 1): CORE 
and CORM have the same sign and |CORE | < |CORM | , 
or CORE and CORM have different signs but only CORM 
is significantly different from 0 (Fig. 2B). In the last cat-
egory, the trait correlation generated by mutation is 
reversed in sign by natural selection during evolution. A 
total of 2,795 trait pairs satisfying the following criteria 
are in this “reversed” category (Table 1): CORE and CORM 
have different signs and are both significantly different 
from 0 (Fig. 2C).

To assess the robustness of the selection signals 
detected, we repeated the above analysis using CORM 
estimated from 89 mutation accumulation (MA) lines 
[43] (Fig. S2A, Data S1). Again, the overall frequency dis-
tribution across all trait pairs differs significantly between 
CORE and CORM (Fig. S2B). We found that 5,146 trait 
pairs exhibit a significantly different CORE from the cor-
responding CORM (Table  1, Data S1), supporting a role 
of selection in the coevolution of many trait pairs. When 
comparing the analysis using CORM from gene deletion 
lines and that using CORM from MA lines, we found 990 
trait pairs to exhibit selection signals and fall into the 
same category in both analyses, including 275 pairs in 
the “strengthened” category, 223 pairs in the “weakened” 
category, and 574 pairs in the “reversed” category. All 
of these numbers substantially exceed the correspond-
ing expected random overlaps (P < 0.001 based on 1,000 
random draws in each case; the medians across the 1,000 

Table 1  Numbers of trait pairs with significantly different CORE and CORM in the yeast and fly data

a Number of trait pairs with significantly different CORM and CORE inferred by a Z-test
b Number of trait pairs that show a significant difference between CORM and CORE derived from neutral Brownian motion simulations. The median from 1000 
simulations is shown
c Fraction of the 1000 Brownian motion simulations where the number of trait pairs with significantly different CORM and CORE exceeds the number under the 
“observed” column

Yeast Fly (276 trait pairs)

CORM from gene deletion lines (24,090 
trait pairs)

CORM from MA lines (17,391 trait pairs)

Observeda Expectedb Fractionc Observed Expected Fraction Observed Expected Fraction

Strengthened 2727 145 3% 2395 17 3.5% 68 0 0%

Weakened 1221 78 1.4% 1348 6 0.1% 48 0 0%

Reversed 2795 51 0% 1403 2 0% 28 0 0%

Total 6743 302.5 0.7% 5146 31 0.7% 144 0 0%
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draws are 271, 68 and 163, respectively), suggesting the 
reliability of both analyses. Although mutations in MA 
lines are more natural than those in gene deletion lines, 
the number of MA lines is much smaller than the num-
ber of gene deletion lines and only 187 of the original 220 
traits were measured in the MA lines. For these reasons, 
we focused on the CORM estimated from the gene dele-
tion lines in subsequent analyses.

To examine the generality of the above yeast-based 
findings, we analyzed the 24 wing morphology traits of 
Drosophilid flies. The CORM and CORE have been previ-
ously estimated from 150 MA lines [9] and 110 Drosoph-
ilid species, respectively (Fig. S3A, Data S1). The overall 
frequency distribution across all trait pairs differs signifi-
cantly between CORE and CORM (Fig. S3B). Of the 276 
pairs of traits, 144 (52.2%) showed a significant difference 
between CORE and CORM (Table 1, Data S1), indicating 
widespread actions of selection in the coevolution of fly 
wing morphology traits.

Together, these results demonstrate that, for many trait 
pairs, mutational and evolutionary correlations between 
morphological traits are more different than expected 
under neutrality. This observation suggests an important 
role of selection in shaping the strength and/or direction 
of trait correlation in evolution.

Effects of different selection regimes on trait‑trait 
coevolution
The strengthened, weakened, and reversed trait corre-
lations in evolution may have resulted from different 
selection regimes. Below we consider various selec-
tion regimes that could potentially explain these types 
of difference between CORM and CORE (Fig.  3). First, 
when a specific allometric relationship between two 
traits is selectively favored, the population mean trait 
values are expected to be concentrated near the fit-
ness ridge or the optimal allometric line, resulting in a 
strong evolutionary correlation between the traits (i.e., 
a high |CORE | ) (Fig. 3A). Unless CORM is already simi-
lar to CORE, we expect to see strengthened or reversed 

