Supplementary Information: Frequent non-genic adaptation and
gene birth through the interplay of functionality and expression
in a population
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Model time steps

Table 1: Estimates of one model time-step in various species. The following references were used to obtain
mutation rates (per base pair per generation): Farlow et al. [2015], Keightley et al. [2009], Lee et al. [2012], Lind
and Andersson [2008], Long et al. [2016], Ness et al. [2012], Ossowski et al. [2010], Saxer et al. [2012], Sung et al.
[2012], Zhu et al. [2014]. And the following references were used for generation times: Cassidy-Hanley [2012], Milo
et al. [2010], Petersen and Russell [2016], Harris [2009], Ishida and Hori [2017], Fey et al. [2007], Silva et al. [2009],
Fernández-Moreno et al. [2007], Koornneef and Scheres [2001]. Most references give a range of values or multiple
values of mutation rates and generation times depending on the culture conditions used. In such cases, we picked the
average reported value at a single culture condition that is consistent between the studies reporting mutation rate and
generation time in any one organism. The model time-step calculated in column 3 is the time it takes for 1 mutation to
occur in a locus of 100 bp.
Species
T.thermophila
S.cerevisiae
E.coli
S.pombe
C.reinhardtii
P.tetraurelia
D.discoideum
S.typhimurium
D.melanogaster
A.thaliana
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Generation time

mutation rate

model time step

2 hrs
90 min
20 min
2 hrs
6 hrs
8 hrs
4 hrs
21 min
10 days
6 weeks

7.6 ∗ 10−12
1.6 ∗ 10−10
2 ∗ 10−10
2 ∗ 10−10
3 ∗ 10−10
2 ∗ 10−11
2.9 ∗ 10−11
3 ∗ 10−9
7 ∗ 10−9
9 ∗ 10−9

3 ∗ 105 yrs
1.1 ∗ 104 yrs
1.9 ∗ 103 yrs
1.1 ∗ 104 yrs
2.3 ∗ 104 yrs
4.6 ∗ 105 yrs
1.6 ∗ 105 yrs
133 yrs
7.8 ∗ 104 yrs
2.4 ∗ 104 yrs

The effect of genomic background on the adaptation of single loci

In the model, we make the simplifying assumption of the fitness effects of the genetic background being constant over
the time-scales being considered. This assumption requires that the evolution of the rest of the genome is very fast
compared to that of the locus of interest. This is plausible for organisms with very large genomes, such that the number
of mutations incident on the rest of the genome is many times over the number of mutations incident on the locus of
interest.
We test this assumption in a more comprehensive multi-locus model, where we consider Nl = 200 loci, each of which
is randomly assigned a characteristic distribution of fitness effects (DFE) of mutations. Multiple loci in this genome
have the same DFE parameters, thereby allowing us to compare their outcomes (FigS.1(A)). Particularly, 4 out of the
200 loci had the Chlamydomonas DFE parameters. At each time step, a randomly chosen locus incurs a mutation in
each individual of the population. Fitness of an individual is the sum of fitness contributions from all loci. Similar to
the main model, the number of offspring an individual leaves is proportional to the relative fitness. Individuals with
even a single locus that has a fitness contribution less than -1 are inviable.
For this simulation, we used a population size of N = 1000, and ran for T = 100, 000 time steps. In this model, the
number of mutations incident on any one locus across the population during the simulation is on average (N × T )/Nl .
This is half the number of mutations encountered by the locus in the main model. Therefore, in order to compare the
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ability of loci to adapt in this multi-locus model with that in the main model, we count the number of loci with a given
DFE that cross the fitness threshold of 0.05.
The DFE parameters for loci that crossed the 0.05 threshold in this simulation almost exactly match the DFE parameters
of loci that cross the 0.1 threshold in the main model (FigS.1(B)). In particular, all 4 loci with the Chlamydomonas
DFE parameters cross the threshold in the multi-locus simulation. This indicates that our treatment of the genomic
background is reasonable for the purpose of this study.

