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Multiple distinct evolutionary mechanisms
govern thedynamics of selfishmitochondrial
genomes in Caenorhabditis elegans

Bryan L. Gitschlag 1,2 , Claudia V. Pereira1, James P. Held 1,
David M. McCandlish 2 & Maulik R. Patel 1,3,4,5

Cells possess multiple mitochondrial DNA (mtDNA) copies, which undergo
semi-autonomous replication and stochastic inheritance. This enables mutant
mtDNA variants to arise and selfishly compete with cooperative (wildtype)
mtDNA. Selfish mitochondrial genomes are subject to selection at different
levels: they compete against wildtype mtDNA directly within hosts and indir-
ectly through organism-level selection. However, determining the relative
contributions of selection at different levels has proven challenging. We
overcome this challenge by combining mathematical modeling with experi-
ments designed to isolate the levels of selection. Applying this approach to
many selfish mitochondrial genotypes in Caenorhabditis elegans reveals an
unexpected diversity of evolutionary mechanisms. Some mutant genomes
persist at high frequency for many generations, despite a host fitness cost, by
aggressively outcompeting cooperative genomes within hosts. Conversely,
some mutant genomes persist by evading inter-organismal selection. Strik-
ingly, the mutant genomes vary dramatically in their susceptibility to genetic
drift. Although different mechanisms can cause high frequency of selfish
mtDNA, we showhow they give rise to characteristically different distributions
of mutant frequency among individuals. Given that heteroplasmic frequency
represents a key determinant of phenotypic severity, this work outlines an
evolutionary theoretic framework for predicting the distribution of pheno-
typic consequences among individuals carrying a selfish mitochondrial
genome.

Major evolutionary transitions follow a similar adaptive logic from
solitary to social living as from unicellular to multicellular life, pro-
karyotic to eukaryotic cells, and molecular replicators to cells and
genomes1–3. In each case, previously independent entities form a
cooperative group that reproduces and undergoes natural selection as
a unified collective1–5. By contributing to the fitness of other group

members, however, cooperative interactions can select for selfish,
cheater entities6–9, whichoccur at each level of biological organization,
from the molecular to societal9–13. Although cheating confers an
advantagewithin groups, by assuming the benefitswithout the costs of
cooperation6, cheaters also face disadvantages for numerous reasons.
These include suppression or policing mechanisms that enforce
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cooperation, as well as negative frequency-dependent selection, that
is, declining fitness as cheaters becomemore frequent12,14. Selection at
higher levels of biological organization, which rely on cooperation, can
also counter the fitness advantage of cheaters, consistent with obser-
vations ranging from selfish genetic elements to animal societies10,14–17.
Thus, different evolutionary mechanisms, such as multilevel and
frequency-dependent selection, are thought to help resolve an
apparent paradox, namely the coexistence of cooperative and selfish
entities12,14–17.

Like other major evolutionary transitions, the origin of the
eukaryotic cell led to conflicting strategies of cooperation and cheat-
ing. This arises from the fact that mitochondria retain their own DNA
(mtDNA), a remnant of their bacterial ancestor, whose symbiotic
relationship with the nucleus serves as both the foundation of eukar-
yotic life and as a source of genetic conflicts18–20. In contrast to the
typically diploid nuclear genome, an animal cell contains hundreds or
thousands of mtDNA molecules21,22, which replicate asynchronously
throughout the cell cycle23,24. High mtDNA copy number and relaxed,
semi-autonomous replication frequently give rise to a heteroplasmic
state, inwhich ahost organismharbors amixedpopulationofdifferent
mtDNA variants. Competition for replication and transmission can
select for mutations that confer a selfish advantage over other mtDNA
variants within a host, whereas host fitness constitutes a form of group
selection favoring cooperative genomes18,25–28. Mitochondria thus

serve as an exceptional case study for understanding the dynamics of
cooperation and conflict.

Consistent with the conceptual framework ofmultilevel selection,
prior research has uncovered numerous insights into the molecular,
physiological, and environmental determinants of the fitness effects of
mitochondrial mutations29–32. Many such findings can be credited to
the mutant genome uaDf5 in the model species Caenorhabditis
elegans26,30–39. Due to a 3.1-kilobase deletion resulting in the loss of four
protein-coding and seven tRNA genes (Fig. 1a), uaDf5 negatively
impactsmitochondrial respiration andhostfitness26,34–36. Despite these
effects, uaDf5 can persist alongside cooperative (wildtype)mtDNA in a
heteroplasmic state for hundreds of generations38. How is this
accomplished? In agreement with theory40, experimental work has
shown that uaDf5 propagates not only in spite of but because of its
adverse effects, by exploiting physiological stress-resistance
mechanisms32,34,36, consistent with uaDf5 being a bona fide cheater6.
On the one hand, these findings highlight uaDf5 as a valuablemodel of
a biological cheater. On the other hand, a disproportionate fraction of
mechanistic insights have come through studying this
genome18,26,27,29,30,32,34,36,37,39, which challenges the ability to draw broad
conclusions.Moreover, although prior studies have implicated diverse
mito-nuclear interactions in the selfish propagation of mitochondrial
mutations26,29,32,34,36,41, as well as substantial variation in their pheno-
typic effects42,43, this work spans multiple species18,27,29. Animal species
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Fig. 1 | A collection of mutant mitochondrial genotypes stably persisting in a
heteroplasmic state despite disruption of essential respiratory genes.
a C. elegans mitochondrial genome, with the locations and sizes of mutations
represented by the color-coded bars: uaDf5 (red), mpt2 (blue), mptDf2 (purple),
mpt4 (orange),mptDf3 (green).bDistribution of heteroplasmicmutant frequencies
for age-synchronized adult animals each carrying one of themutations shown in (a)

(data are provided in Source Data file). Error bars indicate mean and 95% con-
fidence interval of mean: 0.63 ± 0.03 (uaDf5); 0.67 ± 0.7 (mpt2); 0.38 ± 0.07
(mptDf3); 0.79 ± 0.02 (mptDf2); 0.79 ± 0.03 (mpt4). c Schematic of multilevel
selection, with a selfish mitochondrial genome undergoing positive intra-
organismal (within-host) selection and negative inter-organismal (between-host)
selection. Shading indicates frequency of selfish mtDNA.
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vary widely in ways that affect mitochondrial genome biology,
including nuclear genome composition, development and organiza-
tion of the germline, and environmental context29,44. Although such
factors provide important insight on mitochondrial biology across a
diversity of taxa and conditions, here we sought to explore the diver-
sity in evolutionary dynamics that can arise solely from variation in
mitochondrial genotype, under conditions that control for these other
factors.

To address these challenges, we developed an approach that
leverages a collection of mutant mitochondrial genotypes within a
single species, namely C. elegans. In particular, we combine mathe-
matical modeling with laboratory experiments to comprehensively
measure the evolutionary forces that govern the population dynamics
of these stable heteroplasmies. First, we introduce a stochastic
population-genetic model of selfish mitochondrial genomes, which
includes different levels of selection (organismal and intra-organismal)
plus genetic drift. Theoretical modeling revealed that different evo-
lutionary mechanisms give rise to qualitatively similar outcomes, such
as the persistence of a mutant genome at high heteroplasmic fre-
quencies. Despite these qualitative similarities, however, the distribu-
tion of mutant frequencies among hosts contains information about
the underlying evolutionary forces. To test our theoretical results, we
fit our model to empirical data, obtained from experiments designed
to disentangle the levels of selection. We applied this approach to a
collection of mitochondrial genotypes, encompassing mutations that
affect enzyme complexes I, III, and IV of the electron transport chain
(ETC), in addition to the well-known mutant mtDNA variant uaDf5
(Fig. 1a). Importantly, althougheachmutant genomestably propagates
in heteroplasmic lineages, the distribution of mutant frequencies
among heteroplasmic individuals varies considerably between these
genotypes (Fig. 1b). Indeed, consistentwith our theoretical analysis,we
find that although cheating is a common feature of mutant mito-
chondrial genomes, the evolutionary mechanisms comprising their
cheating strategy, and which maintain these observed distributions of
mutant frequencies, are fundamentally different depending on the
affected loci.