Fig. 2  Examples of yeast trait pairs with CORE significantly different 
from the corresponding CORM. A An example of evolutionarily 
strengthened correlation. B An example of evolutionarily weakened 
correlation. C An example of evolutionarily reversed correlation. Each 
blue dot represents a gene deletion line (a.k.a. mutant) while each red 
dot represents an independent contrast derived from natural strains. 
Blue and red lines are linear regressions between the standardized 
values of the two traits in mutants and independent contrasts, 
respectively, while the dotted blackline shows the diagonal (y = x). 
Trait IDs are shown along the axes. All CORM and CORE values shown 
are significantly different from 0 except when indicated by “NS” 
in the parentheses
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CORE depending on CORM. Second, if there is a single 
fitness peak for an optimal combination of trait values 
and if there is sufficiently strong stabilizing selection on 
the optimal phenotype, the population mean phenotype 
should be restricted within a small range of the opti-
mal phenotype in all directions in the phenotypic space 
regardless of the mutational variance. Consequently, 
CORE is expected to be close to 0, which could account 
for a weakened evolutionary correlation relative to the 
mutational correlation (Fig.  3B). Finally, if the fitness 
optimum varies across lineages in a random fashion, 
the steady-state CORE will be close to zero, potentially 
leading to the weakening of the evolutionary correla-
tion relative to the mutational correlation (Fig. 3C).

To verify these predictions, we simulated the evolu-
tion of two traits. Under each parameter set, we simu-
lated 50 independent replicate lineages and computed 
the correlation coefficient, or CORE, between the traits 
across the replicate lineages at the end of the simulated 
evolution. This was repeated 200 times to obtain an 
empirical distribution of CORE. To evaluate the differ-
ence between CORM and CORE, we examined the loca-
tion of CORM in the distribution of CORE; a significant 
(P < 0.05) difference is inferred if CORM is in the left or 
right 2.5% tail of the CORE distribution.

As expected, in the absence of selection, the distri-
bution of CORE is centered around CORM (first block 
in Table  2). When a specific allometric relationship 
is selectively favored, a high |CORE| always emerges 
regardless of the CORM used, resulting in either 
strengthened or reversed evolutionary correlations 
(P < 0.005 for all parameter sets examined; the sec-
ond to fifth blocks in Table 2). By contrast, stabilizing 
selection of an optimal phenotype leads to weakened 
correlation across replicate lineages when |CORM | is 
not small (sixth block in Table 2). Finally, when differ-
ent lineages have different phenotypic optima that are 
randomly picked from the standard bivariate normal 
distribution, weakened evolutionary correlations are 

Fig. 3  Schematic illustration of predictions made by models 
of trait-trait coevolution. Each circle represents the equilibrium mean 
phenotype of two hypothetical traits (trait 1 and trait 2) of a diverging 
lineage. A When a specific allometric relationship is selectively 
favored, the population mean phenotypes are distributed 
along the fitness ridge (i.e., the optimal allometric line shown 
in red), resulting in a strong trait correlation across lineages. B When 
a specific value is selectively favored for each trait, the population 
mean phenotypes are concentrated near the optimal phenotype 
(marked by the red cross) and the trait correlation across lineages 
is weak. C When different lineages have different optimal phenotypes 
(marked by red crosses) that are randomly distributed, the trait 
correlation across lineages is weak
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generally observed except when CORM is close to zero 
(bottom block in Table 2). These results suggest that the 
strengthened and reversed evolutionary correlations of 
yeast and fly morphological traits are likely caused by 
selections of allometric relationships, while the weak-
ened correlations are likely caused by selections of 
individual traits either when there is a single optimal 
phenotype or when the optimal phenotype randomly 
varies among lineages.

Selection for enhanced modularity of yeast morphological 
traits
While all of the above analyses focused on individual 
trait pairs, here we ask whether the overall trait cor-
relation across divergent lineages is stronger or weaker 
than that created by mutation. As a measure of the over-
all level of trait correlation (i.e., overall integration), we 
calculated the variance of eigenvalues (Veigen) of the cor-
relation matrix from divergent lineages and mutants, 
respectively. A greater Veigen corresponds to a stronger 
overall correlation between traits because the eigenvalues 
become less evenly distributed as the absolute values of 
the correlation coefficients become larger [57]. However, 
the sample size (i.e., the number of strains) in the esti-
mation of the correlation matrix also influences Veigen; a 