FigS 1: Comparison of adaptation of loci in the main model versus the multi-locus model. (A) Histogram for
the number of loci out of 200 that have a particular set of DFE parameters (p, n, f, s). There is at least one locus
corresponding to each of the 81 DFE parameter sets tested in this study. (B) Comparison of the DFE parameter sets for
which fitness thresholds were crossed in the main model versus the multi-locus model.
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Adaptive evolution of non-functional loci at different population sizes

At the smaller population size of N = 100, our results remain qualitatively the same: the probability of the fitness
contribution of the locus crossing the threshold of 0.1 is positively correlated with p and f , and negatively correlated
with n and s (FigS.2(A), inset), and these parameters act independently of each other (FigS.3). And similar to the
N=1000 populations, time of minimum fitness is correlated with the model parameters (Table.S2).
There are substantial differences in the fitness trajectories of N=100 populations due to increased effect of random drift
(FigS.5(A)). While for most DFEs, spontaneous mutations are mostly deleterious, and selection is required to cross the
fitness threshold of 0.1, the level of drift in N=100 populations is able to overcome this effect (FigS.4). On the flip side,
drift also leads to the populations being more susceptible to locus deletion: While in the absence of locus deletion, the
fitness threshold of 0.1 was crossed in more than 50% of replicate N=100 populations for 50 out of 81 parameter sets,
including the Chlamydomonas parameters (FigS.2), in the presence of locus deletion, the number of parameter sets for
which the locus survives deletion is much lower (FigS.5(B)).
Table 2: Pearson’s correlation coefficients between DFE parameters (rows) and time of minimum fitness for N =
100 and N = 1000 populations. The numbers in the parentheses indicate p-values.

p
n
f
s

4

N=100

N=1000

-0.44 (4.5 × 10−5 )
0.29 (0.01)
-0.56 (5 × 10−8 )
0.076 (0.5)

-0.41 (1.6 × 10−4 )
0.37 (6.1 × 10−4 )
-0.52 (7 × 10−7 )
0.062 (0.6)

ODE model describing the effect of locus deletion

We describe here the effect of locus deletion on the evolutionary dynamics of non-functional loci in terms of competition
between individuals that contain the locus, and those that have lost the locus. In the reduced ODE model described
below, x is the fraction of the population that contains the locus, and y is the fraction that has lost the locus. Initially,
2
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FigS 2: Parameters conducive to adaptation in N=100 vs N=1000 populations. (A)Histogram for the fraction of
replicate populations that cross the fitness threshold for various parameter sets (p, n, f, s), for d = 0 and population
size N = 100. Inset: Histograms for the number of parameter sets with given values of parameters p, n, f , or s for
which more than half of the replicate populations cross the fitness threshold. (B) Scatter plot comparing the fraction of
replicate populations that cross the fitness threshold for various parameter sets for N=100 (x-axis) and N=1000 (y-axis).
Each point represents a parameter set. For points in the upper right quadrant indicate parameter sets where > 50%
of replicates cross the threshold in both N=100 and N=1000 populations. Points in the upper left quadrant cross the
threshold only in N=1000 populations.

FigS 3: Trade-off between the shape parameter and frequency and size of beneficial mutations. We show results
here for populations of sizes (A,B) N = 100 and (C,D) N = 1000. In the heatmaps, rows indicate values of the shape
parameter, columns indicate values of (A,C) fraction of beneficial mutation f, (B,D) mean size of beneficial mutations p.
Colors indicate the fractions of systems such that at least 50% of the replicate populations crossed the fitness threshold
of 0.1.

x = 1 and y = 0. An individual containing the locus can lose it with probability d. For the fraction of the population
that contains the locus, locus fitness f follows a parabolic trajectory with time t:
df /dt = a ∗ (2t − b)
3
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FigS 4: Selection is essential for sustained fitness increase. Scatter plots for the fraction of replicate populations
that cross the fitness threshold of 0.1 with (y-axis) versus without (x-axis) selection. Each point represents a distinct
parameter set. (A)N=1000, (B) N=100.

FigS 5: Time of minimum average fitness effects probability of retention of the locus in N=100 populations.(A)
The trajectory of population average fitness in one of the replicate populations with Chlamydomonas DFE parameters,
with no locus deletion. Average fitness is indicated by the black line, and the grey shading represents standard deviation.
The red point indicates the time step at which average fitness has the minimum value. Parameters used to generate
the fitness trajectory are given in the figure. Here, the locus deletion probability d = 0. (B) Scatter plot showing how
populations where minimum average fitness is achieved later are more likely to be affected by locus deletion. Each point
represents a parameter set. The x-axis indicates the time at which minimum average fitness is achieved averaged over
all the replicate populations with the same DFE parameters (p, n, f, s). Black points represent parameter sets where
≥ 50% of the replicate populations cross the fitness threshold, and blue points represent parameter sets where < 50%
of the replicate populations cross the fitness threshold. The dotted red line indicates the time of minimum average fitness
for Chlamydomonas parameters.