Results
Population-genetic modeling implicates multiple mechanisms
in the evolutionary dynamics of selfish mitochondrial genomes
To understand the complex population genetics of selfish mitochon-
drial genomes, we developed a population-genetic model that cap-
tures natural selection at the intra- and inter-organismal levels, as well
as genetic drift within heteroplasmic lineages in order to reflect sto-
chasticity in development and mitochondrial inheritance.

For selfish mtDNA mutants, let us first consider how mutant
mtDNA frequency within an individual, z, changes between parent and
progeny (Fig. 1c, top row). To capture this effect, we define the intra-
organismal fitness function wintra(z) to be the net relative replication
success of selfish versus cooperative (wildtype) mtDNA, per orga-
nismal generation, as a function of z. Thus, mutant frequency tends to
increase when wintra(z) > 1 but tends to decrease when wintra(z) < 1. We
use a three-parameter fitness function, which can accommodate
frequency-dependent or frequency-independent fitness effects and
either linear or nonlinear frequency-fitness relationships (seeMethods
for details). While the intra-organismal fitness function and current
mutant mtDNA frequency z determine the expected mutant mtDNA
frequency among progeny, to capture stochasticity during develop-
ment and inheritance, we model these dynamics phenomenologically
as consisting of a single generation of aWright-Fisher processwhere in
eachgenerationmtDNApasses through adevelopmentalbottleneckof
size N. In our modeling framework N is best viewed as an effective or
“virtual”mtDNA bottleneck size, since it reflects the cumulative effect
of drift throughout the organismal lifecycle, both during early devel-
opment and in the adult germline.

Moving to the organismal level, we treat the inter-organismal
(between-host) dynamics deterministically, corresponding to the case
of an infinite population of heteroplasmic hosts. We define organism
fitness worg(z) as the expected number of viable offspring per hetero-
plasmic parent with mutant mtDNA frequency z, divided by the
expected number of viable offspring per homoplasmic-wildtype par-
ent.We assume amodel of purifying selection, so thatwhole-organism
fitness is monotonically decreasing with increasing selfish mtDNA
frequency (Fig. 1c, bottom row), with organisms fixed for the mutant
mtDNA becoming sterile or inviable (that is, worg(1) = 0), since the
mutations investigated here delete one or more essential respiratory
gene(s). Because previous heteroplasmy studies have observed
threshold effects,wherebymodest shifts inmutant frequency can have
large phenotypic consequences45,46, we fit a two-parameter fitness
function that can accommodate both simple linear and power-law
models for how the organism-level fitness cost scales with selfish
mtDNA frequency, as well as more complicated threshold-like models
(see Methods for details).

Combining our intra- and inter-organismal models, each genera-
tion begins with a distribution of mutant mtDNA frequencies among
heteroplasmic hosts. These frequencies are shifted by intra-organismal
selection and the distribution is broadened by intra-organismal
genetic drift. Finally, host organisms reproduce with an expected
number of viable offspring determined by their mutant mtDNA fre-
quency. As this process repeats across generations, the distribution of
mutant mtDNA frequencies among hosts approaches a characteristic
shape (given by the dominant eigenvector of a principal submatrix of
the transition matrix describing the above evolution process, see
Methods), where the shape of this stable mutant frequency distribu-
tion reflects the specific parameter values employed. From this dis-
tribution, we can calculate the mean fitness of heteroplasmic carriers
relative to their wildtype counterparts, as well as the rate of sponta-
neous reversion to the homoplasmic-wildtype state due to the de novo
loss of the mutant genome via intra-organismal drift. Together, these
values determine the timescale over which an established hetero-
plasmywill be lost, which can either be short or long depending on the
specific parameters. Indeed, under this model we observe that selfish
mtDNA can persist in a heteroplasmic state for hundreds, or even
thousands, of generations under biologically realistic population-
genetic conditions.

Examining this model led us to identify a number of distinct
evolutionary mechanisms that determine the stable distribution of
mutant mtDNA frequencies (Fig. 2). Under the first mechanism, intra-
organismal balancing selection, the intra-organismal fitness advantage
of the mutant genome vanishes in favor of the wildtype genome at a
frequency z* that is still too low to encounter significant inter-
organismal selection (Fig. 2a, b); that is, there exists a frequency z*with
wintra(z*) = 1 andworg(z*) ≈ 1. Themutant frequency distribution among
hosts is therefore centered at approximately z* and is subject to neg-
ligible inter-organismal selection, with genetic drift determining the
width of the distribution (Fig. 2c).

Under the second mechanism, which could be termed strong
multilevel selection, a mutant genome maintains an intra-organismal
fitness advantage across all heteroplasmic frequencies, so that there
exists no frequency z* such that wintra(z*) = 1 (Fig. 2d). Thus, intra-
organismal selection constitutively drives mutant frequency up into a
range that elicits a strong organism-level fitness cost (Fig. 2e). Under
this mechanism, the stable mutant mtDNA frequency distribution is
determined predominantly by the forms of the opposing intra- and
inter-organismal selection, and is relatively insensitive to changes in
the strength of intra-organismal drift, particularly for large mtDNA
effective bottlenecks N (Fig. 2f).

Finally, in the third mechanism, there exists an intra-organismal
equilibrium frequency z* with wintra(z*) = 1, but the organism-level fit-
ness cost intensifies rapidly at frequencies similar to z* (Fig. 2g, h).
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Under this mechanism, the shape of the distribution depends on the
form of all three forces, namely intra-organismal selection, inter-
organismal selection, and drift (Fig. 2i). We therefore call this the
mixed mechanism. Together, these findings suggest that mitochon-
drial mutations can persist at similar heteroplasmic frequencies
despite substantial differences in the underlying evolutionary
mechanisms. Understanding the mechanisms relevant to any given
selfish mitochondrial genome therefore requires that our model be
integratedwith experiments tomeasureboth selection anddriftwithin
hosts, in addition to inter-organismal selection.

