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Figure S1: Transformation of expression data and testing for technical expression divergence. Related to
Figures 2, 3, 4, 5.

1



Figure S1: Transformation of expression data and testing for technical expression divergence. Related to
Figures 2, 3, 4, 5. The following statistics are compared between (A) raw intensities, (B) Z-transformed intensities,
and (C) quantile-normalized intensities. Top panels: Average expression intensities across all genes are shown for all
biological replicates of female (circle) and male (triangle) organisms (error bars indicate standard deviation). Center
panels: Clustering of expression intensities for all genes (horizontal axis), and all replicates (vertical axis, denoted by
“species sex ID”) by Euclidean distance (see section 1 of SI). For raw intensities, the replicates of each species cluster
together but cross-species differences do not reflect evolutionary distances, as shown by the scrambled phylogenies
on the right hand side. Z-transformed and quantile-normalized intensities recover the species clades of the sequence-
based Drosophila phylogeny; cf. Fig. 1. Tree branches are colored by species, as in the top panels. Bottom panels:
The aggregate (rescaled) divergence for clades, ΩC (filled squares) and for individual pairs of species, Ωij (empty
squares), is plotted against divergence time, τ (as in Fig. 2). The rescaling of the expression divergence is done by a
common denominator D0 consistent with Fig. 2 in the main text. The dependence of expression divergence on τ is
masked for raw intensities, but consistent for Z-transformed and quantile-normalized intensities. In addition, clade-
based statistics is seen to substantially reduce the noise of the expression divergence data. We conclude that a Z- or
quantile transformation of the data is essential to capture evolutionary information, but our results are robust under
variants of the transformation. See section 1 of SI. (D) The species-specific aggregate mean gene expression level
〈Ei〉 is plotted for different classes of genes. Top panel: genes with varying level of sequence divergence across 7
Drosophila species: 10% highest divergence (dark blue triangles), 20% medium divergence (medium blue squares)
and 10% lowest divergence (light blue triangles); Bottom panel: highly expressed genes (green triangles), and male-
biased gene (orange triangles). The error bars show the standard deviation of the mean in each class. In all classes,
we find no significant species dependence of the class averages 〈Ei〉. (E) Cumulative distribution of clade-specific
expression divergence (unscaled) DC , estimated for Drosophila clades (Fig. 2) are indistinguishable in gene classes
with varying levels of sequence divergence; the color code is similar to (D, top panel). We conclude that the assay is
free of technical divergence; see section 1 of SI.
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Figure S2: Sequence and gene expression variation. Related to Figures 2, 3, 4. (A) Pairwise amino acid sequence
divergence vs. divergence time from synonymous sequence (circle) and the clade-specific divergence times (squares
with color for clades as in Fig. 1). We conclude evolutionary trees based on amino acid distances are less suitable
for our analysis (cf. the discussion on control analysis of equilibrium models in section 2 of SI.) (B) Gene-averaged
expression variance across biological replicates 〈δ〉 (◦, equation 4), expression diversity 〈∆〉 (5, equation 6), male-
female expression dimorphism 〈∆mf 〉 (�, equation 7), clade divergence 〈D〉 (4, equation 8 and used in Figs. 2, 4),
and cross-gene variance of expression V = 〈Γ2

i 〉 ≈ 1 (×). We find a clear ranking 〈δi〉 < 〈∆〉sim . 〈∆mf 〉 <
〈Dij〉 < Vi. The color code for single-species data is shown in the legend, colors for clades are as in Fig. 1.
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Figure S3: Fitness landscape models as control. Related to Figure 2. (A) Clade-specific gene expression diver-
gence, DC (unscaled, filled squares), together with pairwise expression divergence, Dij (empty squares), is plotted
against the divergence time estimated from four-fold synonymous sites (Drosophila 12 Genomes Consortium et al.,
2007) (Fig. 1). The seascape model with the trait scale D0 as a fit parameter (green solid line; stabilizing strength
c∗ = 18.4, driving rate υ∗ = 0.08; as in Fig. 2) explains these data; this model is discussed in the main text. An al-
ternative seascape model with the trait scale inferred from the D. simulans diversity data (dashed green line; ĉ = 18.6,
υ̂ = 0.07) is very similar, which serves as a consistency check. The landscape models with the trait scale as a fit
parameter (solid blue line; ceq < 1) and with the trait scale inferred from the diversity data (dashed blue line; ceq = 8)
provide a significantly poorer fit; see section 2 of SI for the likelihood comparison of these models. In particular,
neither of the equilibrium models can explain the evolution of expression in the youngest clades: the model with
diversity from data overestimates the divergence Dmel−yak and Dmel−sim, the model with inferred diversity over-
estimates the relative divergence Dmel−yak/Dmel−sim. (B) The same clade-specific gene expression divergence DC
(filled squares) and pairwise expression divergence Dij (empty squares) are plotted against the amino-acid sequence
distance of Fig. S2A (Bedford and Hartl, 2009), uniformly rescaled to give the same scaled genus divergence time
τDros. = 1.4 as in (A). We find the same ranking of models, but all fits become poorer due to the nonlinearities of
the amino acid divergence times (cf. Fig. S2A). See section 2 of SI for a detailed comparison with the results of
ref. (Bedford and Hartl, 2009).
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Figure S4: Test of lineage-specific demography. Related to Figures 2, 4, 5. We compare the polarized (rescaled)
divergence ΩC,i with species i as outgroup (equation 36,4) to background data from partial clades excluding species
i (5); both quantities are plotted against the clade divergence time. (A) Left panel: Data for clades with outgroup
D. melanogaster. Center and right panels: Evolution with a reduced or enhanced effective population size Ni in the
outgroup lineage. Analytical curves and simulation results are shown for Ni = 3N (dashed lines, N) Ni = N/2
(dashed-dotted lines, 4) in a fitness landscape (stabilizing strength c = 20, driving rate υ = 0; center panel) and
seascape (c = 20, υ = 0.09; right panel). (B) Same as (A), with outgroup D. mojavensis. (C) Data for each of the
other five species chosen as outgroup. These data give no evidence of long-term lineage-specific demography. The
analytical and simulation results show that lineage-specific demography under stabilizing selection does not confound
the signal of adaptive evolution in the time-dependent divergence Ω, shown in Fig. 2. Lineage-specific demography is
introduced in section 3, simulation details are given in section 5 of SI.
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Figure S5: Test of alternative selection scenarios. Related to Figures 2, 4, 5. (A) Distributions of clade-specific
expression level differences, PC(∆E) (equation 39, color code as in Fig. 1), standard-normalized to mean 0 and
variance 1. These distributions are approximately Gaussian (black line: standard normal distribution). (B) Minimal
seascape model. Top panel: Time-dependent (rescaled) divergence Ω(τ) (bullets: simulation results; line: analytical
curve as in Fig. 2). Bottom panel: Standard-normalized distributions of trait differences, Pτ (∆E), from simulations
for τ = 0.21, 0.69 and 1.37 (green, orange, and blue bullets) are of Gaussian form (dotted line). The same quantities
are shown for two alternative fitness models: (C) Loss-of-function model. Functional genes evolve in a static fitness
landscape of stabilizing strength c = 4.5; individual genes lose function with rate γ = 0.04µ, resulting in reduced
selection (c → 0.01 c). The loss events generate a nonlinearity in Ω(τ) and a broad tail in Pτ (∆E) that are not
observed in the data. (D) Punctuated fitness seascape. Individual genes jump to a new, uncorrelated fitness peak
with rate 0.16µ. These dynamics also generate a broad tail in Pτ (∆E). The Drosophila data of ΩC (Fig. 2) and
of PC(∆E) together favor the minimal seascape model over both alternatives. The loss-of-function model and the
punctuated seascape model are introduced in section 3, simulation details are given in section 5 of SI.
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Figure S6: Adaptive gene expression versus adaptive evolution of protein sequence. Related to Figures 2, 3, 5.
(A) The distribution of αseq = (DnPs/DsPn)− 1, denoting the fraction of adaptive amino acid substitutions (Smith
and Eyre-Walker, 2002), is plotted against the cumulative fitness flux of gene expression, 2NΦ reported in Table S1
and shown in Fig. 3A (circle: average; line: median; box: 50% around median; bars: 70% around median). We
find no correlation between these statistics, which suggests that adaptive gene expression is an independent mode
of evolution. (B) The distribution of αseq plotted against the average sex specificity Ēmf signals increased adaptive
protein evolution in genes with sex-biased expression, which is strongest in male-biased genes (cf. the results of
ref. (Zhang et al., 2007)). For the definition of sex-biased expression, see section 4 of SI.
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Figure S7: Simulation tests of the inference scheme. Related to Figures 2, 3, 4, 5. (A,B) Distributions of
the cumulative fitness flux 2NΦα and stabilizing strength cα inferred from simulated expression data are plotted
against the simulation input parameters 2NΦin and cin (red line: median, box: 50% around the median, bar: 75%
around median). This simulation analysis supports that the inferred gene-specific maximum likelihood values (Φα, cα)
reported in Table S1 and shown in Fig. 3B are on average conservative estimates of the underlying evolutionary
parameters (cin,Φin). See section 5 of SI for simulation details. (C) Selection inference for epistatic traits. Simulation
results of the actual fitness flux (4) are compared to flux values inferred by the standard test based on the time-
dependent (rescaled) divergence Ω(τ) (�, see section 2 of SI). Both quantities are plotted against the strength of
epistasis, ε2, defined as the ratio of epistatic and additive trait variance (section 5 of SI); horizontal lines show the
actual fitness flux without epistasis (ε2 = 0). Simulations are shown for selection parameters (c = 4.5, υ = 0.4)
(green) and (c = 4.5, υ = 0) (blue). We conclude that our inference of adaptive evolution based on the aggregate
rescaled divergence Ω(τ) (Fig. 2) is not confounded by trait epistasis. See section 5 of SI for simulation details.
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Supplemental Procedures

1. Data and primary analysis

Sequence data and phylogenetic tree. Our inference procedure requires the following global sequence-
based information (which does not include expression QTL):

(a) A phylogenetic tree of the 7 Drosophila species included in this study. Here we use the tree of the
Drosophila 12 Genome Consortium (Drosophila 12 Genomes Consortium et al., 2007), which is based
on genome-wide divergence at synonymous sequence sites. This tree determines six clades of phyloge-
netically related species (Fig. 1), which are used in our analysis of time-dependent expression divergence
(Figs. 2 and 4A,5B).

