Supplementary Information

Supplementary Methods 1: Stochastic theory of phenotypic interference

In the main text, we derive the scaling relations of phenotypic interference, Equation (3) — Equation @D, using
the evolution equation for quantitative traits, Equation , in its deterministic limit (x = 0). Here we show
that the fully stochastic evolution equation generates the same scaling. These stochastic fluctuations generate
an ensemble Q(T',t), which is the distribution of I" over parallel-evolving genes. We convert Equation
into an equivalent diffusion equation [1] for the probability density Q(T,t),
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with the average trait diversity Ag given by Equation . The equilibrium probability distribution Qeq(I")
describes the stationary fluctuations of the population mean trait I'(¢) of a stable gene around its long-term
average (I') = [T Qeq(T) dT'; these fluctuations are generated by genetic drift and (predominantly) genetic
draft. In the biophysical fitness landscape, Equation , the equilibrium distribution can be evaluated
analytically,
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where Gamma and PolyGamma are standard transcendental functions. This function is plotted in
[mentary Figure 3p. The resulting average,
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shows that genes are slightly more stable than estimated from the deterministic average derived in the main
text, I'/kgT = —log(2k6ksT/ foee). Through the nonlinearity of the fitness landscape, the fluctuations of
the mean trait T' induce fluctuations of the conditional average fitness variance, (A;)(I') = Ag f?(I'). We
obtain the equilibrium distribution
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with Gammage, denoting the generalized gamma distribution (Supplementary Figure 3p). The average
fitness variance
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differs from its deterministic counterpart, Equation by a prefactor of order 1. Similarly, the I" fluctuations
induce fluctuations of the interference load of individual genes,
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(Supplementary Figure 3¢). The resulting dependence
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is identical to the deterministic case; the fluctuation effect on (I'), Supplementary Equation is offset by
the fluctuation load in a downward-curved fitness landscape.



Supplementary Methods 2: Cross-over scaling of the fitness wave

An asexual mutation-selection-drift process with genomic sites of fixed selection coefficient s has two distinct
scaling regimes [2.[3],
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which correspond to independently evolving sites and to an asymptotic fitness wave with strong interference
selection, respectively. At the crossover point g. = ¢s/(4u), the relation
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is valid. Comparing this relation with the generic scaling under phenotypic interference, 6 = 2ug/c = s/2
as given by Equation and Equation @7 we conclude that the phenotypic fitness wave is locked in the
crossover region of marginal interference.

This scaling has two important consequences. First, the phenotypic interference process has a sufficiently
high mutational input for fitness wave theory to be applicable, ug 2 s |3l4]. Second, as discussed in the main
text, Supplementary Equation [S| expresses the feedback between global and local selection in a phenotypic
fitness landscape, which tunes selection coefficents to the g-dependent value s = 4ug/c. Consistently, the
phenotypic fitness wave has a fitness variance o2 ~ g2, compared to the scaling 02 ~ ¢*/3 of the asymptotic
regime at fixed selection coefficients (up to log corrections).

Supplementary Methods 3: Extended biophysical fitness models

In this section, we develop alternative evolutionary models of quantitative traits under genetic linkage.
The mode of phenotypic interference, which is characterized by a superlinear scaling of the genetic load with
genome complexity, occurs in all cases, suggesting it is a generic property of this class of models. Specifically,
we discuss housekeeping dynamics in extended models of protein evolution.

Active protein degradation. This non-equilibrium process affects a wide range of proteins, for example
through the ubiquitin-proteasome pathway [5]. It ensures that regulatory proteins are rapidly cleared once
their function ends (at a particular point of the cell cycle). Consider a simple model that has thermal rates
of folding and unfolding, /iJGr and kg, given by
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These rates satisfy the detailed balance condition £~ (G)/k1(G) = exp(—G/kgT) and become kinetically
limited in the regime of a large drop in free energy, Hg ~ k2 for £G/kgT > 1. Active protein degradation
takes place with a rate r > k(G) that supersedes the thermal process. Here we do not model details of the
pathways of protein synthesis from and degradation into amino acid constituents, which would only affect
the total protein concentration but not their state probabilities. In the steady state of the active-degradation
model, proteins are folded with probability
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(active degradation), (S11)

where v = r/k%. Hence, this model retains the sigmoid form of the fitness landscape given in Equation ([13)
and shown in Box 1 (top) of the main text, and our evolutionary conclusions remain invariant.