Integrating theory with experiment reveals the evolutionary
mechanisms of a selfish mitochondrial genome
As a first application of the approach, we inferred the mechanisms
determining the form of the stable mtDNA frequency distribution for
the well-characterized selfish mitochondrial genome uaDf5. To mea-
sure intra-organismal selection in the absence of inter-organismal
competition, we tracked mutant frequency longitudinally, between
isolated individual parents and their respective age-matched progeny

(Fig. 3a, see Methods)26. At the organismal level, fitness is expected to
depend on heteroplasmic frequency, which itself is in flux over the
course of organismal development due to intra-organismal selection
and drift. This greatly limits our ability to assess the inter-organismal
component of selection directly by comparing the fitness of different
heteroplasmic hosts. To overcome this challenge and estimate the
organism-level fitness effects of harboring selfish mtDNA, we instead
competed a diverse cohort of heteroplasmic animals against their
homoplasmic-wildtype counterparts on the same food plate (Fig. 3b).
Since the heteroplasmichosts are taken froma stock population stably
maintaining the selfish mtDNA, the strength of inter-organismal
selection against the mitochondrial mutation reflects the overall fit-
ness of the entire heteroplasmic cohort relative to a population lacking
the selfish genome, as well as the rate of de novo loss of heteroplasmy
by genetic drift. To control for factors other than inter-organismal
selection against heteroplasmic hosts, we also propagated non-
competed populations as controls, which consist of only hetero-
plasmic animals. Finally, we also collected information on the shape of
the stable mutant mtDNA frequency distribution by measuring uaDf5
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Fig. 2 | Theoretical modeling reveals the stable maintenance of a selfish
mitochondrial genome through a variety of evolutionary mechanisms.
a–c Under one hypothesized evolutionary mechanism, the intra-organismal fitness
advantage of a selfish mitochondrial genome (a) may disappear at a frequency too
low for the genome to inflict a substantial organism-levelfitness cost (b). The selfish
mtDNA is maintained at a mean frequency set by balancing selection at the intra-
organismal level, with genetic drift (a function of the per-generation intra-orga-
nismal mtDNA effective bottleneck, N) determining the width of the mutant fre-
quency distribution (c). d–f Under an alternative hypothesized mechanism, a

constitutive intra-organismal fitness advantage (d) pushes mutant frequency into a
range wherein it encounters increasing organism-level fitness cost I. Multilevel
selection can maintain a broad range of mutant frequencies (f), even when genetic
drift is minimal. g–i Another hypothesized mechanism shows the intra-organismal
fitness advantage (g) disappear within approximately the same range of mutant
frequencies in which organism-level fitness declines most rapidly (h). Changes in
the strength of intra-organismal genetic drift alter both the width and center of the
distribution of selfish mtDNA frequencies (i).
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frequency in multiple fertile adults sampled from a heteroplasmic
stock population (Fig. 3c).

Using the above data (Fig. 3a–c), we inferred the parameters
describing organism-level fitness, intra-organismal fitness and drift by
maximum likelihood, employing a parametric bootstrap procedure to
assess uncertainty (Fig. 3d–f, maximum likelihood results in black,
bootstrap replicates in red; see Methods for details; Supplementary
Figs. 2–6 confirm that our computational procedure can recover the
true parameters for simulated data). For uaDf5, we found strong evi-
dence for negative frequency-dependent intra-organismal selection
(Fig. 3d), where themutant genomehas an intra-organismal advantage
when present at low heteroplasmic frequency (wintra(0) = 1.53, 95%
bootstrap confidence interval 1.30–1.88), and fitness decreases with
frequency so that it likely faces an intra-organismal disadvantage at
high frequency (wintra(1) = 0.93 for maximum-likelihood estimate and
wintra(1) < 1 for 69% of bootstrap samples; wintra(0) > wintra(1) for 100%
of bootstraps). Although our measure of intra-organismal drift is
intended to be phenomenological, our maximum likelihood estimate
of N = 25 (Supplementary Fig. 7 and Fig. 3d inset, 95% bootstrap con-
fidence interval 19–42) is consistent with previous reports of the esti-
mated effective mtDNA bottleneck in the developing germline47. For
inter-organismal selection (Fig. 3e), we infer a strong threshold-like
response, with essentially no fitness cost at low heteroplasmic fre-
quency (worg(z) > 0.99 for all z <0.5 in 100% of bootstrap samples),
with the onset of a substantial fitness cost once the mutant reaches
sufficiently high frequency (organismal fitness is decreased by half,

worg(z) = 0.5, at z =0.76, 95% bootstrap confidence interval 0.75–0.80).
Together, these parameters predict a strongly left-skewed stable
mutant mtDNA frequency distribution among hosts (Fig. 3f), as
observed in the data (Fig. 3c), a moderate growth defect for the het-
eroplasmic relative to the wildtype sub-population (relative growth
rate of 0.77, 95% bootstrap confidence interval 0.74–0.81), and a low
rate of de novo loss of heteroplasmy (per-generation probability of
mutant loss of 1.5*10−4, 95% bootstrap confidence interval
1.8*10−6–7.7*10−4). Interestingly, although the data are consistent with
either a gradual or sudden loss of organism fitness at high uaDf5 fre-
quency (Fig. 3e, two clusters of slopes), as noted previously the range
of mean organism-level fitness across the bootstraps is quite limited,
indicating that this uncertainty in the precise form of the frequency-
fitness relationship does not substantially affect our estimate of mean
organism-level fitness. Finally, variation in N is predicted to sub-
stantially impact both the spread and location of the stable uaDf5
frequency distribution (Supplementary Fig. 9a–c), consistent with the
mixed-mechanism hypothesis (Fig. 2g–i). These results suggest that
intra-organismal selection, inter-organismal selection, and genetic
drift are all important in the dynamics of uaDf5.

Diverse evolutionary mechanisms in the dynamics of selfish
mitochondrial genotypes
We sought to compare our results for uaDf5 with a larger panel of
selfish mitochondrial genotypes that exhibit a greater diversity of
stable mutant frequency distributions (Fig. 1a, b). These include

Fig. 3 | Integration of benchtop experimentation with theoretical modeling
reveals the stable maintenance of a selfish mitochondrial genome via a com-
binationofmultilevel selectionandgenetic drift. a–c Empirical data (provided in
Source Data file). a Pairwise comparisons of mutant frequency (uaDf5) between
parent and progeny for the purpose of measuring intra-organismal selection on a
selfish mitochondrial genome (n= 30 parent-progeny lineages). Two-tailed Wil-
coxonmatched-pairs test. b Inter-organismal selection against uaDf5, measured by
directly competing heteroplasmic carriers of the selfish genome against homo-
plasmic (wildtype) animals on the same food plate, in a mixed population (n = 8
competed populations). Data shown as the log of the heteroplasmic over homo-
plasmic fraction of each replicate competed population (see Methods); regression
lines are fit to the data from each replicate population by least squares. c histogram
of mutant frequencies of age-synchronized adults (n = 81) sampled from a

heteroplasmic stock population (same data as in Fig. 1b). Data in a–c are taken from
our prior study26. d–f Maximum-likelihood model of the intra-organismal (d) and
inter-organismal (e) fitness effects, each as a function ofmutant frequency, and the
most evolutionarily stablemutant frequency distribution (f). Eachplot ind–f shows
the maximum-likelihood estimates corresponding to the empirical data in
a–c (solid black lines in d–f) plus 100 simulated data sets for parametric boot-
strapping (red lines) to visualize the confidence estimates for each plot. Model
parameters specifying intra-organismal selection, inter-organismal selection, and
intra-organismal genetic drift (d, inset) were collectively estimated using a joint
maximum-likelihood approach that combines all data sets in (a–c). Error bars in
genetic drift plot (d, inset) indicate mean, minimum, and maximum bootstrap
values. See Supplementary Data 1 for empirical and bootstrap model parameters.
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mutations affecting ETC complex I (mpt2), complex III (mptDf3), and
complex IV (mptDf2 andmpt4), aswell as affecting tRNAgenes (mptDf2
and mptDf3). We measured selection and collected mutant frequency
distribution data (Fig. 4), using the same experimental approach used
for uaDf5, and applied our theoretical analysis to these data.