matrix estimated from a smaller sample naturally tends 
to have fewer positive eigenvalues and greater Veigen. To 
exclude the influence of this factor, we randomly sam-
pled the mutant strains to obtain 5000 control datasets. 
Because the rank number of the evolutionary correlation 
matrix is 15 for the yeast data (i.e., 15 positive eigenval-
ues), each control dataset also consists of 15 randomly 
drawn strains such that the corresponding mutational 
correlation matrix also has 15 positive eigenvalues. We 
examined the location of the observed Veigen in this dis-
tribution and computed a P-value based on this location 
(see Materials and Methods). For the yeast traits, Veigen 
of the observed evolutionary correlation matrix exceeds 
that in 96% of control datasets (P = 0.08 in a two-tailed 
test; Table 3). Furthermore, only two of the 5000 control 
datasets have Veigen significantly different from that of 
the observed evolutionary correlation matrix (Fligner-
Kileen test). Hence, there is little evidence for a differ-
ence between the overall evolutionary correlation and 
the overall mutational correlation in yeast. For the fly 
data, the number of positive eigenvalues is unlimited by 
the sample size for both the evolutionary and mutational 
correlation matrices, hence we directly compared Veigen 
between the two matrices, but found them to be similar 
(P = 0.459, Figner-Kileen test; Table 3). We also compared 

Table 2  Parameters and results of simulations of trait-trait coevolution

a x and y respectively represent the values of the two traits considered

Optimum CORM Median CORE at the end of 
simulation

Fraction of simulations with 
CORE > CORM

CORE 
compared 
with CORM

No optimum 0.9 0.900 49.5% No difference

0.5 0.495 47.5% No difference

0.1 0.113 55.5% No difference

y = xa 0.9 1.000 100% Strengthened

0.5 1.000 100% Strengthened

0.1 1.000 100% Strengthened

y = 0.5x 0.9 1.000 100% Strengthened

0.5 1.000 100% Strengthened

0.1 1.000 100% Strengthened

y = -0.5x 0.9 -0.995 0% Reversed

0.5 -0.999 0% Reversed

0.1 -1.000 0% Reversed

y =—x 0.9 -0.997 0% Reversed

0.5 -0.999 0% Reversed

0.1 -1.000 0% Reversed

(0, 0) 0.9 0.0213 0% Weakened

0.5 0.00142 0.5% Weakened

0.1 -0.0109 24% No difference

Drawn from N(0, 1) 0.9 0.0895 0% Weakened

0.5 0.0874 0% Weakened

0.1 0.0866 6% No difference
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the overall integration between yeast and flies using 
Veigen/(n-1), where n is the number of traits examined. 
Veigen/(n-1) equals 0.157 and 0.268 for the yeast muta-
tional and evolutionary matrices, respectively, whereas 
the corresponding values in flies are 0.153 and 0.190, 
respectively.

In addition to the overall level of trait correlation, we 
asked whether the correlational structure of traits exhib-
its different levels of modularity among divergent lin-
eages when compared with that among mutants. To 
this end, we used a covariance ratio (CR) test [58] that 
compares covariance within and between pre-defined 
modules (see Materials and Methods). Specifically, we 
calculated CR for the evolutionary covariance matrix and 
compared it to the CR distribution based on 5000 muta-
tional covariance matrices estimated from the randomly 
drawn subsets of mutants aforementioned. We treated 
the three non-overlapping categories of the yeast mor-
phological traits—actin traits, nucleus traits, and cell wall 
traits [49]—as three modules (Data S1). We found that 
the CR of the evolutionary covariance matrix exceeded 
that of every control dataset (P < 0.001; Table  3), sug-
gesting natural selection for increased modularity in 
evolution.

Discussion
By comparing the trait-trait correlation across mutants 
(CORM) with that across divergent lineages (CORE) for 
24,090 pairs of yeast cell morphology traits and 276 
pairs of fly wing morphology traits, we detected the 
action of natural selection in trait-trait coevolution. 
The fraction of trait pairs showing evidence for selec-
tion is substantially higher in the fly (52%) than yeast 
(28%) data (P < 10–4, chi-squared test). This is at least in 
part caused by a difference in statistical power, because 
the number of strains/species used for estimating CORE 
is much greater for the fly (110) than yeast (16) data. 
It is likely that a higher fraction than 28% of the yeast 
trait pairs are subject to selection in their coevolution. 

Furthermore, our comparison between CORE and 
CORM intends to test selection on trait correlations 
common among the evolutionary lineages considered. 
If different evolutionary lineages have different trait 
correlations, the CORE estimated from all lineages may 
not be significantly different from CORM even when 
selection occurs in some or all of the lineages. In other 
words, our test is expected to underestimate the pro-
portion of trait pairs subject to selection.

One potential biological explanation of the yeast-fly 
disparity in the prevalence of correlational selection is 
divergence time: the fly species represent a group that 
is tens of millions of years old while the yeast strains 
diverged from each other much more recently [53–55]. 
It is known that genetic correlations predict evolution-
ary correlations better over shorter timescales [38]. Simi-
larly, selection might have had more time to decouple the 
pattern of evolutionary divergence from the mutational 
input in the flies but not yet in the yeast strains.