Stability-affinity model. This model extends the minimal protein model discussed in the main text
by explicitly including protein function, which is assumed to be mediated through binding to a molecular
target. Proteins can be in three thermodynamic states: functional, i.e., folded and target-bound (4+4),
folded and unbound (+—), and unfolded (——). We assume that unfolded proteins cannot bind their target,
which implies that the fourth state of unfolded proteins localized to their target (—+) is suppressed by the
entropy loss of localization. We consider two different thermodynamic ensembles of these proteins.

(i) In thermodynamic equilibrium, the statistics of this ensemble is governed by two quantitative traits,
which are defined as free energy differences: the fold stability G = G__ — G4_ and the reduced binding
affinity £ = G1_ — G4, which includes the entropy loss of localization and depends on the ligand concen-
tration. The equilibrium state probabilities p; 4, p—_, and p__ are given by Boltzmann statistics depending
on the traits G and F; in particular,
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Equilibrium models of this kind are well known in protein biophysics [6}/7], and have been used to build
fitness landscapes [8,9].

(ii) Active degradation is again a ubiquitous process that drives the thermodynamics out of equilibrium;
this process is particularly relevant for target-bound proteins that would have a long lifetime at thermody-
namic equilibrium. Here we assume protein folding (——) — (+—) takes place with a thermal rate K)E(G)
given by Supplementary Equation protein degradation takes place with a single rate r for the processes
(++) = (=) and (+—) — (——), and the (un-)binding dynamics takes place with thermal rates x5 (E)
analogous to Supplementary Equation In this model, the folding and binding processes decouple, and
we obtain the non-equilibrium steady-state probability
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with vg = r/kY and vg = /K.
From these ensembles, we build thermodynamic fitness landscapes

f(G,E) = fop++(G, E) (S14)

analogous to Equation ; these landscapes are plotted in [Supplementary Figure 5ab.

The population genetics of the two-trait system is described by the population mean values I'¢ and
T'g, the diversities Agg and Agg, and the covariance Agp. Under mutations, coalescence, and selection
given by the fitness landscape f(G, E), the mean traits follow a stochastic evolution equation analogous to
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with white noise of mean and variance
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Here we discuss the simplest stationary states of housekeeping evolution in this model, using the deterministic
limit of the evolution equation (xg¢ = xg = 0). The trait diversities Age and Agg are given as in
Equation , and we assume that pleiotropic sites have uncorrelated effects on both traits, i.e., Agp = 0;
this has recently been observed in [10]. As in the main text, we set kg = kg = 1, which says that most
random mutations reduce stability and affinity.

In equilibrium, the high-fitness part of the fitness landscape takes the asymptotic form f(G, E) ~ fo[l —
e B/keT (1 4 e=G/keT 4 o= E/keT)] 4 O((e=F/kBT ¢=G/kT)3) The mutation-selection equilibrium leads to



mean trait values
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where only the E-component depends on the coalescence rate ¢. Comparison with the minimal model,
Equation , shows that in the stable part of the fitness landscape, the equilibrium stability-affinity model
becomes an essentially one-dimensional problem for the affinity trait E [8]. The total fitness variance per
gene, Ay = 2(ug + ug)d, is of the universal form Equation with an effective mutation rate

U=ug+ug. (S18)

We conclude that housekeeping evolution in this model follows the same scaling as in the minimal model,
Equation — Equation , with the parameter u given by Supplementary Equation However, the
equilibrium model lacks evolutionary stability, because lack of folding stability (G > 0) can be compensated
by a stronger binding affinity.