Overall, we find a surprising diversity of evolutionarymechanisms
at play across this panel (Fig. 5), representing all three of the distinct
mechanisms described in Fig. 2. For example, although mptDf2 and
mpt4 have qualitatively similar stable mutant frequency distributions
(Fig. 1b), mptDf2 is governed by the mixed mechanism, similar to
uaDf5, whereas the distribution for mpt4 is determined by strong
multilevel selection, with little influence of drift. The difference can be
seen in Fig. 5a versus Fig. 5d, where frequency-dependent intra-orga-
nismal selection on mptDf2 exhibits an internal equilibrium above
which selection favors the wildtype (maximum likelihood z* = 0.85,
95% bootstrap confidence interval > 0.83) whereas mpt4 is con-
stitutively favored by intra-organismal selection under the maximum
likelihood fit (wintra(z) > 1 for all z for 85% of bootstrap samples, z* is
greater than any empirically observed z in Fig. 4f for 99% of bootstrap
samples, and the few bootstrap replicates exhibiting z*< 1 haveworg(z*)
< 0.1). Concordant with this analysis of evolutionary mechanisms, we
find that the stable mptDf2 frequency distribution is sensitive to
changes in the mtDNA bottleneck size (Supplementary Fig. 9f, com-
pare Fig. 2i) whereas the stable mpt4 frequency distribution is rela-
tively insensitive (Supplementary Fig. 9i, compare Fig. 2f). In contrast,
we find that mpt2 persists primarily through frequency-dependent
intra-organismal selection (Fig. 5g–i), with a stable mutant frequency
distribution centered on z* (z* = 0.68, 95% bootstrap confidence
interval 0.62–0.89), where mpt2 frequency is too low to inflict a sub-
stantial organismal fitness cost (worg(z*) > 0.99 for maximum-
likelihood estimate and worg(z*) > 0.96 for 95% of bootstrap sam-
ples). Although mpt2 results are consistent with a negligible role for
drift (Fig. 5g and Table 1, 95% bootstrap confidence upper limit of
N = 1000), we also find evidence of only weak selection atmost (Fig. 5h
and Table 1, relative growth rate >0.99 for maximum-likelihood esti-
mate and > 0.95 for 95% of bootstrap samples). Furthermore, our
analysis of the effects of changing the effective mtDNA bottleneck N
suggests that the width of the stable mpt2 frequency distribution is
highly sensitive to genetic drift (Supplementary Fig. 9l, compare to
Fig. 2c). Ourmodeling results formptDf3 aremore ambiguous (Fig. 5j–l
and Table 1), due to uncertainty in the strength of inter-organismal
selection. Like mpt2 but in contrast to the other genotypes, average
mptDf3 frequency is not significantly different from z* (Supplementary
Table 2), consistent with frequency-dependent intra-organismal
selection. Finally, we find no significant inter-organismal selection
againstmptDf3 (Fig. 4k and Table 1, relative growth rate 95% bootstrap
confidence upper limit of approximately 0.99), consistent with the
maintenance of mptDf3 via intra-organismal dynamics. We conclude
that although different evolutionary mechanisms maintain the het-
eroplasmic state, they also give rise to idiosyncratic mutant frequency
distributions.

Finally, we sought to explore the potential for long-term main-
tenance of the heteroplasmic state. We reasoned that high hetero-
plasmic frequency and a strong intra-organismal advantage (in the
case of uaDf5, mptDf2, and mpt4) limits the probability of de novo
mutant loss in finite populations, while a minimal organism-level fit-
ness cost (in the case of mpt2 and mptDf3) limits the probability of
successful invasion by a de novo homoplasmic lineage. Using the
inferred per-generation probability of mutant loss due to drift
(Table 1), together with the organism-level fitness benefit of the
homoplasmic-wildtype state and previously published theory48, we
calculated likely persistence times of the heteroplasmic state, defined
as the number of generations until the probability of successful inva-
sion is > 0.5, for various values of effective organism population size
Ne. Prior estimates of Ne typically range from 200 to 104 for wild

populations of C. elegans49, whereasmaintenance of laboratory strains
involves the frequent transfer of small founding populations to fresh
food plates, resulting in an approximate per-generation bottleneck on
the order of tens or hundreds of C. elegans50. Modeling similar varia-
tion in Ne, we estimate a wide range of persistence times, reflecting
joint uncertainties in organism-level fitness and probability of loss
(Table 1). Unsurprisingly, our estimates are most consistent with long-
term persistence of the heteroplasmic state in small to mid-sized
populations (Supplementary Table 1).With anNe of 1000, for example,
our uaDf5 data are consistent with a median time till invasion on the
order of hundreds of generations (95% bootstrap confidence upper
limit of 649 generations). Likewise, our results for mptDf2, mpt4, and
mpt2 are consistent with amedian time till invasion of 1.6 * 1019, 7 * 1019,
and 3.3 * 108 generations, respectively (95% bootstrap confidence
upper limits). For even smaller populations with an Ne of 100, the data
for mptDf3 are likewise consistent with a median time till invasion on
theorder of hundreds of generations (95%bootstrap confidenceupper
limit of 104 generations). We conclude that conditions influencing
organism population size on one hand, and conflicting selection
pressures on the other, jointly determine which mtDNAmutations are
able to persist on long-term evolutionary timescales.

Discussion
Major evolutionary transitions require cooperative interactions that
incentivize group members to assume the benefits of cooperation
without the cost of reciprocating6–9. Howmight cheaters stably persist
despite deleteriously affecting the cooperators onwhich they depend?
This question carries broad implications ranging from evolutionary
theory to the social and biomedical sciences, as prior exploration of
cooperation and cheating spans multiple systems and different levels
of scale12,14,51. We sought to systematically compare separate instances
of cooperator-cheater dynamics, by leveraging a collection of selfish
mitochondrial genotypes existing in a uniform genetic and environ-
mental background.

The selfish proliferation of mitochondrial mutations is respon-
sible for a number of human diseases, affecting an estimated 1 in 4300
individuals, while an additional 1 in 200 healthy humans carry poten-
tially disease-causing mitochondrial mutations46. The same mutation
may thus cause disease in one individual but not another, due to var-
iation in mutant frequency45,46. Consistent with this, disease-causing
mutations vary substantially in their ability to propagate frommother
to offspring43,52. Predicting the inheritance and development of
mtDNA-associated disorders therefore requires a deep understanding
of the underlying evolutionary forces, and how they explain observed
mutant frequencies. To this end, priorworkgenerally consists of either
theoretical modeling or empirical study of mitochondrial
mutations29,43,53–55, making it difficult to integrate theory with experi-
ment. Although some modeling studies incorporate empirical
data29,55–57, these focus on heteroplasmydynamicswithin organisms, or
within parent-progeny lineages, making it difficult to combine the
levels of selection into a complete evolutionary picture. To address
these challenges, we developed a hybrid approach that integrates
theoretical modeling with experiments designed to individually probe
the levels of selection and the mutant frequency distribution.