While we assumed that the mutants used carry all 
designed or natural mutations, extremely deleterious 
mutations such as lethal mutations are not represented. 
However, because such mutations are quickly selectively 
purged in natural populations, they should only be pre-
sent transiently and are presumably unlikely to contrib-
ute to long-term evolution. Hence, their absence from 
our mutant data should not qualitatively alter our results.

We demonstrated by simulations that various selec-
tion regimes can explain differences between CORM 
and CORE. In particular, strengthened or reversed CORE 
relative to CORM can occur when a specific allomet-
ric relationship is preferred, while weakened CORE can 
occur under directional or stabilizing selection of indi-
vidual traits. A notable difference between the simulation 
results and empirical observations is that the simulations 
tend to end up with extreme values of |CORE | (i.e., close 
to either 1 or 0) except in the case of neutrality, whereas 
the empirically observed |CORE | is usually less extreme 
even when CORM and CORE are significantly different. 
This is due to the fact that the simulation results usually 
represent steady-state correlations across lineages. That 
is, the mean phenotype of each lineage is at or near the 
corresponding optimum (if any); consequently, |CORE | 
is close to 1 when the optimum is a line and close to 0 
when the optimum is a single combination of two trait 
values. However, the population mean phenotypes may 
not be close to their optima in some strains because of 
recent changes of the optima or the sparsity of mutations 
toward the optima, the latter of which is well known 
as a potential hindrance to adaptation [38, 42, 43, 59]. 
Another possibility is the existence of a wide range of 
preferred allometry such that there is no strong selection 
for extreme |CORE | . Finally, selection may not result in 

Table 3  Overall phenotypic integration (Veigen) and modularity 
(CR) at the levels of mutation and evolutionary divergence. 
Values at the level of mutation for yeast are medians of 1,000 
control datasets. P-values for yeast are computed from locations 
of the observed values in the corresponding distributions of 
5000 control datasets, while the P-value for fly is from a Fligner-
Killeen test

Statistic Taxon Mutation Divergence P-value

Veigen Yeast 34.414 58.656 0.0788

Fly 3.530 4.359 0.459

CR Yeast 0.649 0.997  < 0.001
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the preferred allometry between two traits because of the 
constraints from unconsidered traits [60].

It is worth noting that the yeast natural strains had 
been cultured in synthetic media before phenotyping 
[51] while the mutant strains were all grown in the rich 
medium YPD [49, 50]. Hence, it remains a possibility that 
the difference between CORE and CORM reported here 
contains a component caused by the environmental dif-
ference in phenotyping. Notwithstanding, our analysis 
suggests that this component is small (see Materials and 
Methods), which is expected because both media are 
meant to provide an ideal, stress-free environment for 
yeast growth. This said, future phenotyping in the same 
medium will be needed to validate our findings.

While selection was detected for many trait pairs, a 
large fraction of trait pairs, especially in the yeast data, 
do not show a significant difference between CORE and 
CORM. These trait pairs may be divided into two groups. 
In the first group, CORE and CORM are actually differ-
ent, but the difference is not found significant due to the 
limited statistical power. As mentioned, we believe that a 
substantial fraction of yeast trait pairs belong to this cat-
egory due to the relatively low statistical power in detect-
ing the difference between CORE and CORM in the yeast 
data. In the second group, CORE truly equals CORM, 
which could result from one of the following three sce-
narios. First, the specific trait-trait correlation does not 
impact fitness so evolves neutrally. Second, the two traits 
have an intrinsic, immutable relationship (such as the 
hypothetical traits of body size and twice the body size), 
so will yield equal CORE and CORM; this possibility can 
be tested by examining the correlation of the two traits 
across isogenic individuals that show non-heritable phe-
notypic variations [61]. The last and perhaps the most 
interesting scenario is that the trait-trait correlation 
impacts fitness and hence has driven the optimization of 
CORM via a second-order selection [52, 59, 62, 63] such 
that the first-order selection of mutations that affect the 
two traits is no longer needed. However, the relative fre-
quencies of these three scenarios are unknown.

In addition to pairwise trait correlations, we tested 
hypotheses regarding the evolution of overall pheno-
typic integration and modularity. In the yeast data, we 
observed a higher modularity across natural strains than 
across mutants but did not find evidence for a change of 
overall phenotypic integration in evolution. These results 
support the view of increasing modularity during evolu-
tion [21, 25, 45, 46, 64] but also suggest that modularity 
is enhanced by both strengthening trait-trait correlations 
within modules and weakening trait-trait correlations 
across modules. We found the overall integration lower 
for the fly than yeast traits, but whether this observation 
indicates a difference between different types of traits 

(i.e., cellular traits and multicellular organisms’ morpho-
logical traits) or between multicellular and unicellular 
organisms requires analyzing more species and traits.