With active degradation, the high-fitness part of the fitness landscape takes the asymptotic form f(G, E) ~
foll —e B/kBT —ya /(1 + vg) e C/*BT] 4 O((e=EB/kT ¢=G/ksT)2) " Hence, for stable genes (fy > &), the
evolutionary dynamics of the traits G and E becomes approximately independent. The traits of each gene
are at a mutation-selection equilibrium of the universal form Equation , generating a combined fitness
variance Ay = 2(ug + ug)d. Therefore, housekeeping evolution in this model also follows the same scal-
ing as in the minimal model, Equation — Equation , with a total mutation rate per gene given by
Supplementary Equation and an effective value of g that is twice the number of genes,

Jeff = 29 (819)

In particular, the system-wide interference load is about twice the value of the minimal model, L;,; ~ Sug?/c,
as used in the main text. This estimate disregards the additional contribution from the enhanced total
mutation rate, Supplementary Equation which takes into account that ug < ug for many binding
domains.

The form invariance of housekeeping evolution in these models shows the robustness of the phenotypic
interference mode. It also suggests that in more general contexts, we can define genomic complexity as the
number of quantitative traits that evolve (approximately) independently; see the Discussion of the main
text.

Single-peak fitness model. A minimal model of stabilizing selection is a quadratic landscape [11413],

F(B) = —fo(B — E")? (520)

(Supplementary Figure 5¢). This model penalizes deviations from an optimal trait value E*. In contrast to
the biophysical landscape, there is no gene loss in a quadratic landscape, because there are no constraints
on its slope. As long as mutations generate trait equilibria predominantly on one flank of the landscape, the
basic scaling of phenotypic interference, Equation — Equation , is universal and, hence, the same as
in the minimal model. The genetic load for a single gene, Lyene = —f(T') = u?e% /4A% fo, has been derived
in [1]. With Ag given by Equation (T)), we find a system-wide interference load
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Hence, the single-peak model has an even stronger load nonlinearity than the biophysical fitness landscapes.



Supplementary Discussion: Comparison of models for the evolution of recombi-
nation

A variety of models and hypotheses describe selective pathways for the evolution of sexual reproduction; see,
e.g. refs. [14416]. A feasible pathway has to be selected for, or at least not selected against, in the short-term
and provide a net benefit of recombination in the long term. The phenotypic interference pathway discussed
in the main text realizes these criteria in a two-stage process. Genetic changes enabling recombination at a
rate R of order R* ~ ug involve a cost of order

Lyec ~ R*; (S22)
the subsequent elimination of the interference load generates a g-fold higher benefit of order

Ling ~ gR". (523)
We can compare this pathway with four broad classes of previous models:

e Direct benefits of recombination have been proposed in the literature; see, e.g., the reviews and collec-
tions [14H20|. For example, offspring from two parents can have an increased its survival chance, the
recombination process can go along with a repair of damaged DNA or a reduced deleterious mutation
rate, or selection becomes more efficient with mate choice. These models are not about breaking linkage
correlations, and it has been shown that their effect is marginal in the evolutionary process [15][16].
Moreover, the proposed mechanisms involve complex machinery and two sexes, so they do not apply
to microbial evolution. Their short- and long-term benefit is at most linear in R and, hence, much
smaller than the quadratic benefit L, in the phenotypic interference model.

e Broad epistasis across genes provides another selective benefit of recombination. For example, the
mutational deterministic hypothesis posits negative epistasis between deleterious mutations across the
entire genome [15,[21]. In a mutation-selection balance, this type of epistasis can halt the dynamics
of Muller’s ratchet at a mutational load £ ~ U [22], where U 2 ug is the total genome-wide rate
of deleterious mutations. In this model, recombination generates a a short-term benefit by breaking
negative epistatic links, which leads to a long-term benefit AL ~ U by elimination of the mutational
load [15]]16,21]. Again, this benefit scales linearly with g and, hence, is much smaller than the quadratic
benefit in the phenotypic interference model. Moreover, the assumption of genome-wide epistasis is
unrealistic as a generic selective pathway to recombination [16[19]. In another model with broad,
heterogeneous pairwise epistasis, recombination generates a transition from genotype selection to gene
selection [23]. This causes a short-term benefit, but the transition causes a net fitness loss by breaking
linkage between epistatic sites [23]. Our model replaces the assumption of global epistasis across the
genome by local diminishing-return epistasis between loci affecting the same protein stability or affinity
trait. This form of epistasis follows directly from the underlying thermodynamic nonlinearities, and
its evolutionary effects differ from global epistasis.

