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Abstract 

The repeatability of evolution is fundamentally important for understanding the origin and diversification of life as well as 

for developing evolutionary forecasting tools. Repeatability is limited by stochasticity, here defined as changes that are in- 

dependent of genotypic fitness effec t s. Over short timesc ales, the two main sour ces of stochasticity of evolutionary change 

are environmental stochasticity and demographic (life-history) stochasticity. Quantifying the effect of these two sources of 

stochasticity and how they interact in driving fitness outcomes is crucially important for predicting contemporary evolution- 

ary responses. To gain insights in the effects of stochasticity, five institutes replicated an evolutionary experiment exposing 

Caenorhabditis elegans to novel rearing conditions. Replication across the institutes led to variation in selective environments, 
including through divergent microbiomes among institutes. Replication within institutes was done across demographic treat- 

ments that influence the potential for population-size dependent fluctuations in allele frequencies (drift) and genetic hitch- 

hiking (draft). We found high among-institute variation in fitness outcomes, which was partially explained by variation in mi- 

crobiota. Whereas lab-specific effec t s explained most of the variance in mean fitness, the repeatability of fitness outcomes 

depended more on demographic heterogeneity. Specifically, population bottlenecks resulted in high among-replicate varia- 

tion in fitness. When combined, environmental and demographic stochasticity additively reduced repeatability, underlining 

their additive importance in developing evolutionary forecasting tools. These results further highlight the importance of sta- 

tistically integrating heterogeneity in experimental evolution to identify factors constraining outcome repeatability and study 

replicability. 
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Introduction 

The predictability of evolution has attracted major interest in evo- 
lutionary biology ( Lässig et al., 2017 ; Nosil et al., 2021 ; Wortel et 
al., 2023 ). Understanding how predictable evolution is, and the 
factors shaping predictability, clarifies the origin and present-day 
patterns of biodiversity, such as whether convergent phenotypes 
(i.e., similar traits in divergent lineages) arise from similar selective 
pressures or from constraints and chance ( Losos, 2011 ; Mahler et 
al., 2017 ). Identifying mechanisms influencing evolutionary pre- 
dictability can improve evolutionary forecasting ( Wortel et al., 
2023 ). However, accurately predicting evolutionary trajectories 
and outcomes, even short-term evolutionary responses such as 
forecasting trait change or fitness outcomes in response to rapid 
changes, remains challenging. 
Two major obstacles are accurately estimating selection 

strength and accounting for historical contingencies. Selection 
strength depends on resource and trait distributions, genetic 
architectures, and species interactions ( Nosil et al., 2020 ; Wortel 
et al., 2023 ), requiring detailed ecological and genomic data. 
Historical contingencies, such as past population structure, shape 
genomic backgrounds of the targets of selection ( Blount et al., 
2018 ; Travisano et al., 1995 ). Both are influenced by stochasticity, 
i.e., changes in genomes, individuals, and environments inde- 
pendent of adaptation ( Lenormand et al., 2009 ). Stochasticity 
inherently limits evolutionary predictability, for example by 
altering genetic variants and their fitness. Evolutionary genetic 
changes are often highly sensitive to stochasticity, resulting 
in low repeatability of genetic trajectories ( Lässig et al., 2017 ). 
Evolutionary forecasting of fitness should be more accurate, but 
their sensitivity to stochasticity is unclear. Here, we quantify 
how stochasticity affects end-point repeatability of fitness (“fit- 
ness response”). Although we recognise that repeatability is not 
same as predictability, quantifying the effect of stochasticity on 
the repeatability of fitness evolution reveals inherent limits to 
predictive models and potential solutions. 
Three forms of stochasticity shape evolution: mutational, 

environmental, and demographic (life history) stochasticity 
( Lenormand et al., 2009 ). For short-term change based on stand- 
ing genetic variation, mutational stochasticity is negligible. Envi- 
ronmental stochasticity results from spatio-temporal changes in 
interactions with the abiotic and biotic environment and results 
in variation in the selective regime. This drives long-term unpre- 
dictability in wild populations ( Grant & Grant, 2002 ; Nosil et al., 
2024 ). In the lab, random fluctuations in selection through time 
have been found to impact microbial evolution by diversifying 
the direction and magnitude of the selection response ( Cooper & 
Lenski, 2010 ; Karve et al., 2015 ; Lenski, 2023 ). 
Demographic stochasticity affects variation available to selec- 

tion and the genetic background of selected variants and results 
from individual-level stochastic events. These events, such as sur- 
vival and reproduction, are described by a probability that is 
scaled by population size (drift). Similarly, recombination and the 
segregation of genotypes are described by probabilities that de- 
pend on linkage and genetic hitchhiking (draft) ( Lenormand et 
al., 2009 ). Evolutionary experiments have shown that bottlenecks 
or other factors that influence the population size can limit re- 
peatability because drift increasingly drives evolution when effec- 
tive population size is low ( Bisschop et al., 2022 ; Lachapelle et 
al., 2015 ; Rozen et al., 2008 ; Weber, 1990 ; Wein & Dagan, 2019 ; 