This trajectory resembles the model’s average fitness trajectories of populations which cross the fitness threshold (see
main text: Fig.2(B)) in that they are characterized by two parameters a and b which govern the minimum fitness ( =
−(a ∗ b2 )/2) and time of minimum fitness (= b/2) respectively (FigS.6(A)).
Competition between individuals is captured by the following equations that govern the growth of the fractions of the
populations x and y:
dx/dt = x ∗ (1 + f ) ∗ (1 − x2 ) – d ∗ x — (1)
4
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dy/dt = y ∗ (1 − y 2 ) − f ∗ x + d ∗ x — (2)
In the right hand sides equations (1) and (2), the first terms capture logistic growth with adjustments to keep values of x
and y between 0 and 1. Fitness of the locus, f , introduces competition: positive f favors the growth of x and hinders y.
The last terms represent the effect of locus deletion; individuals are transferred from population x to population y at a
rate d.
We run the ODE for a time t = 1000. We then determine whether the locus would survive in a population of size N by
asking if at least one individual with the locus survives in the population, i.e. x ∗ N >= 1. We find that for populations
which achieve minimum fitness at later times, and have a lower value of minimum fitness, the locus only survives for
small values of d (FigS.6(B)). Since time of minimum fitness and minimum fitness are correlated in the model, this
explains how locus deletion blocks the adaptive evolution of non-functional loci.

FigS 6: Effect of locus deletion in N=1000 populations. (A) Fitness trajectory in the ODE model for parameter values
a = 0.1 and b = 2.(B) Heatmap of survival of the locus in N=1000 populations. The rows represent the probability of
locus deletion (d) and the columns represent the time of minimum fitness. Colours indicate the most negative minimum
fitness which survives in the population.

Distributions of ∆A
The exponential distribution is a good fit for ∆A values across all parameter sets. The scale of the best fit distribution
varies according to the parameter values; for example, the scale increases on average as a function of the size of
beneficial mutations p (FigS.7).

Expression level and adaptive value as drivers of fitness trajectories
In our simulations, for most populations which cross the fitness threshold of 0.1, population average trajectories of
both expression level trajectories and adaptive value trajectories were positively correlated with the average fitness
trajectory. Nevertheless, a comparison of correlation coefficients across all populations suggests that fitness change is
more strongly driven by adaptive value (FigS.8).
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Deviation of ∆E distribution from the intended power law

The distribution of ∆E reported in Vaishnav et al. [2022] provides us with estimates of the magnitudes of changes in
expression level due to mutations. Such changes in expression level are highly likely to be correlated with corresponding
changes in fitness levels due to the mutation. In our model, due to unavailability of data on these correlations, we draw
∆E and ∆f independently of each other.
Importantly, we assume that ∆E is equally likely to be positive or negative. In our simulations, we initialize the locus
with a very low value of expression level (=0.001), and expression level is not allowed to be negative. Therefore, we
make adjustments to the value of ∆E if the expression level drops too low (see main text: Method to update expression
level and adaptive value). Such adjustments necessarily lead to small deviations of the ∆E distribution from the power
law distribution (FigS.10).
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FigS 7: Scale of ∆A exponential fits as a function of the model parameter p. Each point represents a parameter set;
to obtain the fit, ∆A values were pooled from all time steps across all individuals across all replicates. The confidence
intervals obtained for each fit through bootstrapping are too narrow to be visible in the figure.

FigS 8: Histograms for correlations between expression level, adaptive value and fitness trajectories for populations where the fitness threshold of 0.1 was crossed. (A) correlations between expression level and fitness trajectories.
(B) correlations between adaptive value and fitness trajectories.
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FigS 9: Histogram for correlations between random expression level (E rand ) and fitness trajectories for populations where the fitness threshold of 0.1 was crossed. We drew mutational effects on expression level (∆E rand ) from
the same power law distribution used in the main simulations for N=1000 individuals for 1000 time steps. Here, no
rand
selection was involved in the update of expression levels, and for some individual i, Et+1
(i) = Etrand (i)+∆E rand (i);
rand
rand
rand
we reset E
(i) to 0.001 whenever Et+1 (i) < 0.001. E
(i) never crossed 1, which represents the highest
possible expression level. While the trajectories of E rand and fitness show very little correlation, expression level
trajectories obtained from the simulation are highly correlated (see FigS.8(A)).

FigS 10: Adjustments to ∆E in a run of 1000 time steps for a population of 1000 individuals. Each individual is
treated independently of the others. (A) Histogram for the number of times adjustments are applied to ∆E. (B) Scatter
plot for number of times an adjustment was applied (x-axis) versus the final time step at which the adjustment was
applied.
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