(b) Divergence times between all pairs of species, scaled in units of the inverse neutral point mutation rate.
The tree of Fig. 1 uses a lineage-specific mutation rate to infer the length of its 12 branches. The scaled
divergence time τij for a given species pair (i, j) is the sum of the lengths of the branches connecting
these species. The scaled divergence time of a clade C is defined as an average over species pairs,

τC =
1

|C1||C \ C1|
∑
i∈C1

∑
j∈C\C1

τij , (1)

where C is the set of species in the clade and (C1, C2) is the partitioning of this set defined by the root
node.

An accurate inference of divergence times is an important prerequisite for our evolutionary analysis
of gene expression. The times τij have been inferred in ref. (Drosophila 12 Genomes Consortium
et al., 2007) from synonymous sequence divergence, accounting for saturation effects due to multiple
mutations. We can compare these times with the analogous times τ̃ij inferred from amino acid sequence
divergence, which have been used in a previous study (Bedford and Hartl, 2009). Fig. S2A shows a
scatter plot (τ̃ij , τij) for all species pairs, and the clade divergence time (τ̃C , τC), as defined in eq. (1).
Compared to the molecular clock of neutral evolution, the amino acid times τ̃ij are seen to suffer from
significant inhomogeneities within the Drosophila genus. We conclude that the τ̃ij values provide a
nonlinear measure of divergence times, which is less suitable for evolutionary analysis than the times
τij inferred from synonymous sequence.

Expression data. We use genome-wide expression data from 7 Drosophila species obtained by ref. (Zhang
et al., 2007) (GEO: GSE6640). These data are well suited for our analysis. They cover several clades of
species that are well comparable at the organismic level and sufficiently diverged for adaptive evolution of
expression to be detectable (section 2). Moreover, Drosophila has larger effective population size, higher
mutation rates, and shorter generation times than typical mammalian species (Gilad et al., 2006a), and adap-
tive evolution has been detected at the genomic level by several methods (Andolfatto, 2005; Mustonen and
Lässig, 2007; Sella et al., 2009). Hence, compared to more recent data from other species (Brawand et al.,
2011; Perry et al., 2012; Tsankov et al., 2010), the Drosophila expression data of Zhang et al. (Zhang et al.,
2007) are a suitable target for the inference of adaptive evolution. These data contain mRNA intensity mea-
surements for a number of biological replicates (4 − 7) from the adult (5 − 7 days post eclosion) males
and females in each species. Specific microarray platforms were designed for each of these species, al-
lowing for a reliable comparison of expression levels across species. Each platform has an array of probes
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mapped to assembled genome sequences and to GLEANR gene annotations by the Drosophila 12 Genomes
Consortium (Drosophila 12 Genomes Consortium et al., 2007), which also provides sequence homology
tables. For each species, at least four hybridizations, including technical (dye-flipped) replicates for each
of the biological replicates were performed. We restrict the analysis to the 6332 genes that have unam-
biguous one-to-one orthologs across all lines and are tested by at least four probes in each microarray
platform. We obtain a set of expression levels Eαi,s,κ (defined as log2 intensities) labelled by gene number
α ∈ {1, . . . , g=6332}, species i ∈ {mel, sim, yak, ana, pse, vir, moj} (Fig. 1), sex s ∈ {m, f}, and biolog-
ical replicates κ ∈ {1, . . . , ki,s = 4− 7}; biological replicates contain similar amounts of genetic material.
The data contain two strains of D. simulans from the Tucson Drosophila Stock Center: (D. sim: 14021-
0251.011, and D. sim: 14021-0251.198), which are used to estimate the genetic variance of expression (see
below).

Transformation of expression levels. A measured raw-probe microarray signal is largely influenced by
non-biological factors, such as varying total RNA abundances, labeling and hybridization efficiency, that
affect all probes on a chip. The data provided by Zhang et al. (Zhang et al., 2007) is log-2 transformation of
the intensities after a primary batch correction, using the method of variance stabilizing transformation (Hu-
ber et al., 2002). Similar to previous evolutionary analysis on the same dataset (Bedford and Hartl, 2009),
we perform a standard Z-transform normalization for each replicate, by defining a linear transformation of
the intensities (Quackenbush, 2002),

Eαi,s,κ →
Eαi,s,κ − 〈Ei,s,κ〉√

Vi,s,κ
, (2)

where 〈Ei,s,κ〉 and Vi,s,κ denote mean and variance of the expression across all genes in a given replicate
(i, s, κ). The transformed levels Eαi,s,κ are shifted to mean 0 and normalized to variance 1 across all genes
in each biological replicate.

Evolutionary implications of the transformation. From an evolutionary point of view, any transfor-
mation is a heuristic to make quantitative trait data more comparable between species. Specifically, the
transformation should minimize the ratio of non-evolutionary noise compared to evolutionary signal. The
validity of a specific transformation scheme has to be judged from consistency of the results. Here we show
that the Z transformation (2) produces a consistent evolutionary signal and its results are robust under quan-
titative details of the transformation; we also verify that the species-specific assay of ref. (Zhang et al., 2007)
does not generate spurious signal of divergence across species.

(a) The Z transformation captures evolutionary information. As shown in Fig. S1A (top panel), the average
intensities of probes across all genes 〈Ei,s,κ〉 are comparable between biological replicates of a given
strain, but differ substantially among species and even between the two strains of D. simulans. Clus-
tering of the expression intensities based on Euclidian distance between homologues across biological
replicates shows the masking of evolutionary information in the raw intensities of the probes: these in-
tensities cluster together for replicates of the same species; however, cross-species differences between
intensities of homologues lead to a scrambled phylogeny (Fig. S1A, center panel). This masking can
also be seen in a plot of the aggregate time-dependent rescaled divergence Ω defined in equation (9)
(Fig. S1A, bottom panel). In contrast, for Z-transformed data, the clustering of gene expression levels
produces a phylogeny that recovers the species clades of the sequence-based Drosophila phylogeny,
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and the aggregate rescaled expression divergence Ω shows a consistent dependence on divergence time
(Fig. S1B (bottom panel), cf. Fig. 2). Therefore, the Z transform is essential to capture the evolutionary
information in the data (Quackenbush, 2002).

(b) Results are robust under variants of the transformation. In order to test the sensitivity of our results
to the specific choice of transformation, we performed the commonly used quantile normalization on
the raw expression intensities (Bolstad et al., 2003) (implemented in the R-package “preprocessCore”
as the function “normalize.quantiles”). Quantile normalization forces the observed distributions of raw
intensities to be the same across all replicates, and equal to the distribution obtained by taking the
average of each quantile across samples. For quantile normalized expression intensities, clustering
again recovers the clades of the sequence-based Drosophila phylogeny, and we obtain aggregate time-
dependent divergence Ω(τ) very similar to those of Z-transformed data (Fig. S1C). In this paper, we
use the Z-transformation as normalization method, because it is a more conservative choice in pre-
processing of data and it does not homogenize the expression distributions across species.

(c) Absence of “technical divergence”. The expression levels were measured by species-specific microarray
platforms (Zhang et al., 2007) designed to eliminate confounding effects of sequence divergence on
hybridization and hence, to make expression levels suitable for cross-species comparison. We can test
this property in the Z-transformed data. If the assay has technical bias, we would expect its effects to be
more pronounced in genes with higher level of sequence divergence. Specifically, assume an imperfect
assay with a hybridization bias towards a given species i∗ and stochastic degradation of sensitivity in
other species. In a minimal model, the technical effect ∆E of an amino acid mutation is a stochastic
variable with mean A and variance B. The resulting observed expression level follows a biased random
walk dependent on the sequence divergence (mismatch density) dαii∗ ,

Eαi = Eαi∗ −Adαii∗ + χαi with 〈χαi 〉 = 0, 〈χαi χαi 〉 = Bdαii∗ (3)

and positive constants A,B. A biased assay generates a “technical” aggregate expression divergence
〈Dii∗〉 = A2〈d2

ii∗〉 + B〈dii∗〉 that would confound our evolutionary analysis. In addition, it leads to
species-dependent aggregate mean expression levels 〈Ei〉 = 〈Ei∗〉 − A〈dii∗〉. The Z-transformation
eliminates the aggregate bias over all genes, but species-dependent averages 〈Ei〉 would still be observ-
able in classes of genes with high and low sequence divergence. In Fig. S1D (top), we plot 〈Ei〉 in the
classes of genes with 10% highest, 20% medium and 10% lowest level of sequence divergence (mea-
sured by the total branch length of gene-specific phylogenies inferred from the divergence of synony-
mous sites across orthologues (Drosophila 12 Genomes Consortium et al., 2007)). Fig. S1D (bottom)
shows the same average for two classes of genes studied in this paper, highly-expressed genes and male-
biased genes (as defined below). In all classes, we find no significant species dependence of the class
averages 〈Ei〉. In addition, Fig. S1E shows the distributions of clade-specific expression divergence DC
(unscaled) for gene classes with varying levels of sequence divergence (similar to Fig. S1D). We find no
significant difference in the expression divergence distributions across such gene classes, indicating that
our inference of adaptation based on gene expression divergence in Fig. 2 is not prompted by technical
divergences in the assay. Overall, we conclude that the assay is free of technical divergence.