Our analysis compared CORM estimated from one yeast 
strain (BY) with CORE estimated from 16 different strains, 
under the assumption of a constant CORM across differ-
ent strains. While it is a common practice to assume that 
the mutational architecture is more or less constant dur-
ing evolution and to study phenotypic evolution by com-
paring mutational or genetic (co)variances in one species 
with those among different species [53, 65, 66], genetic 
variations affecting the genetic (co)variances of pheno-
typic traits have been reported [67–69]. As discussed 
earlier, such genetic variations may allow second-order 
selection of CORM. For instance, it has been hypothesized 
that the optimization of mutational (co)variances driven 
by selection for mutational robustness and/or adaptability 
can lead to modularity [21, 46]. It has indeed been found 
in the study of Drosophila gene expression traits that vari-
ational modules identified from mutants can be predicted 
to some extent by functional grouping of genes (i.e., Gene 
Ontology terms), although there is still much difference 
between functional modules and modules resulting from 
mutational pleiotropy, suggesting that optimization of 
the mutational architecture is far from complete even if it 
did take place [47]. Even without second-order selection, 
CORM could still vary across strains because the pleio-
tropic effects of a mutation can vary by the environment 
and genetic background [19, 70, 71]. Regardless, in the 
future, it would be desirable to measure mutant pheno-
types from multiple lineages to investigate whether CORM 
evolves, how rapidly it evolves, and whether its evolution 
is largely neutral or adaptive.

Our analysis of the yeast dataset is subject to a major 
limitation resulting from the structure of the dataset. As 
many yeast strains are mosaic, only a small number of 
strains (16) were used in our study. Most of the remain-
ing strains fall in one clade (Fig. S1), which is the Wine/
European clade [54, 55]. That is, a substantial fraction 
of evolution along the yeast tree took place on inter-
nal branch(es), which would further reduce the effec-
tive sample size [72]. As a result, the CORE estimate 
may not be very accurate, and the selection test suffers 
from low statistical power. It would be desirable if more 
non-mosaic strains from non-Wine/European clades 
are included. Another caveat regarding the calculation 
of CORE is that correction methods like independent 
contrast do not always sufficiently account for the tree 
structure and can be susceptible to singular evolution-
ary events (e.g., shift of evolutionary rate in a clade) 
[73]; in our case, such a singular event could have taken 
place in the Wine/European clade after it had split from 
other yeast strains.
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In summary, we detected the action of natural selection 
in shaping trait-trait coevolution. Because the traits ana-
lyzed here, especially the yeast traits, were chosen almost 
exclusively due to their measurability, our results likely 
reflect a general picture of trait-trait coevolution. Meas-
uring these yeast traits in additional divergent natural 
strains with clear phylogenetic positions could improve 
the statistical power and clarify whether the fraction of 
trait pairs whose coevolution is shaped by selection is 
much greater than detected here. Finally, the detection 
of selection for enhanced modularity of the yeast traits 
analyzed supports the hypothesis that modularity is ben-
eficial [21, 25]. The detection of selection in trait-trait 
coevolution and selection for enhanced modularity sug-
gests that the current pleiotropic structure of mutation 
is not optimal. This nonoptimality could be due to the 
weakness of the second-order selection on mutational 
structure and/or a high dependence of the optimal muta-
tional structure on the environment, which presumably 
changes frequently. Future studies on how the mutational 
structure evolves will likely further enlighten the mecha-
nism of trait-trait coevolution.

Conclusion
In this study, we analyzed morphological traits of yeast 
and flies and compared patterns of trait-trait correla-
tion at the levels of mutation and long-term evolution. 
In both datasets, we discover that the evolutionary cor-
relation differs significantly from the mutational correla-
tion for numerous trait pairs, revealing a role of natural 
selection in trait-trait coevolution. We also provide evi-
dence for selection for enhanced modularity of the yeast 
traits. Insights gained in this study can be summarized as 
follows:

1)	 Can trait-trait correlations in long-term evolution be 
explained by mutations? Our analyses showed that 
some correlations observed across divergent lineages 
differ significantly from correlations created by muta-
tions. In addition, the pattern of phenotypic covari-
ance among natural yeast strains has stronger modu-
larity (i.e., stronger within-module correlations and/
or weaker between-module correlations) than among 
mutants. These observations together indicate that 
selection likely played a role in shaping trait correla-
tions in long-term evolution.