The variant uaDf5 is an exemplary model selfish mitochondrial
genome, undergoing positive intra-organismal selection at the
expense of host fitness26,30,32,34–36,38. We expand the understanding of
uaDf5 in numerous key ways. Prior studies have found that uaDf5
proliferates not merely in spite of, but at least partly because of, its
negative effect on mitochondrial function32,34,36. Conversely, hosts are
equipped with mechanisms that limit uaDf5 proliferation32,34,36,37,39.
Together, thesefindings suggestopposing selection forces at the intra-
organismal level, in addition to inter-organismal selection. Consistent
with this, and with previous reporting26,38, our modeling results con-
firm negative frequency-dependent selection for uaDf5, with rising
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Fig. 4 | Measurements of intra-organismal selection, organismal selection, and
mutant frequency distributions across a panel of putatively selfish mito-
chondrial genome variants. a mptDf2 frequencies in isolated parent-progeny
lineages (n = 24) tomeasure intra-organismal selection, similar to Fig. 3d.b Relative
proportions of mptDf2 heteroplasmic versus homoplasmic-wildtype hosts per
generation in populations (n = 4) of animals competing on the same food plates, to
measure inter-organismal selection; regression lines are fit to the data from each

replicate population by least squares. c Histogram of mptDf2 frequencies in age-
synchronized adults sampled from heteroplasmic stock populations (the same
individuals used as parent data points in a). d–f Similar to a–c but for mpt4
(d, n = 24; e, n = 4). g–i Similar to a–c but formpt2 (g, n = 23; h, n = 4). j–l Similar to
a–c but formptDf3 (j, n = 23; k, n = 4). Two-tailedWilcoxonmatched-pairs test (left
column). All data shown here are provided in the Source Data file.
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frequency leading to loss of its intra-organismal advantage, in addition
to an organism-level fitness cost. More strikingly, we establish theo-
retically that the shape of the mutant frequency distribution contains
information about the underlying evolutionary forces. Thus, using
uaDf5 data, we show how the combination of multilevel selection and
genetic drift explains a previously observed peculiarity, namely the
skewed frequency distribution that concentrates most individuals
toward the high end34.

How generalizable are the results concerning uaDf5? To answer
this, we expanded our analysis to other stably propagating hetero-
plasmies, each of which features a mutation known to deleteriously
affect at least one essential gene. Like uaDf5, somevariants persist over
time despite a heavy organism-level fitness cost, due to a strong intra-
organismal advantage. These dynamics can be observed in three of the
five heteroplasmies—uaDf5, mptDf2, and mpt4—and are remarkably
consistent with recent mammalian work. For example, some mtDNA
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Fig. 5 | Integrating theoretical modeling with experiment shows the main-
tenance of selfish mitochondrial genomes in a heteroplasmic state through
multiple distinct evolutionary mechanisms.Maximum-likelihood estimates of
intra- and inter-organismal fitness effects (left and center columns, respectively),
each as a function of mutant frequency, together with the resulting most evolu-
tionarily stable mutant frequency distribution (right column). Similar to bottom
row of Fig. 3, but for the 4 mitochondrial genotypes shown in Fig. 4: mptDf2
(a–c, Supplementary Data 2), mpt4 (d–f, Supplementary Data 3), mpt2 (g–i, Sup-
plementary Data 4), and mptDf3 (j–l, Supplementary Data 5). Each plot shows

maximum-likelihood estimates corresponding to the empirical data shown in Fig. 4
(solid black lines) and 100 parametric bootstrap data sets (colored lines) to
visualize confidence estimates. Model parameters specifying intra-organismal
selection, organismal selection, and intra-organismal drift (left column, insets),
were collectively estimated using a joint maximum-likelihood approach that
combines all 3 corresponding empirical data sets in Fig. 4. Error bars in genetic drift
plots (left column, insets) indicate mean, minimum and maximum bootstrap
values. See SupplementaryData 2–5 for empirical andbootstrapmodelparameters.
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mutations in mice and humans rise in frequency from parents to off-
spring, in a manner consistent with negative frequency-dependent
selection43, suggesting a cheating behavior in human mitochondrial
disease similar to our findings. For some variants, however, we
empirically observed no inter-organismal selection, despite deletions
in respiratory genes in the mutant genomes. This is true formpt2 and
possiblymptDf3, containing deletions in the genes ND5 (ETC complex
I) and cytochrome b (complex III), respectively, although mptDf3
results are consistent with a mild organism-level fitness cost. How
might a lineage lacking an essential gene stably persist with no
empirically observed fitness effects? We reason that stably persisting
heteroplasmies require at least weak fitness effects, since truly neutral
genotypes can be expected to readily drift to either extinction or
fixation. Indeed, our modeling reveals evidence of a weak but nonzero
intra-organismal fitness advantage for mpt2 and mptDf3, particularly
when present at low frequency (Table 1). Moreover, our theoretical
results show that a mutant genome can selfishly persist via frequency-
dependent intra-organismal selection rather thanmultilevel selection.
Specifically, the mutation confers a weak intra-organismal advantage
that disappears at a frequency that is still low enough that the
organism-level fitness cost is negligible. One possible molecular basis
for this is that some mutant genomes are more vulnerable to cheater-
suppression mechanisms, namely mitochondrial autophagy, con-
sistent with prior empirical work34,36,37,39,58–60. Alternatively, the
dynamics ofmitochondrial fission and fusionmay permit the diffusion
of gene products throughout the mitochondrial network, resulting in
the genetic complementation of a mutation by nearby wildtype gen-
omes. In either case, such scenarios may enable a mutation to selfishly
persist in a heteroplasmic state—that is, at the cost of wildtype gen-
omes—by remaining neutral or nearly neutral at the organismal level.
This is consistent with prior reporting that the persistence of cheater
entities in other systems is often maintained by frequency-dependent
selection12.

We note two key limitations of this study, which easily serve as a
basis for future work. First, in addition to opposing selection forces,
the introduction of selfish genomes by de novo mutation, a factor not
considered in this study, suggests that selfish mitochondrial genome
dynamics represent a persistent phenomenon. Consistent with this,
previous mutation-accumulation experiments have identified selfish
mtDNA variants in C. elegans and the closely-related species C.
briggsae25,61. Together with our study, these findings suggest that a
heteroplasmic state may evolutionarily persist by a balance of selec-
tion forces, recurring reintroduction of selfish mtDNA, or a combina-
tion of these factors.

Conditions beyond the mitochondria represent a second limita-
tion. While our study employs a single host genotype, previous

research shows the nuclear genome to influence heteroplasmy
dynamics. For example, genetic regulators of mitochondrial biogen-
esis in response to stress, such as ATFS-1 and FoxO (DAF-16 in C. ele-
gans), as well as expression level of mtDNA replication machinery, are
important determinants of selfish mtDNA propagation26,32,34,36,41.
Moreover, proteins with a more direct role in mitochondrial biogen-
esis and mtDNA replication, such as POLG and the mtDNA-associated
protein TFAM, or that promote binding of replication machinery to
mtDNA, reportedly mediate selfish mtDNA proliferation30,32,36. Con-
versely, genes involved in mitochondrial fission and autophagy
reportedly contribute to intra-organismal selection against mutant
mtDNA34,36,37,39,58–60. Given these findings, we propose that host geno-
types and environmental factors, especially those linking physiological
stress with mtDNA replication and turnover, will be important deter-
minants of the cooperator-cheater dynamics described here and
should be considered in future research.

Methods
Nematode husbandry
C. elegans strains used in this study were maintained on 60-mm stan-
dard nematode growth medium (NGM) plates (for measuring intra-
organismal selection), or 100-mm NGM plates (for measuring inter-
organismal selection), seeded with live OP50-strain E. coli bacteria as a
food source. Nematode strains were incubated at 20 °C. In addition to
the Bristol wildtype strain and the heteroplasmic uaDf5 strain featured
in priorwork26,five additionalC. elegans strainswere used in this study.
These consisted of heteroplasmic mutant genomes mptDf2, mpt4,
mpt2, and mptDf3, each crossed into the nuclear background of the
Bristol strain.