Expression statistics within and across species. Using the normalized expression levels, we can define
averages and natural variation of expression at three different levels:
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(a) The mean and (unbiased) variance of expression across biological replicates characterize the distribution
of expression levels for a given genotype. Here we estimate these quantities from the data of each
replicates,

Eαi,s =
1

ki

∑
κ

Eαi,s,κ, δαi,s =
1

ki − 1

∑
κ

(Eαi,s,κ − Eαi,s)2, (4)

and we define the sample mean and variance,

Eαi =
1

2
(Eαi,m + Eαi,f ), δαi =

1

4
(δαi,m + δαi,f ). (5)

(b) The genetic mean and diversity of expression characterize the distribution of heritable expression dif-
ferences in a population. Heritable components of quantitative traits are often inferred from “common
garden” breeding experiments under standardized environmental conditions. The genetic mean and
diversity for a given gene are defined in terms of the data within one species,

Γαi = Eαi ± SEΓ, ∆α
i = VarEαi −

1

ki
δαi , (6)

where SEΓ is the standard error for estimating the population mean expression from ni genetically
independent samples in species i, each of which is an average over ki independent biological replicates,
SEΓ = ((∆α

i + δαi /ki)/ni)
1/2. The unbiased estimate of variance among genetically distinct samples

is denoted by VarEαi ; the standard error for estimating the expected expression value of each genetic
sample from its ki biological replicates propagates in evaluating the expression diversity within each
species ∆α

i as given by equation (6). The data of ref. (Zhang et al., 2007) limit the direct information on
diversity to a broad estimate from two D. simulans strains, ∆α

sim = 1
2(Eαsim1 − Eαsim2)2 − δαsim/ksim.

Therefore, we infer the aggregate diversity 〈∆〉 self-consistently from the model parameters, using the
pattern of gene expression divergence (Fig. 2) and the sequence heterozygosity; see equation (20) below.
We use the estimated diversity to determine the sampling error of the observed expression divergence
D. Consistently, the model estimate for the expression diversity in D. simulans is very similar to the
observed value 〈∆sim〉 (section 2).

Similarly, we define the expression dimorphism between males and females in each species,

∆α
i,mf =

1

2
(Eαi,m − Eαi,f )2 − 1

ki
δαi . (7)

(c) The expression divergence is defined as the squared difference between population means,Dα
ij = (Γαi −

Γαj )2, and characterizes evolutionary expression differences between two species. Here we estimate the
divergence for a given gene from the cross-species data, accounting for propagation of error in evaluating
the species average gene expression level,

Dα
ij = (Eαi − Eαj )2 − 2〈∆〉 − 1

ki
δαi −

1

kj
δαj . (8)

Here we have substituted the species expression diversity by the model fit parameter of aggregate diver-
sity 〈∆〉 and have set the number of genetically independent samples to ni = 1.
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Equations (6) and (8) follow Wright’s decomposition of the variance of a quantitative trait into intra- and
inter-species components (Wright, 1950), which underlies the quantitative genetics summary statistics FST
and QST (see section 2). For the analysis of sex-specific evolution (section 4), we use the same rationale for
the sex-specificity traits Eαi,mf = Eαi,m − Eαi,f .

In Fig. S2B, we compare gene-averaged values of expression variance across biological replicates, diver-
sity, dimorphism and divergence (these averages are denoted by angular brackets), as well as the cross-gene
variance of expression. We find a clear ranking 〈δi〉 < 〈∆sim〉 . 〈∆i,mf 〉 < 〈Dij〉 < Vi for all species i
and j, where Vi = 〈Γ2

i 〉 ≈ 1 by our normalization. In the Ω test for selection on gene expression, we use
divergence estimates given by equation (8) in aggregate measures across groups of species and classes of
genes. However, our data set has a low number of genetic samples per species. Hence, single-gene estimates
of diversity and divergence are noisy, which calls for a probabilistic inference of selection. The Ω test and
its probabilistic extension for individual genes are described in section 2.

Time-dependent aggregate (rescaled) divergence, Ω. The aggregate expression divergence Ωij for a
given species pair (i, j) is defined as

Ωij =
〈Dij〉
D0

(9)

The gene-specific expression divergence Dα
ij is given by equation (8). Angular brackets denote averages

over all genes in our dataset, 〈Dij〉 = 1
g

∑
αD

α
ij . The denominator D0 = limτ→∞〈D(τ, c = 0)〉 is chosen

such that the rescaled trait divergence Ωij = 1 for neutral evolution in the limit of long divergence times
(section 2). The asymptotic averaged divergence in neutrality D0 (9) is related to the scale E2

0 , previously
defined as the average genetic variation of trait in the long-term limit of neutral evolution in ref. (Nourmo-
hammad et al., 2013b), by D0 = 2E2

0 . The rescaled divergence ΩC for a species clade C is defined as an
average over species pairs,

ΩC =
1

|C1||C \ C1|
∑
i∈C1

∑
j∈C\C1

Ωij , (10)

in analogy with the definition (1) of clade divergence times. We also define aggregate divergence ΩGij and
ΩGC for specific gene classes G, using restricted averages 〈. . . 〉G .

2. Inference of selection on gene expression

Evolutionary model. We consider the evolution of gene expression levels under genetic drift, mutation,
and selection given by a fitness model with peak displacements on macro-evolutionary time scales. In the
minimal seascape model (Held et al., 2014; Nourmohammad et al., 2013a), the fitness of a given gene
depends on its expression level E and on evolutionary time t,

f(E, t) = f∗ − c0

(
E − E∗(t)

)2
. (11)

The expression value of maximum fitness, E∗(t), performs an Ornstein-Uhlenbeck random walk with dif-
fusion constant υ0, average value E and stationary mean square deviation r2D0/2, where r2 is a constant of
order 1, and D2

0 is the trait scale introduced in eq. 9. This process is defined by the Langevin equation

d

dt
E∗(t) = − υ0

r2D0
(E∗(t)− E) + η(t), (12)
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where η(t) is the random variable of a delta-correlated Gaussian process with average 0 and variance υ0.
These random variables are assumed to be independent for each gene and on each lineage. The Ornstein-
Uhlenbeck fitness seascape should not be confused with a previous Ornstein-Uhlenbeck model for the evolu-
tion of quantitative traits under stabilizing selection (Beaulieu et al., 2012; Bedford and Hartl, 2009; Butler
and King, 2004; Hansen, 1997; Hansen et al., 2008; Kalinka et al., 2010; Rohlfs et al., 2014) (a detailed
comparison is given below).

The minimal seascape model captures two kinds of selection on gene expression in a unified way:

(a) Stabilizing selection. This type of selection constrains the intra- and inter-population variation of ex-
pression levels to values around E∗(t). We define the dimensionless stabilizing strength

c = N D0 c0, (13)

where N is the effective population size. In the limit case υ0 = 0, the fitness seascape reduces to
a static fitness landscape, f(E) = f∗ − c0(E − E∗)2, and stabilizing selection is the only selective
force. This provides a simple interpretation of the selection parameter c: it compares the (hypothetical)
genetic load c0D0/2 of a neutrally evolving trait evaluated in the landscape f(E) and the actual genetic
load 1/2N in the same landscape, assuming a mutation-selection-drift equilibrium at low mutation
rates (Nourmohammad et al., 2013a). This parameter signals the regimes of weak (c . 1) and strong
(c & 1) stabilizing selection (Nourmohammad et al., 2013b).

(b) Directional selection. In a fitness seascape, this type of selection triggers adaptive response of the
population mean trait in the direction of fitness peak displacements. We define the scaled driving rate

υ =
2υ0

µD0
. (14)

This parameter measures mean square displacement of the fitness peak, in units of trait scale D0 and
per unit 1/µ of evolutionary time. In macro-evolutionary seascapes, υ is sufficiently low for population
to follow fitness peak displacements; such seascapes are a joint model of stabilizing and directional
selection (Held et al., 2014). The values of υ inferred from our data fall in this regime (see section 2).
Because the seascape dynamics is a short-range Markov process, the mean square peak displacement
over a scaled evolutionary time τ is then simply D0 υτ/2. (Here we express υ in units of µ and τ in
units of 1/µ, which differs slightly from the notation in refs. (Held et al., 2014; Nourmohammad et al.,
2013a).) In the long-term regime υτ � r2, the fitness peak dynamics becomes stationary with mean
E and variance r2D0/2. This regime turns out to be well beyond the divergence times in our species
sample. Hence, the statistics of Drosophila gene expression levels and our inference of selection are
independent of r2.