2)	 What evolutionary forces drive trait-trait correlation 
during evolution? Our simulations show how various 
selection regimes render the pattern of correlation 
during evolution different from that caused by muta-
tion. Some types of differences, including strength-

ening and reversal of correlations, are explained by 
selection for an optimal allometric relationship, but 
not selection on individual traits.

Material and methods
Phenotypic data
The S. cerevisiae cell morphology traits were previously 
measured by analyzing fluorescent microscopic images. 
Three phenotypic datasets were compiled and analyzed 
in this study, including (i) 220 traits measured in 4,718 
gene deletion lines that each lack an nonessential gene 
[49], (ii) the same 220 traits measured in 37 natural 
strains [51], and (iii) 187 of the 220 traits measured in 
89 mutation accumulation (MA) lines [50]. When com-
paring patterns of trait correlation between two data-
sets, we used traits available in both datasets. For each 
deletion strain, many cells (95 on average) were pheno-
typed, and the average trait value of all these cells were 
used to represent the strain in our analyses.

Three types of traits were measured in the deletion 
strains and the natural strains, including actin traits 
(i.e., measurements based on dyed actin cytoskeleton), 
cell wall traits (i.e., measurements based on dyed man-
noprotein and cell wall markers), and nucleus traits (i.e., 
measurements based on dyed nuclear DNA) [49, 51]. 
These three categories were treated as three modules in 
our analysis of modularity. Only the cell membrane traits 
and nucleus traits were measured in the MA lines [50].

Before the analyses, we first standardized all trait val-
ues by converting each trait value to the natural log of 
the ratio of the original trait value to a reference such 
that the distributions become approximately normal 
and suitable for the Z-test. The standardized value of 
the ith trait in the jth strain is Xi,j = ln

Xi,j

Xi,r
 , where Xi,j is 

the original trait value and Xi,r is the trait value of the 
reference. For the gene deletion lines, the reference is 
the wild-type BY strain. For the MA lines, the reference 
is the progenitor strain used in MA. For natural strains, 
the reference is the same as the reference of the mutant 
strains to be compared with (i.e., wild-type BY or pro-
genitor of the MA lines).

The locations of 12 vein intersections on the fly wing 
were previously measured in 150 MA lines of Dros-
ophila melanogaster and a mutational covariance 
matrix was estimated [9]. Because each intersection 
is described by two coordinates, which are counted as 
two traits, there are 24 traits in this dataset. These traits 
were also measured in 110 Drosophilid species and an 
evolutionary covariance matrix was estimated with 
species phylogeny taken into account [53]. Both matri-
ces are based on log-scale trait values.
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Influence of the sampling error on the correlational 
structure
To evaluate the influence of sampling error on the esti-
mated mutational covariance matrix (i.e., the M matrix) 
of yeast or fly, we took samples (vectors of phenotypes) 
from the multivariate distribution of M (4,817 samples 
for yeast gene deletion data and 150 samples for fly MA 
data), estimated a covariance matrix ( M̃ ) from these 
samples, and calculated Pearson’s correlation coefficient 
between the eigenvalues of M and M̃ . For instance, for 
the yeast data, M and M̃ each has 220 eigenvalues, and 
we calculated the correlation between these two sets of 
eigenvalues as a measurement of similarity between M 
and M̃ . This was repeated 1,000 times and the distribu-
tion of the correlation coefficient was used to evaluate 
the potential impact of sampling error on M.

Impact of the environmental difference 
on the correlational structure of the yeast traits
Because the natural strains of yeast had been grown 
in synthetic media before phenotyping [51] while the 
mutant strains were all grown in the rich medium YPD 
[49, 50], we tested whether this environmental difference 
affected the correlational structure of the yeast morpho-
logical traits under consideration. Specifically, we exam-
ined whether the phenotype of the BY strain grown in 
synthetic media (referred to as “synthetic phenotype” 
for short) falls in the distribution of 123 biological rep-
licates of BY grown in YPD (referred to as “YPD pheno-
types” for short). The phenotypes were normalized in the 
way described earlier with the mean phenotype of the 
YPD replicates used as the reference. We decomposed 
YPD phenotypes into principal components (PCs) and 
focused on the first three PCs, which together explained 
67.5% of the variance among the 123 YPD phenotypes. 
We then calculated the values of the three PC traits of 
the synthetic phenotype. The synthetic phenotype is in 
the central 95% of the distribution of the YPD pheno-
types for each of the three PC traits, indicating a lack of 
major effect of the difference between synthetic and YPD 
media on the correlational structure of the yeast traits 
concerned.