e Models of adaptive evolution generate a benefit of recombination by enhancing adaptability to time-
dependent selection pressures. An example is the red queen race of a host co-evolving with a par-
asite under epistasis generated by the host-parasite interaction [14}|16}|17,|20]. In these dynamics,
recombination breaks linkage disequilibria and can generate rare, fitter individuals, which entails a
“delayed-short term benefit” [24]. Although the red queen scenario has experimental evidence for spe-
cific systems [164[18,|20], this type of models requires strong, continual adaptation, as well as stringent
assumptions on the form of selection [161|18,20]. The phenotypic interference model requires none of
these assumptions. The benefit of recombination arises already in a conservative and non-adaptive
scenario of housekeeping evolution, and it depends only on local epistasis of individual protein traits.
Moreover, a short-term benefit of recombination is not required because the cost L. is marginal (i.e.,
of order of the inverse effective population size).



e Recent models of interference selection [3./25128] use a mutational input with rate U and a prescribed
distribution of additive selective effects with mean fy. The clonal interference dynamics in these
models has two important quantitative differences to phenotypic interference. First, in models of
predominantly deleterious mutations, the nonlinear effects of interference, which are associated with
Muller’s ratchet, set in at a rate Uy, = folog(Nefo) [25H27,29430]. This corresponds to an onset gene
number gy, = (fo/u) log(N,fo) that is larger than the onset of phenotypic interference at go ~ ¢ (Fig. 1b
compares these scales for a reasonable selective effect strength of fy = 200u). Second, in models
of adaptive evolution, the crossover from clonal to sexual evolution takes place at a characteristic
recombination rate R ~ /N.Uy, /2, where Uy, denotes the genome-wide rate of beneficial mutations |3
28]. Inserting the condition of clonal interference between beneficial mutations, N.Uy, > 1 [31], the
rate R > fo is typically larger than the threshold rate R* ~ wg of phenotypic interference. Because
the models are defined in the infinite-sites framework [3}/28], no direct balance of genomic costs and
benefits of recombination has been performed. However, we expect this balance to differ substantially
from the case of phenotypic interference, because the benefit sets in at a larger gene number ¢,,, and
the cost is determined by a larger threshold rate R.

In summary, phenotypic interference generates a marginal cost and a strong benefit of recombination
under minimal assumptions on the genome-wide selection and mutation landscapes. These include diminish-
ing return epistasis acting on individual molecular biophysical traits; whereas direct benefits, genome-wide
epistasis, and continual adaptation are not required.
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Supplementary Figures
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Supplementary Figure 1: Local and global statistics of phenotypic interference. a Distribution of a single
protein stability trait G. Snapshots of an evolving population at two uncorrelated time points (marked by blue and
orange colors) show strongly peaked distributions with large fluctuations, indicative of a low-mutation regime with
strong genetic drift and draft . b Distribution of the global fitness f, relative to the mean population fitness f.
Snapshots of the combined fitness variation of all protein traits show a steady fitness wave of approximately Gaussian
form with noisy tails [2,[4}25/[31H34]. Stability is given in units of k»T" (see text); fitness differences are measured per
generation. Local and global population statistics are analytically compared in Methods. Simulation parameters:
N = 1000, g = 1000, u = 1.25 x 1073, ¢¢/ksT = 1; see Methods for simulation details.
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Supplementary Figure 2: Trait and fitness statistics depend on the coalescence rate. Simulation data
(dots) for different numbers of genes g and gene selection fy (indicated by color) are plotted against the measured
(squared) coalescence rate, together with model results under phenotypic interference (red dashed lines). See Fig. 3
for the dependence of these observables on gene number. a Expected scaled diversity, 6¢ = Ag/e%, of a single-protein
quantitative trait G; phenotypic interference scaling 6, ~ u/(25) (red line) as given by Equation (I). b Mean square
selection coefficient at sequence sites, s?; phenotypic interference scaling s> = 45> (red line) as given by Equation (3).
c Fitness variance per gene, Ay; phenotypic interference scaling Ay = 2ué (red line) as given by Equation (3]).
d Total genomic fitness variance o%; generic fitness wave scaling 02 /5% = co log(No), as given by Equation @) .