Fitness flux. This measure of adaptation is defined as the speed of movement on a fitness land- or seascape
by genotype or heritable phenotype changes in a population (Held et al., 2014; Mustonen and Lässig, 2010).
The cumulative fitness flux associated with the population mean expression level Γ(t) of a gene in a fitness
seascape f(E, t) is given by

Φ(τ) =

∫ τ

t=0

∂f(Γ, t)

∂Γ

dΓ(t)

dt
dt. (15)

This quantity measures the total amount of adaptation over a macro-evolutionary period τ in a population
history. This quantity satisfies the fitness flux theorem (Mustonen and Lässig, 2010), which generalizes the
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Fisher’s fundamental theorem of natural selection to mutation-selection-drift processes. As shown by the fit-
ness flux theorem, the average cumulative fitness flux over parallel evolutionary histories, in units of 1/2N ,
measures the importance of adaptation compared to genetic drift: adaptation is substantial if 〈2NΦ(τ)〉 & 1.
For a stationary adaptive process in the minimal seascape (11), the average scaled cumulative fitness flux
takes the simple form (Held et al., 2014; Nourmohammad et al., 2013a)

〈2NΦ(τ)〉 ' 2cυ τ, (16)

up to factors of order π0. The exact functional form of the fitness flux is given in reference (Held et al.,
2014). A population evolving under strong stabilizing selection i.e., in a sharply peaked fitness seascape
(c � 1), follows the movements of the fitness peak, measured by the driving rate υ, more closely, and,
hence, accumulates a larger fitness flux over time. Therefore, it is intuitive that the averaged cumulative
fitness flux of the population eq. 16 is proportional to the product of the stabilizing strength c and the driving
rate υ.

The cumulative fitness flux is closely related to the time-dependent fraction of expression divergence
that is adaptive, ωad(τ) (equation 24). We introduce the shorthand Φ = Φ(τDros.) with τDros. = 1.4 (Fig. 1);
this quantity measures the amount of adaptation across the Drosophila genus. By the probabilistic inference
method discussed below, we obtain expectation values 2NΦα of the rescaled fitness flux for individual
genes over the divergence time of the Drosophila genus (equation 32). We use these values to describe the
overall statistics of expression adaptation (Fig. 3A), to infer differences in adaptation between gene classes
(Fig. 4; Table 1), and to define significantly adaptive genes (using a threshold 2NΦα > 4; Table S1). For the
analysis of sex-specific adaptation (Fig. 5), we define an analogous fitness flux 2NΦmf for sex-specificity
traits (section 4).

Evolutionary modes of quantitative traits. In the minimal seascape model, the aggregate time-dependent
(rescaled) divergence Ω defined by equation (9) depends on the divergence time τ and on the selection
parameters of stabilizing strength c and driving rate υ; the exact form of this function is given in ref. (Held
et al., 2014). We can use the behavior of the rescaled time-dependent divergence Ω to distinguish three
modes of evolution:

(a) Neutral evolution (c = 0). The rescaled trait divergence has an initially linear increase due to mutations
and genetic drift, and it approaches a maximum value 1 with a scaled relaxation time of 1,

Ω0(τ) '
{
τ for τ � 1,
1 for τ � 1.

(17)

(b) Evolution under stabilizing selection (c & 1, υ = 0). In a static fitness landscape, the rescaled trait
divergence approaches a smaller maximum value, Ωstab(c) < 1, with a proportionally shorter relaxation
time (Held et al., 2014),

Ωeq(τ) '
{

[1 + G(c)] τ for τ � Ωstab(c)
Ωstab(c) for τ � Ωstab(c).

(18)

Over a wide range of evolutionary parameters, which includes the inferred values for the data set of this
study, the maximum value depends on the stabilizing strength in a simple way, Ωstab(c) ∼ 1/(2c), with
corrections for weaker selection and for larger nucleotide sequence diversity (Nourmohammad et al.,
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2013b). The factor [1+G(c)] captures the short-time constraint on the trait divergence due to stabilizing
selection, compared to neutrality (eq. 17). The functional form of G(c) is given explicitly in ref. (Nour-
mohammad et al., 2013b). Over a wide range of the stabilizing strength c, this constraint remains weak
and Ω(τ) evolves near neutrality (Nourmohammad et al., 2013b), as long as τ � Ωstab(c).

(c) Adaptive evolution under stabilizing and directional selection (c & 1, υ > 0). In a genuine fitness
seascape, the divergence acquires an adaptive component,

Ω(τ) = Ωeq(τ) + Ωad(τ) =

{
[1 + G(c)] τ for τ � Ωstab(c)
Ωstab(c) + 1

2υ [τ − 2Ωstab(c)], for τ � Ωstab(c),
(19)

with corrections for τ approaching the saturation time of fitness peak displacements, r2/υ. The full
analytical form of the functions Ω0(τ) (equation 17), Ωeq(τ) (equation 18), and Ω(τ) (equation 19) is
given in refs. (Held et al., 2014; Nourmohammad et al., 2013a).

Moreover, our analysis shows that the trait scale D0 equals, up to a selection-dependent coefficient, the ratio
of the expected trait diversity 〈∆〉 and the neutral sequence diversity π0 within a given species,

D0 =
〈∆〉(c)
π0

[1 + G(c)]−1. (20)

Importantly, the relation (20) is robust under changes of the effective population size. We expect such
changes to affect 〈∆〉 and π0 in the same way but to leave their ratio invariant. This is consistent with
the role of D0 in our macroevolutionary analysis. At neutrality, D0 = 〈∆〉0/π0 is simply the mutational
variance of a quantitative trait, as defined in refs. (Chakraborty and Nei, 1982; Lynch and Hill, 1986; Lynch
and Walsh, 1998), up to a rescaling of evolutionary time to units of the inverse point mutation rate 1/µ.
This relation remains approximately valid under stabilizing selection over a wide range of parameters c, for
which G(c)� 1 (Nourmohammad et al., 2013b). This implies a universal quasi-neutral short-term behavior
of the divergence (Held et al., 2014; Nourmohammad et al., 2013a),

〈D(τ)〉 ' D0[1 + G(c)] =
〈∆〉(c)
π0

τ for τ � Ωstab(c). (21)

Ω-test for selection on quantitative traits. The time-dependence of divergence provides a joint test for
stabilizing and directional selection on quantitative traits. We can infer the selection parameters of a seascape
model by fitting the function Ω(τ) (equation 19) and the corresponding trait scale D0 (equation 9) to data
(τ,D). This method has the following properties:

(a) The inference of selection requires data on time-dependent divergence (τ,D) from species with different
divergence times in the regime τ & Ωstab. In the quasi-neutral regime τ . Ωstab, the rescaled time-
dependent divergence Ω is insensitive to selection (equations 17–19).

(b) By the decomposition (equation 19), the time-dependent ratio

ωad(τ) =
Ωad(τ)

Ω(τ)
≡ 〈Dad(τ)〉
〈D(τ)〉

(22)

defines the adaptive fraction of the trait divergence. The complementary fraction, 1−ωad(τ), is attributed
to genetic drift under stabilizing selection.
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(c) We can approximate the divergence (equation 19) by the linear form Ω(τ) ≈ Ωstab + Ωad(τ) = Ωstab +
υτ/2. Therefore, already a linear fit to data produces simple estimates of stabilizing strength and driving
rate,

c ≈ 1

2Ωstab
, υ ≈ 2Ωad(τ)

τ
, (23)

and infers the adaptive fraction of expression divergence, which is related to the average scaled fitness
flux (Held et al., 2014) (equation 16),

ωad(τ) ≈ Ω(τ)− Ωstab

Ω(τ)
, 〈2NΦ(τ)〉 ≈ 2Ωad(τ)

Ω− Ωad(τ)
(24)

The quantities ωad(τ) and 〈2NΦ(τ)〉 are independent of the trait scale D0.

(d) The rescaled trait divergence Ω (equation 9) decouples from the genetic basis of the trait. Specifi-
cally, it depends only weakly on the number and effect size of the underlying QTL (Held et al., 2014;
Nourmohammad et al., 2013b), on the amount of recombination between these sites (Held et al., 2014;
Nourmohammad et al., 2013b), and on the nonlinearities in the genotype-phenotype map (trait epista-
sis; see section 5 and Fig. S7C). The time dependent Ω(τ) also decouples from details of the selection
dynamics; it can be applied to punctuated adaptive processes, which have fewer and larger peak dis-
placements (Held et al., 2014) (section 3).

(e) A variant of the Ω test consists in directly inferring D0 from diversity data in any species of the data
set by equation 20, as discussed previously in ref. (Held et al., 2014). Given the scarce information on
trait diversity in our data set, we do not use this version of the test for our inference of selection in the
present paper (however, we perform a consistency check based on diversity estimates in D. simulans).