Comparison between mutational and evolutionary 
correlations
To take into account the phylogenetic relationships 
among yeast strains in estimating CORE, we utilized a dis-
tance-based tree previously inferred [55] (Fig. S1). Strains 
with mosaic origins inferred in the same study [55] were 
removed before analysis, resulting in 16 remaining nat-
ural strains. Because the BY strain was not included in 
the data file in that study [55], W303, a laboratory strain 

closely related to BY, was chosen to represent BY. We 
obtained the evolutionary covariance matrix using the 
ratematrix function from the R package geiger [74, 75], 
which calculates evolutionary covariances using the inde-
pendent contrast method [14]. The evolutionary covari-
ance matrix was then converted to the corresponding 
correlation matrix.

To test whether the observed pairwise trait correlation 
at the level of evolutionary divergence is significantly dif-
ferent from that expected by mutation alone for each pair 
of traits, we first converted both correlations to Z-scores 
by Z = 1

2
[ln(1+ r)− ln(1− r)] , where r is the correla-

tion coefficient. The testing statistic was then computed 
by Z = ZE−ZM√

1
nE−3

+ 1
nM−3

 , where ZE and ZM are Z-scores con-

verted from CORE and CORM, respectively, nE is the 
number of independent contrasts, which equals the num-
ber of natural strains minus one, and nM is the number of 
mutant strains. Two-sided P-value was calculated from 
each Z and converted to adjusted P-value following the 
Benjamini–Hochberg procedure [76]. An adjusted 
P-value below 0.05 indicates selection.

To see how many trait pairs would show a significant 
difference between CORE and CORM under neutrality, 
we simulated neutral evolution along the phylogenetic 
tree that had been used in estimating CORE. A Brownian 
motion model was used to simulate neutral phenotypic 
evolution such that the amount of evolution in branch i is 
Mil , where Mi is a vector sampled from the multivariate 
normal distribution of the mutational covariance matrix 
M and l is the branch length. Sampling was performed 
using the rmvnorm function in the R package mvtnorm 
[77]. The starting value of each trait is 0 in all simulations. 
The phenotypic value of each strain was obtained by add-
ing up the amount of evolution on all branches ancestral 
to the strain. This was repeated 1,000 times to generate 
1,000 datasets.

To account for the difference in Veigen caused by dif-
ferent sample sizes in estimating the correlation matri-
ces, we randomly sampled subsets of the gene deletion 
strains. Because the evolutionary correlation matrix has a 
rank number of 15 and has 15 positive eigenvalues, each 
subset consists of 15 strains randomly drawn from the 
4718 gene deletion strains such that the mutational cor-
relation matrix computed from each subset of mutants 
also has 15 positive eigenvalues. From each subset of 
strains, we computed Veigen, leading to a null distribution 
of Veigen. The observed Veigen from the evolutionary corre-
lation matrix is then compared with the null distribution; 
a significant difference is inferred if the observed value 
falls in either the left or right 2.5% tail.

To test whether there exists a significant modular 
structure among traits, we performed the covariance 
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ratio (CR) test. For each pair of predefined modules, 
traits were first re-ordered such that traits belonging to 
each module were located in the upper-left and lower-
right corners of the covariance matrix, respectively, and 
CR =

√
trace(M12M21)√

trace(M∗
11
M∗

11)+trace(M∗
22
M∗

22
)
 , where M12 and M21 

are the upper-right and lower-left sections of the original 
covariance matrix, respectively, containing all between-
module covariances, M∗

11
 is the upper-left section with 

diagonal elements replaced by zeros, M∗
22

 is the lower-
right section with diagonal elements replaced by zeros, 
and trace(M) denotes the trace, or the sum of diagonal 
elements, of matrix M [58]. Because three modules were 
defined in the yeast data, the average of all pairwise CR 
values was used to represent the overall modularity. A 
test for selection on CR was performed following the test 
of selection on Veigen.

Computer simulation of trait‑trait coevolution 
under selection
In each simulation, we considered a pair of traits with 
equal amounts of mutational variance VM, which is set to 
be 0.01. The mutational covariance matrix is thus 

M =
[

VM COVM

COVM VM

][
VM VMCORM

VMCORM VM

]
 , where 

COVM is the mutational covariance. The number of 
mutations is a random Poisson variable with the mean 
equal to 1. The phenotypic effect of a mutation is drawn 
from the multivariate normal distribution of M using the 
rmvnorm function in the R package mvtnorm [77]. The 
starting phenotype is (0, 0) in all simulations.