Nuclear genome exchange in heteroplasmic strains
To ensure that our analysis was not confounded by variation in the
nuclear genome, we completely exchanged the nuclear genome of
eachheteroplasmic strainwith the nuclear genomeofwildtype (Bristol
strain) C. elegans, using a previously published unigametic inheritance
method62. This method enables the complete replacement of the
nuclear genome within two generations, by leveraging the activity of
gpr-1, which encodes a G-protein regulator that regulates the forces
exerted on the microtubules during mitosis. Over-expression of gpr-1
increases the pulling forces on the pronuclei during prometaphase,
resulting in the segregation of the paternal andmaternal genomes into
separate embryonic cell lineages62. The germline of the hermaphrodite
consequently inherits the nuclear genome of only one parent, allowing
us to bypass the need for multiple generations of backcrossing. Thus,
all heteroplasmic strains used in this study have identical nuclear
backgrounds. Briefly, eachheteroplasmic strainwas crossed to the gpr-

Table 1 | Population genetic characteristics of five selfish mitochondrial genomes

Genotype wintra(0) wintra(1) z(worg = 0.5) Growth rate N Average z SD z Probability of loss

uaDf5 1.53
1.30–1.88

0.93
0.07–1.13

0.76
0.75–0.80

0.77
0.74–0.81

25
19–42

0.63
0.60–0.65

0.12
0.10–0.14

1.5 × 10−4

1.8 × 10−6–7.7 × 10−4

mptDf2 2.04
1.94–5.92

0.24
0.02–1.11

0.83
0.82–0.84

0.41
0.35–0.46

52
40–94

0.79
0.78–0.80

0.038
0.030–0.071

2.1 × 10−11

1.7 × 10−23–8.3 × 10−6

mpt4 1.93
1.81–6.17

1.26
0.88–1.33

0.84
0.81–0.86

0.47
0.43–0.53

47
30–177

0.79
0.76–0.82

0.063
0.045–0.094

4.4 × 10−9

4.6 × 10−24–5.9 × 10−6

mpt2 1.21
1.01–2.02

0.76
0.21–0.99

0.97
0.83–1

>0.99
0.93–1

46
23–1000

0.67
0.61–0.72

0.15
0.10–0.19

6.4 × 10−5

1.1 × 10−9–1.8 × 10−3

mptDf3 1.10
0.97–1.47

0.04
0–0.87

0.77
0.60–1

0.93
0.75–0.99

23
12–500

0.38
0.32–0.46

0.18
0.12–0.21

0.02
3.1 × 10−4–0.06

Each entry: maximum likelihood estimate (first line), 95% bootstrap confidence interval (second line).
wintra: relative fitness of mutant genome (intra-organismal level).
worg: relative fitness of mutant genome (organismal level).
N: effective mtDNA bottleneck size per organism, per generation.
z: average mutant mtDNA frequency among heteroplasmic hosts.
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1 over-expression strain PD2220 following Mendelian genetics. Next,
hermaphrodites of the stable gpr-1 over-expression heteroplasmy
strainswere crossed towildtypemales. Non-Mendelianhermaphrodite
progeny from these crosses in which the paternal nuclear background
is unigametically inherited in the germline cell lineage (determined by
fluorescent pharyngealmosaic patterning, as described in ref. 62)were
individually propagated. Stock strains were established from the pro-
geny of these animals as they have a complete wildtype nuclear
genomic background and retain the given heteroplasmy.

DNA preparation
To prepare animals for quantification of mutant mtDNA frequency,
nematodes were transferred to sterile PCR tubes or 96-well PCR plates
containing lysis buffer with 100 µg/mL proteinase K. Lysis buffer con-
sisted of 50mM KCl, 10mM Tris pH 8.3, 2.5mM MgCl2, 0.45% Tween
20, 0.45% NP-40 (IGEPAL), and 0.01% gelatin, in deionized water.
Volumeof lysis buffer varied bywormcount: 10 µL for individual adults
of the parent generation and 20 µL for pooled adult progeny for
measuring intra-organismal selection, and 50 µL for pooled animal
lysates from the competition experiments for measuring inter-
organismal selection. After transferring worms to lysis buffer, each
tube or plate was immediately sealed and incubated at −80 °C for
10minutes to rupture nematode cuticles, followed by lysis incubation
at 60 °C for 60minutes (90minutes for pooled nematodes), and then
at 95 °C for 15minutes to inactivate theproteinaseK.Nematode lysates
were then kept at −20 °C for stable long-term storage until use for
genotyping and quantification.

Quantifying mtDNA genotype frequencies
Mutant mtDNA frequencies were quantified as described previously
for uaDf526, using droplet digital PCR (ddPCR). Nematodes were lysed
as described above and diluted in nuclease-free water with a dilution
factor varying depending on nematode concentration: 200x for single
adults, 1000x for pooled adults (intra-organismal selection experi-
ment), and 20,000x for pooled nematodes of mixed age (inter-orga-
nismal selection experiment). For PCR amplification, 5 µL of diluted
lysate was combined with 0.25 µL of 10-µM of each oligonucleotide
primer as needed depending on genotype:

mptDf2. Forward 1: 5’-GGATTGGCAGTTTGATTAGAGAG-3’
Reverse 1: 5’-AAGTAACAAACACTAAAACTCCCAAC-3’
Forward 2: 5’-CGTGCTTATTTTTCGGCTGC-3’
Reverse 2: 5’-CTTTAACACCTGTTGGCACTG-3’

mpt4. Forward 1: 5’-CGGTGGTTTTGGTAACTG-3’
Reverse 1: 5’-TCATAGTGTAACACCCGTGAAAATCC-3’
Forward 2: 5’-TGATCCAAGAACTGGAGGTAATC-3’
Reverse 2: 5’-CCTGTTGGCACTGCAATAAC-3’

mpt2. Forward 1: 5’-GAAGAAGGTGGTAGCCTTGAGGAC-3’
Reverse 1: 5’-CGTATAAGAAAAGTCTTGGGATGTTAAG-3’
Forward 2: 5’-GGATTAATTTTCTCAAGGGGTGCTG-3’
Reverse 2: 5’-CTTTTTCAAAGACGAAAACTGTAACC-3’

mptDf3. Forward 1: 5’-CCCTGAAGAGGCTAAGAATATTAGG-3’
Reverse 1: 5’-GGCAATGTCACCAACATCC-3’
Reverse 2: 5’-CCCAATACAATAACTAGAATAGCTCACG-3’
Mixtures of dilute lysate andprimerwere combinedwith 12.5 µLof

Bio-Rad QX200TM ddPCR EvaGreen Supermix and nuclease-free water
to a volume of 25 µL in EppendorfTM 96-well twin.tecTM PCR plates.
Droplet generation and PCR amplification were performed according
to manufacturer protocol. Wildtype and mutant-specific primers were
combined in the same reaction, and each droplet was scored as con-
taining either wildtype or mutant mtDNA using the 2-dimensional

(518 nm and 554 nmdual-wavelength) clustering plot option in the Bio-
Rad QuantaSoftTM program.

Intra-organismal selection assay
The strength of intra-organismal (within-host) selection on mutant
mtDNA was measured longitudinally across isolated parent-progeny
lineages, as previously described26. Briefly, multiple L4-stage (late lar-
val) heteroplasmic animals were picked at random under a dissecting
microscope from stock populations carrying each heteroplasmy that
had been crossed into the Bristol strain (wildtype) nuclear back-
ground. These larvaewere transferred to freshNGMplates seededwith
live OP50 E. coli bacteria as a food source and incubated for 2 days at
20 °C to allow adult maturation. The day-2 adults were individually
segregated by transferring each onto a fresh food plate and incubated
for 4 hours at 20 °C to produce embryos that are age-synchronized to
within a four-hour window. Each parent was then individually lysed.
After 4 days of continued incubation at 20 °C, the progeny had pro-
gressed from embryos to day-2 adults, reaching the same age at which
their respective parents were lysed. Adult progeny were lysed at this
point to obtain progeny that are age-matched to their parents, to
control for age-dependent differences in mutant mtDNA levels. Pro-
geny from each parent were lysed in pools of 3 to minimize the con-
founding effect of random drift. Each parent-progeny lineage was
individually segregated from the rest, to ensure that mutant mtDNA
frequency from each progeny lysate was being compared with that of
its own respective parent, thereby minimizing the confounding effect
of competition between lineages (organismal selection). Mutant
mtDNA frequency of parents and progeny was determined for each
heteroplasmy using ddPCR as described above, across multiple repli-
cate parent-progeny lineages for statistical power.