Comparison of the Ω test with related methods. Our inference method for selection on quantitative traits
can be compared with three well-known selection tests for phenotypic and genomic data:

(a) QST/FST ratio test for selection on quantitative traits. The summary statistics FST and QST measure the
expected fraction of the total genetic variation harbored in a pair of populations that can be attributed
to the divergence between these populations; the complementary fraction is attributed to the diversity
within populations. FST refers to neutrally evolving sequence loci (Lande, 1992; Wright, 1943, 1950),
which can be regarded as a “pseudo-trait” with aggregate divergence and diversity. QST is the analo-
gous measure for quantitative traits under selection (Spitze, 1993). The expected dependence of these
measures on divergence time can be expressed in terms of the rescaled divergence Ω (equation 9),

FST(τ) =
〈D(τ)〉0

〈D(τ)〉0 + 2〈∆〉0
' Ω0(τ)

Ω0(τ) + 2π0
(25)

QST(τ) =
〈D(τ)〉

〈D(τ)〉+ 2〈∆〉
' Ω(τ)

Ω(τ) + 2π0
(26)

where we use expectation values 〈. . . 〉 in an ensemble of parallel-evolving populations and the subscript
0 refers to neutral evolution. The QST/FST test (Leinonen et al., 2013) stipulates that a quantitative trait
is evolving at neutrality if QST/FST = 1, under stabilizing selection if QST/FST < 1, and under direc-
tional selection if QST/FST > 1. The data set of this study shows aggregate values QST/FST between
0.6 for the mel-sim clade and 0.8 across the entire Drosophila genus; these values are obtained using
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equations (10), (25), and (26). Hence, this test signals broad stabilizing selection but no directional
selection. In contrast, the time-dependent divergence test infers both stabilizing and directional selec-
tion from the linear dependence Ω(τ) (Fig. 2 and equation 19). This inference shows a conceptually
important point: stabilizing and directional selection are not mutually exclusive, but joint features of
selection on macro-evolutionary time scales.

The QST/FST test infers adaptive evolution under quite restrictive conditions: QST/FST > 1, or equiv-
alently Ω > Ω0, implies that directional selection is the dominant selection component for short di-
vergence times. In the seascape model, this requires large driving rates (υ & 1), sufficiently large peak
displacement amplitudes r, and sufficiently large stabilizing strength c (Held et al., 2014). Hence, values
QST/FST > 1 are most likely to be observed for individual traits that have undergone a large shift of the
optimal trait value in their recent evolutionary history, which is in accordance with data from a number
of studies; see (Le Corre and Kremer, 2012; Leinonen et al., 2013) for comprehensive review. In this
study, which uses aggregate data over large classes of genes, we do not expect, and do not find, values
QST/FST > 1. We note that on sufficiently short time scales, the QST/FST and the test based on the
trait divergence are always insensitive to selection, because the trait divergence is in the quasi-neutral
regime (equation 21).

(b) Ornstein-Uhlenbeck model for quantitative trait evolution. This phenomenological model describes a
quantitative trait evolving under genetic drift and stabilizing selection (Beaulieu et al., 2012; Butler
and King, 2004; Hansen, 1997; Hansen et al., 2008) and has been applied to the evolution of gene
expression (Bedford and Hartl, 2009; Kalinka et al., 2010; Rohlfs et al., 2014) (a detailed comparison
with the results of ref. (Bedford and Hartl, 2009) is given below). The model is defined by a Langevin
equation for the population mean trait,

d

dt
Γ(t) = −λ (Γ− E∗) + ηΓ(t), (27)

where ηΓ(t) is the random variable of a delta-correlated Gaussian process with average 0 and variance
σ2/N . The model constants λ and σ2 are usually regarded as independent fit parameters. The Ornstein-
Uhlenbeck dynamics of the population mean trait Γ(t) around a fixed optimal trait value E∗ (equation
27) should not be confused with the Ornstein-Uhlenbeck dynamics of the time-dependent optimum
E∗(t) in our seascape model (equation 11).

A Langevin equation similar to (27) can be derived from more general population-genetic models for
the evolution of a quantitative trait E in a static fitness landscape f(E) = −c0 (E − E∗)2, which have
been introduced in refs. (de Vladar and Barton, 2011; Nourmohammad et al., 2013b). In these models,
the population mean trait follows the Ornstein-Uhlenbeck process

d

dt
Γ(t) = −2〈∆〉 c0 (Γ− E∗)− 2µ (Γ− Γ0) + ηΓ(t), (28)

where Γ0 is the genetic mean trait in the long-term limit of neutral evolution and ηΓ(t) is the random
variable of a delta-correlated Gaussian process with average 0 and variance 〈∆〉/N . Comparison with
equation (27) determines the Ornstein-Uhlenbeck coefficients in terms of the stabilizing strength and the
average trait diversity (λ = 2〈∆〉 c0, σ2 = 〈∆〉). Equation (28) contains an additional mutational term
(−2µ)(Γ − Γ0), which implies that the expectation value 〈Γ〉 differs from the optimum trait value E∗.
We note that the diffusion constant 〈∆〉/N determines the behavior of the trait divergence (equation 21),
and of the QST/FST ratio in the quasi-neutral regime (τ � Ωstab). The Ornstein-Uhlenbeck model has
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been generalized to account for lineage-specific stabilizing selection in a phylogeny (Beaulieu et al.,
2012; Butler and King, 2004; Hansen, 1997; Hansen et al., 2008; Kalinka et al., 2010; Rohlfs et al.,
2014); however, inferring independent selection parameters for each lineage may lead to overfitting of
our data set. Instead, we use the seascape model (11) to infer lineage- and gene-specific changes of the
trait optimum E∗(t) using a single additional selection parameter υ.

(c) McDonald-Kreitman test for adaptive sequence evolution (McDonald and Kreitman, 1991). The sequence-
based test for selection evaluates the ratio of the cross- to intra-species sequence variation for a sequence
class under putative selection (e.g., non-synonymous mutations in protein-coding sequence) and com-
pares it to the analogous ratio for bona fide neutral changes (e.g., synonymous mutations.) Positive
selection in the query sequence is inferred if ratio in the sequence class is larger than that of the neutral
expectation. In contrast, the selection test for quantitative traits based on the time-dependent divergence
Ω(τ) requires only data from traits under selection, but from three or more species with divergence
times beyond the equilibrium relaxation time Ωstab. These differences highlight distinct evolutionary
characteristics of quantitative traits. First, such traits have a quasi-neutral regime of macro-evolutionary
divergence times (equation 21) that has no direct analogue in sequence evolution (Nourmohammad
et al., 2013b). Second, in most cases we do not have a gauge of neutrally evolving traits analogous to
synonymous sequence.

Application of the Ω test to gene expression data. We apply the Ω test to the Drosophila gene expression
data of ref. (Zhang et al., 2007) as follows. To evaluate rescaled expression divergence data (τC ,ΩC) for
six Drosophila species clades (equations 1 and 10), we estimate the aggregate unscaled gene expression
divergence across clades, 〈DC〉, and fit the model function 〈D(τ)〉 to these data. This fit contains the three
parameters (D0, c, υ). The time scale of stabilizing selection observed in the data (i.e., the first bend in the
divergence curve) equals 〈Dstab〉 ∼ D0/c. We treat the trait scale D0 as an additional fit parameter and
determine this scale by assuming that the saturation due to stabilizing selection occurs at the latest possible
(i.e., for the largest Ωstab) consistent with the data, resulting in a best model with conservative estimates of
stabilizing strength c. The rescaled expression divergence with the inferred trait scale, Ω(τ) = 〈D(τ)〉/D0,
is plotted in Fig. 2. The best-fit seascape model has parameters (c∗ = 18.4, υ∗ = 0.08) (green line in Fig. 2);
this model explains the divergence data and produces evidence for adaptive evolution of gene expression.
Using the decomposition into adaptive and drift components (green and blue shaded areas), we obtain a
cumulative fitness flux 〈2NΦ〉 = 3.8 across the entire Drosophila genus (equations 23 and 24). We note
that the inference of fitness flux decouples from the scale D0. The probabilistic extension of this test to
individual genes is discussed below.

As a consistency check, we use the aggregate expression diversity in D. simulans, 〈∆〉sim (estimated
from two strains in this data set), and the average heterozygosity of synonymous sites in the D. simulans
population, π0 = 0.018 (Begun et al., 2007), to estimate the trait scale D0 from equation (20). The resulting
optimal seascape model has parameters (ĉ = 18.6, υ̂ = 0.07), which are very similar to the values quoted
above (see Fig. S3A).

Control analysis of equilibrium models. We can also compare the aggregate expression data (τC ,ΩC) to
fitness landscape models of time-independent stabilizing selection:

(a) We can infer a landscape model from the divergence data. This model variant has two independent
parameters, the stabilizing strength c and the trait scale D0, which we set to its maximum fitted value
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to obtain a conservative estimate of stabilizing strength. It provides a significantly worse fit to the data
than the seascape model (Fig. S3A). In particular, it cannot explain the pattern of expression diver-
gence between close species. The model predicts a quasi-neutral linear growth of the divergence with
Dmel−yak/Dmel−sim ≈ τmel−yak/τmel−sim ≈ 2 (equation 21), which drastically overestimates the ob-
served ratio Dmel−yak/Dmel−sim ≈ 1.2. This model also fails to infer substantial stabilizing selection
(ceq = 0.25).

(b) With divergence and diversity inferred from data, the landscape model has a single free parameter, the
stabilizing strength c. In contrast to the seascape model, the best-fit landscape model provides a poor fit
to the data (Fig. S3A). It captures the average rescaled divergence Ω across the Drosophila clades, but
fails to describe the systematic amplitude differences between these clades. In particular, the landscape
model drastically overestimates the divergence of close species, Dmel−yak and Dmel−sim. Compared to
the landscape model with fitted trait scale, this model variant also produces a worst fit to the data. The
probabilistic analysis reported in equation (35) that both equilibrium models have a significantly lower
likelihood than the seascape model.