11



gl [T ~ 15108
— ! o
c g 8x10° ' g
z S : Q=10
3 g 6x100 . -
e} o . ' =
.,,_6" o 4x106 : o 5x103
© x 1 -
a 9 2x10 : e
of, . e o 0 v )
0  5x108 1.x10771.5x10772.x 1077 0 121074 2x1074
mean trait, fitness variance, A¢ genetic load, Lgene

Supplementary Figure 3: Equilibrium distributions under stochastic evolution. The figure shows the
probability density functions a of the mean population trait, Qeq(I"), b of the conditional expected fitness variance,
Qeq(Ay), and c of the genetic load per gene, Qeq(Lgene); see Equation — Equation . These distributions
measure deviations from long-term averages (dashed lines), which are generated by genetic drift and draft. The
corresponding deterministic solutions are marked by dotted lines; both lines coincide in ¢. All pdfs are shown for
& = f0/100 = 10™*; other parameters as in Fig. [2 See Supplementary Methods 1.
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Supplementary Figure 4: Additivity of the genomic fitness variance. For housekeeping evolution in the

minimal biophysical model, we plot the total fitness variance, o, against the additive part Ap; 4 --- + Ay . The
additivity is used in the closure of the evolutionary dynamics; see Equation — Equation @) and Fig. 2.
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Supplementary Figure 5: Fitness landscapes of extended models. a, b Thermodynamic fitness landscapes
f(G, E) of the stability-affinity model, Supplementary Equation — Supplementary Equation are shown as
functions of the stability G and the affinity E. Stable populations, characterized by stationary mean values (I'¢,'g)
and variances (Ag,Ag), are marked by red ellipsoids. a Thermodynamic equilibrium. b Non-equilibrium driven
by active degradation of folded proteins. In the high-fitness part, this landscape becomes approximately additive
in G and E. ¢ Quadratic fitness landscape f(F), Supplementary Equation as a minimal model for stabilizing
selection on a quantitative trait E. Stable population states on a flank of the landscape are marked by red dots. See
Supplementary Methods 3; cf. Fig. 1a for the fitness landscape of the minimal model.
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Supplementary Tables

‘ name description

n u mutation rate per gene
% g number of genes
g | mean squared mutational effect
2 | f(G) fitness landscape of single gene (growth rate contribution)
~ selection strength

r=aGg mean trait

Ac=0C2—-G heritable trait variance

L= foae — f genetic load

Ar=f2—T ~Acf' ()

fitness variance

2 = 2170

mean squared selection coefficient

genome variables | gene variables

Supplementary Table 1:

o° =gAy global fitness variance

oc=1/(2N,) = o /\/c coalescence rate

c~10° wave complexity

4 tail distance of fitness distribution

go = c/4 min. genome size for phenotypic interference

R genome wide recombination rate between genes
E=gs/R linkage block size

List of mathematical symbols. Parameters are model inputs, gene variables refer

to local traits, and genome variables are global at the level of the entire genome.

H Saccharomyces cerevisiae ‘ Drosophila melanogaster ‘ Arabidopsis thaliana

p [ 3-1078 [35) 3-1077 [36] 7-1079 37]
¢ [[ 1401 [38] 1500 [38] 2232 [39]
g || 6563 [39] 14332 [3§] 26990 [40]
R | 31072 [41) 21073 — 1-1070 [42.43] | 2-1070 [44]
R* | 6-10°° 1-1073 ) 9.1073

Supplementary Table 2: Genome data and estimates of threshold recombination rates. Point mutation

rate u, average gene length ¢ (in bp), gene number g and recombination rate R per genome (map length) are shown for
three recombining species. The parameter range for D. melanogaster describes local recombination rates in different
parts of the chromosomes (in the same units) [43]. An upper bond of the threshold recombination rate R* marking
the transition to sexual evolution is obtained from Equation (with ug = plg and ¢ = ¢o ~ 100), cf. Fig. .
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