Experimental evolution (inter-organismal selection)
Selection againstmutantmtDNA that occurs strictly at the level of host
fitness was measured using an inter-organismal competition experi-
ment similarly to the experiment previously described26. Briefly, for
each mutant mtDNA variant, heteroplasmic nematodes carrying
mutant mtDNA in the Bristol nuclear background were combined with
Bristol-strain nematodes on 10-cm NGM plates seeded with live OP50
E. coli bacteria as a food source. Approximately 500 nematodes were
transferred to each plate. In addition to 4 replicate competition lines
for each heteroplasmy, 4 non-competed control lines were established
by transferring only heteroplasmic animals onto their own food plates,
with no homoplasmic-wildtype animals to compete against. Every
3 days, the generation for each experimental linewas reset; nematodes
were washed off the plates using M9 buffer into a sterile 1.7mL col-
lection tube. Approximately 500 animals of mixed age from each line
were transferred to a fresh food plate. Another 500 nematodes were
lysed together in a single pooled lysate. To find the volume of sus-
pension corresponding to approximately 500 nematodes, we esti-
mated the number of nematodes per µL of buffer. Nematodes from
thesecollection tubeswerepipetted infixed volumesontomicroscope
slides and visually counted under a dissecting microscope. This was
done in triplicate. This experiment was continued for 6 consecutive
generations.

The strength of selection was derived from the decline of the
population-wide frequency of the mutant genome in the competed
relative to the non-competed lines. We reasoned that the overall evo-
lutionary dynamics of selfish mtDNA is the same between the non-
competed control populations and the heteroplasmic fractions of the
competed populations, since the presence or absence of
homoplasmic-wildtype animals is the only difference. Specifically, at
each generation, the population-wide mutant mtDNA frequency in
each competed line was divided by the mutant frequency in the non-
competed control lines, to estimate the remaining heteroplasmic
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fraction of each competed population. To validate this approach, we
previously estimated the heteroplasmic fraction by also sampling
individuals from the competed populations, providing a similar esti-
mate of selection (compare Fig. 2D and E of ref. 26), and in practice
mtDNA frequency changes in non-competed controls areminor (these
lines are taken from stock populations stably maintaining the hetero-
plasmic genomes), consistent with our assumption that the hetero-
plasmic fraction of the competed populations maintains a stable
frequency distribution.

Population-genetic model
To treat the evolutionary dynamicsofmultilevel selection anddrift in a
theoretical population-genetic framework, we constructed a model
that couples a stochastic, frequency-dependent Wright-Fisher model
for the evolution of mutant mtDNA frequencies within individuals
together with a frequency-independent, deterministic model of inter-
organismal selection. The intra-organismal fitness function measures
the fitness of mutant mtDNA relative to wildtype mtDNA within an
individual.Wemodel the intra-organismalfitness function as a sigmoid
function of mutant frequency:

wintra zð Þ= δ
1 + eγz + ε

, ð1Þ

where parameters δ, γ, and ε control the overall scale of fitness varia-
tion, the degree of frequency-dependence, and the position of the
inflection point, respectively, as a function of mutant mtDNA fre-
quency. The organism-level fitness function is modeled in terms of the
fitness cost of carrying a selfish mitochondrial genome at frequency z:

worg zð Þ= 1�
R z
0x

α�1 1� xð Þβ�1dx
R 1
0x

α�1 1� xð Þβ�1dx
: ð2Þ

This is identical to the complementary cumulative distribu-
tion function of a beta distribution with parameters α and β, so
that we necessarily have worg(0) = 1 (wildtype individuals have
fitness 1) and worg(1) = 0 (individuals fixed for the selfish mutant
are either sterile or nonviable). Importantly, when β = 1 this
expression reduces to worg(z) = 1–zα, corresponding to a fitness
defect that scales as z to the power α, or a linear fitness decline
when both α = 1 and β = 1. This expression can thus encompass a
variety of simple models for how mutant mtDNA frequency
impacts organismal fitness, in addition to more complex
threshold-like models. Note also that while the organism-level
fitness function depends on the mutant mtDNA frequency of the
individual, in our model inter-organismal selection is frequency-
independent in that the fitness of an individual does not depend
on the composition of the remainder of the population. See
Supplementary Fig. 1 for a visualization of the effects of varying
each of these parameters.

To combine this intra- and inter-organismal selection with sto-
chastic inheritance arising from intra-organismal genetic drift, we
construct an N + 1 by N + 1 matrix,

M i, jð Þ=p j; N,
iwintra i=N

� �

iwintra i=N
� �

+ N � ið Þ

 !

×worg j=N
� �

, ð3Þ

where the indices i and j run from 0 to N, p j;N, qð Þ is the binomial
probability of a total of j successes out of N attempts with expected
mutant mtDNA frequency q among the offspring of a parent with
mutant mtDNA frequency i/N (which itself is given by i wintra(i/N) /
(i wintra(i/N) + (N–i))). Thus M i,jð Þ gives the expected proportion of
progeny with a mutant mtDNA frequency of j/N for a parent with a
mutant mtDNA frequency i/N. Writing the probability distribution of
heteroplasmic mutant frequencies at time t as a length N vector ft, the

time evolution of this probability distribution is given by:

f Tt + 1 =
f Tt M

0

f Tt M
0 1N

, ð4Þ

whereM’ is the N by N principal submatrix of M obtained by omitting
the zeroth row and column, and 1N is the length N vector of all 1 s. By
the Perron-Frobenius theorem63, as t goes to infinity, ft converges to a
stable distribution f* given by the dominant left eigenvector ofM’. The
corresponding eigenvalue gives the expected number of heteroplas-
mic offspring per heteroplasmic parent under the stable distribution
f*. The expected number of wildtype offspring per heteroplasmic
parent (spontaneous reversion from heteroplasmy to homoplasmic-
wildtype) under the stable distribution f* is given by:

r = f *N + 1

� �T
Me0, ð5Þ

where f*N+1 is the vector of length N + 1 whose zeroth entry is 0 and
whose remaining entries are given by f*, and e0 is the length N + 1
vector whose zeroth entry is 1 and whose remaining entries are 0.

Maximum likelihood inference
We estimate the model parameters for each mutant mtDNA genotype
using a joint maximum likelihood approach (that is, a combined fit to
the data from the intra-organismal selection experiment, inter-
organismal selection experiment, and the sampled stable mutant fre-
quency distribution) with parameter uncertainty assessed via a para-
metric bootstrap approach. Model fitting was conducted using a
customPython script. Code and sourcedata available athttps://github.
com/bgitschlag/MiSelf and in Supplementary Code 1. All source data
are also provided in the Source Data file.