Comparison with a previous study. Bedford and Hartl (BH) (Bedford and Hartl, 2009) analyze aggre-
gate expression levels from the same data set and fit these data to an Ornstein-Uhlenbeck model of evolution
under stabilizing selection (Hansen, 1997) (equation 27), which is closely related to our landscape model
inferred solely from divergence data. The Ornstein-Uhlenbeck model cannot infer adaptation; it assumes
stabilizing selection and has fit parameters that determine the equilibration time and the level of satura-
tion. Based on this model, BH infer stabilizing selection on expression levels, and they report an apparent
saturation of gene expression divergence. This saturation is at variance with the linear growth on time
scales beyond the divergence time of D. melanogaster and D. simulans, which is inferred in Fig. 2 and in
ref. (Zhang et al., 2007). The analysis of ref. (Bedford and Hartl, 2009) presents the following issues of data
analysis and of interpretation of the results:

(a) BH (Bedford and Hartl, 2009) use amino acid distances in their phylogeny. These distances are affected
by selection (Smith and Eyre-Walker, 2002). As shown in Fig. S2A, they produce a nonlinear measure
of divergence times, τ̃ij , which is less suitable for evolutionary analysis than the times τij inferred from
synonymous sequence (Drosophila 12 Genomes Consortium et al., 2007) that are used in this study. To
test the influence of amino acid sequence divergence on our inference of adaptive evolution, we repeat
the analysis with this variant of the phylogeny. We find the same ranking of models: the seascape model
explains the data significantly better than landscape models, none of which provides a satisfactory fit to
the divergence between close species (Fig. S3B). The probabilistic analysis of equation (35) confirms
this ranking. At the same time, it displays that amino acid times are suboptimal: they lead to a significant
likelihood cost for all models. We conclude that our inference of adaptive evolution is robust under
variations of the sequence-based phylogenies.

(b) BH (Bedford and Hartl, 2009) analyze expression divergence for pairs of species, while we group the
species into clades (Fig. 2). These differences lead to a more noisy dependence of the expression di-
vergence data on evolutionary time (Fig. S1C) and make a straightforward distinction of conservation
and adaptation more difficult at the level of aggregate data. Moreover, pairwise expression divergence
data are strongly correlated through the structure of the phylogeny, which is apparent from the clus-
tering of these data (open squares in Fig. S3A,B). Clade-specific divergence data are statistically more
independent, which allows for meaningful error analysis and model ranking.
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(c) The saturation of expression levels claimed in ref. (Bedford and Hartl, 2009) is ascribed to time scales
similar to the neutral relaxation time (τ ∼ 1 in units of the inverse neutral point mutation rate, dashed
line in Fig. S3B). Under any Ornstein-Uhlenbeck or landscape model, this pattern would imply weak
stabilizing selection (ceq = 0.25 in the landscape model) and weak constraint on gene expression di-
vergence. That is, gene expression would evolve near neutrality throughout the Drosophila genus: the
divergence would be 87% of the neutral divergence for τmel−sim and 68% for τDros..

Probabilistic inference of selection. Here we describe the extension of our selection inference method
to expression data of individual genes. A minimal seascape model is determined by the parameters (c, υ)
or equivalently by (c,Φ), where Φ = 2cυτDros./2N denotes the expected cumulative fitness flux over the
genus divergence time (equation 16). We derive a posterior probability distribution Q(c,Φ |Eα), where
E = (Eα1 , . . . , E

α
7 ) denotes the expression levels of gene α in the 7 species of our data set. This derivation

consists of three steps: we obtain the probability distribution Q(Γ | c,Φ) of population mean traits Γα =
(Γα1 , . . . ,Γ

α
7 ) in a given seascape model, we include sampling effects to determine the distributionQ(E |Φ),

and we use Bayes’ theorem to infer the posterior distribution Q(c,Φ |Eα).
The basic building block of evolutionary statistics in the minimal seascape model has been derived pre-

viously (Held et al., 2014): the lineage propagator Gτ (Γ, E∗|Γa, E∗a) is the probability density of mean
and optimal trait values (Γ, E∗), given the values (Γa, E

∗
a) in an ancestral population at scaled evolution-

ary distance τ . The lineage propagator is related to the stationary distribution of the seascape dynamics,
Qstat(Γ, E

∗) = limτ→∞Gτ (Γ, E∗|Γa, E∗a). Both distributions are Gaussian functions that depend on the
seascape model parameters and on the neutral variance (trait scale) D0; their detailed analytical form is
given in equations (30)–(33) and (A.15)–(A.20) of ref. (Held et al., 2014). The probability distribution of
population mean traits across the Drosophila genus is the stationary distribution for its last common ancestor
multiplied by the lineage propagators for all branches of the phylogeny; this expression is to be integrated
over all unknown expression levels. Specifically, we obtain

Q(Γα | c,Φ, D0) =

∫
Qstat(Γ

α
l , E

∗
l )

l−1∏
i=1

Gτ(i)(Γ
α
i , E

∗
i |Γαa(i), E

∗
a(i)) dΓαk+1 . . . dΓαl dE∗1 . . . dEl, (29)

where i = 1, . . . , k labels the extant species and i = k + 1, . . . , l the clade ancestor species (with l =
2k − 1 = 13 and the index l referring to the last common ancestor of all species), a(i) denotes the closest
ancestor of species i, and τ(i) is the scaled length of the branch between i and a(i). The deviations of the
expression measurements Eαi from the population mean trait Γαi can be described by a Gaussian sampling
error model with variance ∆α

i + (δαi /ki), as given by equation (6). We obtain

Q(Eα | c,Φ, D0) =
1

Z

∫
Q(Γα | c,Φ) exp

[
−1

2

(Eαi − Γαi )2

∆α
i + (δαi /ki)

]
dΓα1 . . . dΓαk , (30)

where Z is a normalization factor. This multi-variate Gaussian integral can be evaluated in a straightforward
way by the saddle point method. Here we approximate the noisy cross-replicate variance of individual genes
by the species average δi. Due to the limited data on heritable species-specific expression diversity ∆α

i , we
use the expected functional form of the trait diversity dependent on the trait scaleD0 and stabilizing strength
c, as given by eq. 20 and ref. (Nourmohammad et al., 2013b). Finally, Bayes’ theorem gives the posterior
distribution

Q(c,Φ |Eα) =

∫
Q(Eα | c,Φ)P0(c,Φ) dD0∫

Q(Eα | c,Φ)P0(c,Φ) dD0 dc dΦ
, (31)
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where P0(c,Φ) denotes the prior distribution of seascape parameters. This distribution determines the max-
imum likelihood posterior values of stabilizing strength, fitness flux, and adaptive fraction of expression
divergence,

(cα,Φα) = arg max
c,Φ

Q(c,Φ |Eα), ωαad(τ) =
(τ/τDros.) Φα

(τ/τDros.) Φα + 1/N
; (32)

see equation (24). In equation (31), we use a prior distribution P0(c,Φ) ∼ exp(−ac − bΦ) with Lagrange
multipliers a, b that calibrate the average posterior values 〈c〉 and 〈Φ〉 over all genes to our inference from
aggregate data (see above). This choice generates a conservative inference of gene-specific seascape param-
eters that reflects two statistical features of our data. First, gene data E explained by a seascape model with
parameters (c,Φ) and a neutral trait variance D0 (see text above and ref. (Nourmohammad et al., 2013b))
have a similar likelihood in a family of models with parameters (λc,Φ) and neutral trait variance λD0,
where λ > 0 is a rescaling factor, as long as the stabilizing strength is above some minimum value. In other
words, there is a residual freedom in model parameters that leaves the fitness flux Φ invariant. This freedom
exists because the gene-specific diversity values ∆α

i are too noisy to be included in the inference. Our prior
distribution favors posterior values c close to the minimum stabilizing strength, which are consistent with
the inference from aggregate data. Second, the distribution (29) has an algebraic tail, Q(E | c,Φ) ∼ Φ−1 for
2NΦ� 1, which is caused by the diffusive dynamics of the fitness peak. Our prior distribution suppresses
this tail and favors posterior values Φ close to the maximum-likelihood value Φ∗. The validation of this
inference scheme by simulation tests is described in section 5.