We considered a Gaussian fitness function of 
f = exp(−D2

2
) , where f is the fitness and D is the distance 

between the current phenotype and the optimal pheno-
type. When there is a single fitness peak (i.e., the fitness 
optimum is a single point), D is the Euclidean distance 
defined by 

√
d1

2 + d2
2 , where d1 and d2 are the distances 

between the current phenotypic values of the two traits 
and their corresponding optima, respectively. When 
there is a fitness ridge (i.e., the fitness optimum is a line), 
D is the shortest distance from the current phenotype to 
the fitness ridge. The selection coefficient s equals 
f

fWT
− 1 , where f and f  WT are the fitness values of the 

mutant and wild type, respectively. The fixation probabil-
ity of a newly arisen mutant is Pf = 1−exp(−2s)

1−exp(−2Nes)
 in a hap-

loid population [78], where the effective population size 
Ne was set at 104. After each unit time, the phenotypic 
effect of each mutation is added to the population mean 
with a probability of NePf  ; this probability is treated as 1 
when NePf > 1 or when there is no selection as in the lat-
ter case Pf = 1

Ne
 . Combinations of parameters used in the 

simulations are listed in Table 2.

In simulations where different lineages were assigned 
different optima, each lineage’s optimum was obtained 
by independently drawing the optimal values of the two 
traits from the standard normal distribution. Before 
conducting simulations, we confirmed that the optima 
of the two traits are not correlated (correlation coeffi-
cient = 0.0882, P = 0.54, t-test).

Computer simulation of trait‑trait coevolution 
under mutational bias
To investigate the effect of mutational bias on trait cor-
relation, we introduced the bias coefficient B. Each 
mutation, after being sampled from a multivariate nor-
mal distribution described above, was rescaled using B. 
Let the mutational effect be m = (m1, m2), where m1 and 
m2 are the effects on trait 1 and trait 2, respectively. The 
rescaled mutational effect, m̃ , is obtained by

Because mutational effects are first drawn from a pre-
set multivariate normal distribution and then rescaled, 
we examined if  CORM  estimated from the rescaled 
effects ( C̃ORM ) is different from the pre-set value 
of CORM. For each pre-set value of CORM, we obtained 
C̃ORM from 5,000 rescaled mutations. This was repeated 
200 times with different random mutations, yielding 200 
C̃ORM estimates. A series of different B values were used 
in the simulation (Table S2). For comparison, we also 
estimated B from yeast gene deletion lines and found the 
maximal B of any trait to be 1.503. To estimate B for a 
trait from the yeast gene deletion lines, we respectively 
calculated the mean trait value of all deletion lines with 
positive trait values and mean trait value of all deletion 
lines with negative values. We then computed the ratio of 
their absolute values with the greater absolute value used 
as the numerator. The square root of the ratio is B. We 
found that CORM is always near the center of the distri-
bution of these 200 C̃ORM  estimates  (Table S2). Hence, 
mutational bias will not bias our test.

All analyses in this study were conducted in R [79].
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Results from 1000 replications are shown. Table S2. Parameters and results 
of simulations of trait-trait coevolution in the presence of mutational bias. 
Fig. S1. Neighbor-joining tree of the 16 natural yeast strains used in this 
study, based on 1,544,489 biallelic single nucleotide polymorphism (SNP) 
sites.  Scale bar indicates genomic divergence level.  The tree was based 
on the distance matrix downloaded from http://1002genomes.u-strasbg.
fr/files/1011DistanceMatrixBasedOnSNPs.tab.gz. The inset at the top left 
coner shows the tree topology but the branch lengths are not drawn to 
scale. Fig. S2. Mutational (CORM) and evolutionary (CORE) correlations for 
all pairs of the 187 yeast morphological traits.  CORM is based on yeast 
mutation accumulation lines. (A) CORM (upper triangle) and CORE (lower 
triangle) for all pairs of traits ordered according to their IDs.  (B) Frequency 
distributions of CORM (blue) and CORE (red) across all trait pairs.  The two 
distributions are significantly different (P < 10-10, Kolmogorov–Smirnov 
test). Fig. S3. Mutational (CORM) and evolutionary (CORE) correlations for 
all pairs of the 24 fly wing morphological traits.  (A) CORM (upper triangle) 
and CORE (lower triangle) for all pairs of traits ordered in the same way as 
in the original dataset. (B) Frequency distributions of CORM (blue) and CORE 
(red) across all trait pairs. The two distributions are significantly different (P 
= 0.0015, Kolmogorov–Smirnov test).
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