For intra-organismal selection experiment, we model the mutant
frequency within the progeny, zobs,t + 1, as a function of the mutant
frequency zt of the parent as:

zobs,t + 1 =
ztwintra zt

� �

ztwintra zt
� �

+ ð1� ztÞ
+ eintra, ð6Þ

where eintra is a normally distributed random variable withmean 0 and
variance given by the free parameter σ2

intra. For the inter-organismal
selection experiment, the population-wide fraction of heteroplasmic
individuals, ϕ, changes across generations due to both the organism-
level fitness cost and spontaneous loss of the mutant genome, r. At
each generation, ϕ experiences a growth rate, relative to the wildtype,
of κ = (f*)TM’1 N, and a rate of mutant loss r, which collectively
determine the fraction of heteroplasmic individuals in each subse-
quent generation:

ϕt + 1 =
ϕtκ

ϕtκ +ϕt r + ð1� ϕtÞ
: ð7Þ

Because in the special case where mutant frequency declines
solely due to inter-organismal selection (that is, r =0), ln(ϕ/(1–ϕ))
decreases linearly in time, we model ϕ on a log-odds scale:

ln
ϕobs,t

1� ϕobs,t
= ln

ϕt

1� ϕt
+ eorg, ð8Þ

where ϕobs,t is the empirically observed ϕ at time t, eorg is a normally
distributed random variable with mean 0 and variance given by the
free parameter σ2

org. In addition, the initial frequency ϕ0 is also infer-
red as a free parameter. Finally, we determine the likelihood of the
observed draws from f*. Because our theoretical distribution f* is a
discrete distribution (all possible frequencies are multiples of 1/N) but
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our observations are continuous quantities, we construct a continuous
analog of the discrete distribution f* by applying a Gaussian smoother.
We then calculate the likelihood under the resulting probability den-
sity function. Specifically, we convolve the discrete distribution
described by f* with a Gaussian random variable with mean 0 and
standard deviation 1/N (the standard deviation equal to the gaps
between the discrete frequencies allowable under the Wright-Fisher
model). This produces a distribution where the gaps between the
multiples of 1/N are smoothly filled without producing a substantial
change to the overall shape of the distribution; see also our results in
Supplementary Figs. 5 and 6, which indicate that our overall inference
procedure, which includes the smoothing step, can accurately recover
the ground-truth fitness functions and N.

In summary, our statistical model has free parameters,N, δ, γ, and
ε (controlling intra-organismal selection and drift), σ2

intra (controlling
the noise varianceof the intra-organismal selection experiment),α and
β (controlling the form of inter-organismal selection), and σ2

org (con-
trolling the noise variance in the inter-organismal selection experi-
ment). Because all of these parameters are continuous except forN, we
define a search space of discrete N values, and for each N, we
numerically maximized the likelihood with respect to all other para-
meters. The initial search space forN consists of every integer between
10 and96 but expands if the likelihood values for eachNdonotdisplay
a clear maximum on the interior of this range, using the same proce-
duredescribed below for the bootstraps.We then selected the value of
N that maximized the likelihood.

The maximum-likelihood parameter values were found using an
optimization algorithm that conducts local rather than global opti-
mization. To protect against the algorithm getting stuck in local
optima,we repeated themaximum-likelihood inferencemultiple times
for each empirical data set (representing mitochondrial genotypes
uaDf5,mptDf2,mpt4,mpt2, andmptDf3), with the algorithm initialized
at different regions of parameter space that correspond to different
biological scenarios (the same sets of parameters in Supplementary
Fig. 5a), as well as a neutral initialization represented by the line at
wintra = 1 for all z (γ=0, δ = 2, ε = 0). For added robustness, we also
performed the optimization procedure via a recursive approach when
iterating over different values of N. According to this approach, for
each value of N, the optimization algorithm is run twice, initialized on
both the aforementioned neutral point (together with α = 1, β = 1) and
on the maximum-likelihood parameters from the previous N. This
approach provides the optimizer with an initial guess in a biologically
plausible region of parameter space, but also allows the optimizer to
switch to a different region of parameter space if a better solution is
achieved starting from the neutral initialization. The overallmaximum-
likelihood result are the parameters found to have the highest like-
lihood from among all approaches and initializations described above
(in practice, these were consistently obtained via the recursive
method).

To assess the robustness of the above procedure, we also imple-
mented a model featuring a more complex error model for the intra-
organismal selection experiment, which specificallymodels the effects
of genetic drift on the deviations between observed and expected
offspring mutant frequencies rather than treating these errors phe-
nomenologically as Gaussian with unknown variance σ2

intra. In parti-
cular, for each parental frequency zt, we defined the likelihood of zobs,t
+1 as the corresponding density of a beta distribution whose mean is
the expected zt+1 given by the intra-organismal fitness function and
whosevariance is givenby the varianceunder theWright-Fishermodel:

Varzt + 1 =
zexp ,t + 1ð1� zexp ,t + 1Þ

pN
ð9Þ

Here, p is the number of progeny sampled per parent (see section
Intra-organismal selection assay), which accounts for the influence

of pooling the offspring prior to determining the mutant frequency.
We compare these two alternative methods of evaluating the like-
lihood for the intra-organismal data, with respect to the estimation of
N (Supplementary Fig. 7) and with respect to the estimation of the
fitness functions and mutant frequency distributions (Supplementary
Fig. 8). We find that these results between the two methods are
primarily very similar, except for uaDf5 where the beta distribution
method favors a lower value of z* and a shallower slope for worg(z), as
also seen in a subset of the bootstrap replicates in Fig. 3d and e.

To estimate our confidence in these parameter estimates, we
performed parametric bootstrapping by generating 100 simulated
data sets per genotype, using the sample sizes, maximum-likelihood
population-genetic parameters, and error estimates for the corre-
sponding empirical data set. Specifically, to simulate the intra-
organismal selection experiment, parent mutant frequencies zt were
randomly drawn from the Gaussian smoothed version of f* and then
the corresponding progeny frequencies zt+1 were randomly drawn
according to our inferredWright-Fisher process. To simulate the inter-
organismal selection experiment, the expected heteroplasmic fraction
ϕt at each generational time t was calculated using the maximum-
likelihood estimate ofϕ0 combinedwith the r and κ values determined
from our maximum-likelihood estimates. We then converted these
expected fractionsϕt onto a log odds scale, addedGaussian noisewith
variance σ2

org, and finally converted them back to a frequency scale.
The samples from the mutant frequency distribution were simulated
by drawing from theGaussian smoothed version of f* with sample sizes
equaling that of the corresponding empirical data set. For each simu-
lated data set, model parameters were re-estimated using the
maximum-likelihood approach described above, with the exception
that the optimization algorithm was initialized on the maximum-
likelihood parameters for the empirical data. However, for some
bootstrap simulations the maximum likelihood estimate of N was
realized at or near the upper boundary of our initial search space. In
such cases we thus examined larger values of N, up to 100 and then
increasing by powers of

ffiffiffi
2

p
(125, 177, 250, 354, 500, etc.). We con-

tinued in thismanner until themaximum-likelihood estimate ofN is no
longer among the 2 consecutive largest values ofN examined so far, or
until reaching a maximum-likelihood N = 1000, at which point we
concluded that the magnitude of drift approximates that of the high-
N limit.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All source data needed to reproduce our results are publicly available
and provided in this study. Data from experiments measuring uaDf5
frequency and selection on uaDf5 (Fig. 3a–c) were previously
published26. These and the experimental data encompassing the
remaining four genotypes (Fig. 4) are provided in the Source Data.
These data can also be downloaded in a code-readable format at
https://github.com/bgitschlag/MiSelf. The modeling parameters gen-
erated from the maximum-likelihood inference on the empirical and
bootstrap data are provided in Supplementary Data Files 1–5. Source
data are provided with this paper.

Code availability
This study was conducted using the custom MiSelf Python software,
included with this study as Supplementary Code 1. The code is also
publicly available at https://github.com/bgitschlag/MiSelf.
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