Statistical significance of the inference. The probabilistic extension of the Ω plays an important role in
our global inference: to quantify the statistical significance of our evidence for adaptive evolution under
directional selection. Specifically, we evaluate the cumulative log-likelihood score for all genes of our
dataset as a function of the evolutionary variables of stabilizing strength c and cumulative fitness flux Φ,

S(c,Φ) =

g∑
α=1

logQ(c,Φ |Eα), (33)

where Q(c,Φ |Eα) is given by equation (31). This function is shown in Fig. 3B with its maximum shifted
to 0. The global maximum-likelihood seascape model with divergence and diversity estimated from data
has parameters

(c∗,Φ∗) = arg max
c,Φ

S(c,Φ) =

(
18.4,

3.8

2N

)
, (34)

We can use the log-likelihood difference ∆S = S(c,Φ)− S(0, 0) to rank all other models against their
corresponding neutral model. For the cases discussed in this paper, we find the following ∆S values:

landscape, landscape,
seascape 〈∆〉 inferred 〈∆〉 from data

syn. phylogeny 12464 6194 4068
aa. phylogeny 9810 5452 1970

(35)

In all inference schemes (divergence times inferred from synonymous or amino acid sequence divergence),
we find the same ranking: the optimal seascape model is significantly more likely than the optimal landscape
model, and the neutral model. The landscape model with the diversity 〈∆〉 (or equivalently, trait scale D0)
as a fit parameter has a higher likelihood that the landscape model with the diversity estimated from the
D. simulans strains. By a log-likelihood test, the score differences ∆S translate into P values as reported
in the main text. Maximum-likelihood values analogous to equation (34) can also be defined for classes of
genes (Table 1).
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3. Analysis of alternative evolutionary scenarios

Lineage-specific demography. Demographic effects, such as population bottlenecks, affect the patterns
of sequence variation in Drosophila (Aquadro et al., 2001; Glinka et al., 2003; Lachaise et al., 1988; Stephan
and Li, 2007; Thornton et al., 2007). Here we examine the effects of strong, long-term demographic hetero-
geneities on the divergence and diversity of expression levels. Specifically, we consider changes in effective
population size to a valueNi = λN in a given Drosophila lineage i, which is defined by the terminal branch
of species i in the phylogeny and extends over a scaled evolutionary time τi (Fig. 1). A depletion of effective
population size leads to a global relaxation of stabilizing selection on gene expression, given by a reduced
stabilizing strength λc in the fitness seascape (equation 11). For each clade C with i ∈ C, we define the
polarized rescaled divergence,

ΩC,i =
1

|C \ C1|
∑

j∈C\C1

Ωij , (36)

where (C1, C \C1) is the partitioning of clade C defined by its root node and we assume i ∈ C1. The pairwise
rescaled divergence Ωij is given by equation (9). Similarly, we define the polarized divergence time,

τC,i =
1

|C \ C1|
∑

j∈C\C1

τij . (37)

In Fig. S4A,B, we plot polarized data (τC,i,ΩC,i) together with background data (τC ,ΩC) from partial clades
excluding species i. Under a change of population size in lineage i with τi & Ωstab(λc), the polarized data
should follow a pattern with reduced (λ < 1) or increased (λ > 1) long-term constraint,

Ω(τ, τi) = Ωeq(τ, τi) + Ωad(τ, τi) (38)

=


[1 + G(c)] τ for τ � Ωstab(λc)

1
2(Ωstab(λc) + Ωstab(c)) + 1

2υτ + F(λ, c) for τ � τi + Ωstab(c),

where the shift F(λ, c) is generated by the demographic inhomogeneity on intermediate time scales; this
pattern is shown in Fig. S4A,B for λ = 1/2 and λ = 3. A similar calculation shows that short-term pop-
ulation bottlenecks have a negligible effect on the statistics of trait divergence Ω. We observe no deviation
between polarized and background Ω data, indicating the absence of strong demographic effects shaping the
evolution of expression levels. Equation (38) also shows that demographic effects do not confound the test
of selection based on the time-depended divergence Ω for adaptive evolution under directional selection.
For time-independent optimal trait value (υ = 0), global relaxation of stabilizing selection increases the
divergence as noted in previous studies (Fraser, 2011; Gilad et al., 2006b; Khaitovich, 2005); however, it
does not generate the linear increase Ωad(τ) ' υτ/2 characteristic of fitness peak displacements (Fig. S4).

Gene-specific relaxation of stabilizing selection. We can also test for lineage- and gene-specific relax-
ation of stabilizing selection on gene expression, which arises, for example, from a partial loss of gene
function. We model the loss dynamics by a stochastic process: with a small rate γ, individual genes switch
the stabilizing strength of their fitness seascape to a reduced value λc (with λ < 1). We choose the model pa-
rameters of switch rate γ and stabilizing strength c so as to approximately match the observed Ω(τ) pattern.
To discriminate between relaxed stabilizing selection and directional selection, we can use the distribu-
tions of clade-specific expression differences ∆EαC , which are defined as averages over pairwise differences
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∆Eαij = Eαi − Eαj in analogy to equation (10). The observed distributions are of approximately Gaussian
form,

PC(∆E) =
1√

2πDC
exp

[
−(∆E)2

2DC

]
, (39)

as shown by the collapse plot of Fig. S5A. This is in accordance with the minimal seascape model, which
predicts a Gaussian distribution Pτ (∆E) with variance 〈D(τ)〉. In contrast, stochastic relaxation of stabi-
lizing selection generates broad non-Gaussian tails increasing with divergence time τ that are not observed
in the data (Fig. S5C, bottom). Furthermore, the loss dynamics generates a nonlinear time-dependent Ω(τ)
(Fig. S5C, top), which is not observed in the data (Fig. 2). We conclude that relaxed stabilized selection
alone cannot explain the observed statistics of Drosophila gene expression levels. This does not exclude
that relaxation of selection affects some genes in our data set and more broadly genes with complete loss of
function, which are suppressed in the set of conserved orthologs.

Punctuated directional selection. The Ornstein-Uhlenbeck dynamics of fitness peaks in the minimal
seascape model (equation 27) describes the accumulation of small but continual changes of optimal ex-
pression levels. Larger peak shifts can be caused by discrete ecological events, including major migrations
and speciations, and by gene-specific factors such as neo-functionalization (Lynch and Force, 2000). Here
we model such events by a punctuated fitness seascape (Held et al., 2014): with a small rate υµ/(2r2), indi-
vidual genes are subject to fitness peak shifts by an amount of order D0. This stochastic model differs from
previous models of lineage-specific selection (Bedford and Hartl, 2009; Brawand et al., 2011; Butler and
King, 2004; Hansen, 1997; Hansen et al., 2008; Kalinka et al., 2010; Rohlfs et al., 2014), where fitness peak
shifts are constrained to known branch points of the phylogeny. Evolution in a punctuated fitness seascape
generates rescaled time-dependent divergence Ω(τ) of the form (equation 19); adaptation is signalled by
the same term Ωad(τ) ' υτ/2 as in a minimal seascape of the same driving rate υ (Fig. S5D, top). To
discriminate between the two models, we use again the distributions PC(∆E) of clade-specific expression
differences. In a punctuated seascape, these distributions have broad non-Gaussian tails increasing with
divergence time τC that are not observed in the data (Fig. S5D, bottom). We conclude that large peak shifts
are a subleading factor of expression changes in our data set.

Other modes of adaptation. Further evolutionary modes affecting gene expression include:

(a) Time-dependent stabilizing selection (Held et al., 2014). This type of selection can be modeled by a
fitness seascape of the form (11) with time-dependent stabilizing strength c(t), given by a generalized
Ornstein-Uhlenbeck process with constraint c(t) > cmin. The recurrent tightening of expression con-
straint driven by increases of c(t) is a mode of adaptation that is independent of fitness peak changes.
The rescaled divergence Ω does not trace this mode: as long as the expression optimum E∗ is time-
independent, the function Ω(τ) reaches an asymptotic value Ωstab(cmin). This pattern is similar to evo-
lutionary equilibrium in a single-peak fitness landscape and does not contain the term Ωad(τ) ' υτ/2
characteristic of fitness peak displacements.

(b) Adaptive gene turnover, including sub- and neo-functionalization after gene duplication (Lynch and
Katju, 2004; Lynch et al., 2001), regulatory sequence duplication (Nourmohammad and Lässig, 2011),
and de novo formation of genes (Tautz and Domazet-Lošo, 2011). This mode is suppressed in our data
set of conserved orthologous genes, but it is likely to be more prevalent in the complementary set of
Drosophila genes.
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(c) Adaptation by large-effect loci. Our diffusive evolutionary model assumes that expression levels are
determined by multiple eQTL, and changes at individual loci have only moderate effects. The evolution
of more general traits with few large-effect loci can be studied in simulations. We find that in diffusive
fitness seascapes, mutations at large-effect loci are mostly deleterious. In this case, the population adapts
to the gradual changes of the expression optimum predominantly by fixation of small-effect mutations,
while large-effect substitutions are suppressed. In punctuated fitness seascapes, large-effect mutations
can accelerate the adaptive response to large shifts of the fitness peak, but such shifts are a subleading
factor of expression changes in our data set (see above).

A detailed investigation of these evolutionary modes is beyond the scope of this study. Importantly, however,
they do not confound the inference of adaptation under directional selection reported here.

4. Analysis of specific gene classes

Codon usage. The effective number of codons, n, measures the redundancy of the genetic code within
a given gene (Wright, 1990). This number takes values between 20 (each amino acid is determined by
a specific codon) and 61 (all sense codons are used). Genes with specific codon usage (small n) tend to
have higher expression than genes with broad codon usage (Ikemura, 1985; Shields et al., 1988). Here we
compute the species-averaged effective number of codons, nα = 1

7

∑
i n

α
i for all genes in our data set. We

find a consistent dependence of expression adaptation on codon usage:

(a) Aggregate analysis by time-dependent divergence Ω signals strongly reduced adaptation for genes with
specific codon usage (n < 42) and an enhanced adaptation for genes with broad codon usage (n > 50),
compared to the average over all genes (Fig. 4A and Table 1).

(b) The pattern of expression divergence also signals strongly reduced adaptation for genes with high aver-
age expression level, Ēα = 1

7

∑
iE

α
i > 0.9 (Table 1). Additionally, we compare the fitness flux of a

gene to its codon adaptation index (CAI), which measures the similarity between the codon usage in a
specific gene and the codon preference of highly expressed genes (Sharp and Li, 1987). Consistently,
we find a reduced amount of fitness flux in genes with high codon adaptation index (CAI & 0.65); these
genes are likely to be highly expressed.

(c) At the level of individual genes, there is a clear correlation between fitness flux Φα and effective codon
number nα (Fig. 4B).

Inference of adaptive sequence evolution. For the genes in our data set, we estimate the fractions of
synonymous and non-synonymous polymorphic nucleotides (Ps and Pn) from the database of Drosophila
melanogaster Genetic Reference Panel (DGRP) (Mackay et al., 2012). The corresponding nucleotide diver-
gence measures (Ds and Dn) are obtained from sequence alignments between the D. melanogaster and D.
simulans reference genomes (Drosophila 12 Genomes Consortium et al., 2007). The McDonald-Kreitman
test (McDonald and Kreitman, 1991; Smith and Eyre-Walker, 2002) signals adaptive evolution of amino
acids if αseq = (DnPs/DsPn) − 1 > 0. Fig. S6 shows the distribution of αseq values for classes of genes
with different amount of expression adaptation, measured by the fitness flux Φ (equation 32). We find no
correlation between these statistics. In each class, about 30% of the genes have αseq > 0. This result
does not contradict the correlation of gene expression divergence and amino acid divergence reported in
ref. (Zhang et al., 2007), because an enhanced amino acid substitution rate measured by a Dn/Ds test (Li,
1993) may be caused by adaptive changes or by relaxation of negative selection.
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Analysis of functional gene classes. We use The Ontologizer (Bauer et al., 2008) for statistical analysis of
functional enrichment in our dataset. From a base set of all 6332 genes in our database, we identify enriched
functional categories in the query sets of adaptively regulated genes (2NΦα > 4) and genes with sex-specific
adaption of expression (2NΦα

mf > 4.5, see below). We use the calculation method Parent-Child-Union with
Bonferroni correction and resampling steps of 1000. The enriched functional categories in these gene sets
are reported in Tables S1 and S2 with a significance threshold P < 0.1 (multiple hypothesis test). We list
three main categories: biological processes, cellular components, and molecular functions. Each functional
category is assigned to a functional cluster (in bold letters) that is inferred by REVIGO (Supek et al., 2011),
using the semantic similarity measure SimRel with threshold 0.5. This clustering facilitates the interpretation
of functional gene classes associated with adaptation of gene expression.

Sex-specific evolution and sex bias of expression. To quantify differences of gene expression between
males and females, we we define the sex specificity trait of a given gene as the difference between its
expression levels in males and in females (Zhang et al., 2007),

Eαmf,i = Eαm,i − Eαf,i. (40)

We analyze these traits by the same methods as the sex-averaged expression levels Eαi defined by equa-
tion (5). Specifically, we define the rescaled time-dependent divergence Ωmf,C and the fitness flux 2NΦmf

in analogy to equations (10) and (15), and we infer gene-specific maximum-likelihood values 2NΦα
mf in

analogy to equation (11). We define two conceptually distinct measures of male-female differentiation:

(a) Sex-specific adaptation. In accordance with ref. (Zhang et al., 2007), we find that most genes of our
data set have well-conserved and often small sex specificity; these genes evolve their expression levels
coherently between males and females. We use the rescaled fitness flux 2NΦmf to delineate coherent
evolution of expression levels (i.e., conservation of the specificity trait) from sex-specific adaptation
(i.e., adaptive changes of the male-female expression difference), as illustrated in Fig. 5A. A set of 1155
sex-specific adaptive genes is identified by the condition 2NΦα

mf > 4.5 (Table S2); we use a more
stringent threshold than for Φα because the sex-specificity trait statistics has larger statistical errors.

(b) Sex bias. We identify genes with male- and female-biased expression in Drosophila using the results
of Assis et al. (Assis et al., 2012), which are based on a number of statistical tests in the whole body
and in gonads of males and females in D. melanogaster and D. pseudoobscura. A gene is classified as
expression sex-biased if flagged by at least three of these tests, which produces a list of 450 male-biased
and 499 female-biased genes. A related measure of bias within our data set is the species-averaged
specificity trait, Ēαmf = 1

7

∑
iE

α
mf,i.

Our analysis establishes a relation between these two measures in our data set: strong sex-specific adaptation
of expression occurs in male-biased, but not in female-biased genes. First, the aggregate rescaled divergence
Ωmf in male-biased genes show evidence for adaptive evolution with a linear adaptive component υτ/2.
Unbiased and female-biased genes have only a small average divergence in their sex-specificity trait that is
of the order of the expression diversity (i.e., they within the error range of the observed expression levels),
providing no evidence for adaptation (Fig. 5B). Second, the fitness flux Φα

mf is strongly enhanced for genes
with large Ēαmf (Fig. 5C). Accordingly, 32% of male-biased genes are classified as sex-specific adaptive.
Functional categories associated with sex-specific adaptation of expression are reported in Table S2.
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5. Simulation tests

In-silico evolution of quantitative traits. We use a Fisher-Wright process for the evolution of popula-
tions along the Drosophila phylogeny of Fig. 1. A population consists of N individuals with genomes
a(1), . . . ,a(N). A genotype is an `-letter sequence a = (a1, . . . , a`) with alleles ak = 0, 1 (k = 1, . . . , `).
It defines an expression level E(a) =

∑`
k=1 Ekak with neutral variance D0 = 1

2

∑`
k=1 E2

k . We use uniform
single-locus effects Ei; our results are insensitive to the form of the effect distribution (Held et al., 2014).
In each generation, the sequences undergo point mutations with a probability µτ0 per generation, where τ0

is the generation time. The sequences of next generation are then obtained by multinomial sampling with a
probability proportional to [1 + τ0f(E(a), t)], where the fitness function f(E, t) is given by equation (11).
Simulations are performed with N = 100, π0 = 0.1 for traits with ` = 100, uniform effects Ei = 1, and
average fitness optimum E = 70. We use three different types of selection (for details, see ref. (Held et al.,
2014)):

(a) Minimal fitness seascape. Before each reproduction step, a new optimal trait value E∗(t+ τ0) is drawn
from a Gaussian distribution with meanE∗(t)(1−µτ0υ/(2r

2))+E µτ0υ/(2r
2) and variance µτ0υD0/2.

(b) Fitness landscape. The optimal trait value E∗ is time-independent (Fig. S4A,B). In the model of gene-
specific relaxation of selection (see section 3), the stabilizing strength of individual genes switches to a
smaller value, c→ 0.01c, with a small rate γ (Fig. S5C).

(c) Punctuated fitness seascape (see section 3). Before each reproduction step, a new, uncorrelated optimal
trait value is drawn with probability µτ0υ/(2r

2) from a Gaussian distribution with variance r2D0/2,
where r2 is a constant of order 1 (Fig. S5D).

Validation of the probabilistic inference scheme. To test the performance of our inference scheme, we
generate expression values Eα = (Eα1 , . . . , E

α
7 ) for individual genes with trait scalesE2

0,α by Fisher-Wright
simulations along the Drosophila phylogeny of Fig. 1. We use minimal fitness seascapes of the form (11)
with input parameters (cin, υin) and a sequence diversity π0 = 4µN = 0.05. We then infer maximum-
likelihood posterior values (cα, 2NΦα) by the probabilistic method described in section 2 (equation 32).
In Fig. S7A, we plot the distribution of inferred fitness flux values 2NΦα against the input expectation
value 2NΦin = 2cinυin τDros. (equation 16). The underlying simulations use a range of trait scales E2

0,α =
0.25 − 4.0 appropriate for log expression levels; the inference of Φα does not require knowledge of this
scale (see section 2). Fig. S7B shows the corresponding distribution of inferred values cα as a function of
the input stabilizing strength cin. These simulations use a uniform trait scale E2

0,α = 1 (inferring the actual
scales requires sufficiently reliable gene-specific expression diversity data). The posterior values (Φα, cα)
are seen to provide reasonable, on average conservative estimates of the input model parameters (cin,Φin).
In particular, the inference of a significant fitness flux (Φ > 1/2N) is incompatible with evolution under
static stabilizing selection (υ = 0, c > 0) or near neutrality (c ' 1), independently of the underlying model
for the adaptive evolution of a molecular trait.

Robustness of the inference to trait epistasis. The analytical theory underlying our inference method (Held
et al., 2014; Nourmohammad et al., 2013b) covers molecular quantitative traits with a linear genotype-
phenotype map, E(a) =

∑`
k=1 Ekak (see above). Here we extend this method to nonlinear traits of the

form E(a) =
∑`

k=1 Ekak +
∑

k<k′ Ekk′akak′ ; such nonlinearities are commonly referred to as trait epis-
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tasis. The strength of epistasis can be defined as the ratio of nonlinear and linear neutral trait variance,
ε2 = (

∑
k<k′ E2

kk′)/(
∑

k E2
k ).

Trait epistasis introduces only minor changes to the quantitative genetics theory of refs. (Held et al.,
2014; Nourmohammad et al., 2013b). In particular, the quasi-neutral growth of the trait divergence is still
given by equation (21), where ∆ is now the total genetic diversity of the trait.

To specifically test our inference method, we perform Fisher-Wright simulations as described above over
a wide range of the parameter ε2; individual epistatic effects Ekk′ are drawn from a Gaussian distribution
with mean 0. In an ensemble of 6000 independently evolving traits, we record both the actual average fitness
flux (equation 15) and the inferred fitness flux determined from the aggregate divergence Ω (equation 24).
Both quantities show no systematic dependence on ε2 (Fig. S7C), suggesting that our inference of adaptive
evolution is not confounded by trait epistasis.
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