Windels et al., 2021 ) leading to divergent evolutionary trajecto- 
ries over time ( Lenski & Travisano, 1994 ). However, as long as 
population sizes are not excessively small (effective population 
size, Ne > 10) and selection is not excessively weak (selection 
coefficient, s > 0.01), variation in selection will be more impor- 
tant than drift for trait repeatability and predictability ( Gompert 
et al., 2022 ; Ohta, 1972 ). In contrast, draft is important at nor- 
mal/high population sizes, in particular in the face of low re- 
combination and sign epistasis ( Barton, 1995 ; Gillespie, 2001 ; 
Weinreich et al., 2005 ). Given this multitude of effects of demo- 
graphic stochasticity, variation in founder populations and ge- 
nomic linkage strongly influence repeatability by shaping the 
response to selection ( Blount et al., 2018 ; Otte et al., 2021 ; 
Schlötterer, 2023 ; Teotónio et al., 2009 ). 
Natural populations will commonly differ in both historical con- 

tingencies (through demographic stochasticity) and in selective 
regimes (through environmental stochasticity). The interaction of 
these sources of stochasticity is particularly important. Selection 
targets specific regions of the genome, while demographic effec t s 
are thought to affect genomes more homogeneously. However, 
the extent to which genomic regions are sensitive to demographic 
effects, such as drift, varies with the amount of genetic variation 
in those regions ( Charlesworth & Jensen, 2021 ). Thus, when differ- 
ent selective regimes target different regions in genomes with dif- 
ferent histories that are also differently sensitive to demographic 
effects, interactions between demography and environment may 
have unpredictable consequences ( Blount et al., 2018 ; Otte et al., 
2021 ; Schlötterer, 2023 ; Teotónio et al., 2009 ). Quantifying their 
relative roles and examining how demographic and environmen- 
tal stochasticity interact will guide data collection and analysis to 
improve evolutionary predictions. 

Rationale and hypotheses 

In this study, we address how environmental and demographic 
stochasticity shape the repeatability of fitness outcomes during 
adaptation from standing genetic variation. ( Lind, 2019 ) Using a 
genetically diverse Caenorhabditis elegans population ( Noble et 
al., 2017 ; Teotonio et al., 2012 ) exposed to a novel environment 
(16 ◦C and Priestia megaterium ), we conducted a replicated evo- 
lutionary experiment across five institutes following standard- 
ised protocols. Experimental evolution provides a potent tool to 
determine causes of repeated evolution and conditions under 
which repeatability fails ( Lind, 2019 ). Minor differences in han- 
dling and lab-specific microbiomes introduced undirected envi- 
ronmental heterogeneity ( Figure 1 ). This heterogeneity allows us 
to test the prediction that repeatability is lower between popula- 
tions in dissimilar environments versus between populations in 
similar environments. Secondary treatments—population bottle- 
necks, reproductive mode, population age synchronisation, and 
reduced gene flow—introduce demographic heterogeneity and, 
consequentially, the potential for drift and draft. This heterogene- 
ity allows us to test the prediction that repeatability is lower be- 
tween populations with differ ent demographic histories versus 
between populations with the same demographic history (for de- 
tailed expectations for the effect on fitness change and repeata- 
bility per treatment condition, see the Methods). After 15 weeks 
( ∼20 generations), we quantified evolutionary change by measur- 
ing population growth rate in the novel environment, and charac- 
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Figure 1 Environmental and demographic stochasticity. All institutes (institute A and B) performed an identical evolutionary experiment where C. 
elegans and microbial communities evolved on a novel resource, the primary treatment (Tr. 1). The controlled conditions during the experiments 
(temperature and other climate attributes, as well as food source) were kept similar (indicated with the thermometer symbol), but the uncontrolled 

conditions were different (e.g., institute microbiota in different colours, and institute handling routines as symbolised with the hand icons), resulting in 

environmental heterogeneity across institutes. Furthermore, all institutes except one conducted a second treatment (Tr. 2) which differed between 

institutes and resulted in demographic heterogeneity across treatments. 

terised microbial communities to assess environmental variation 
among institutes. Adaptive shifts in C. elegans often occur within 
only a few to tens of generations under strong selection on stand- 
ing genetic variation ( Teotónio et al., 2017 ), especially when ex- 
posed to sudden environmental shifts ( Guzella et al., 2018 ). We 
thus expect 15 weeks to be sufficient to detect fitness changes 
even though larger differences typically emerge over longer evo- 
lutionary timeframes ( Teotónio et al., 2017 ). We hypothesised that 
repeatability would be highest within institutes and treatments, 
and would decline when comparing across treatments, across 
institutes, or across both. Furthermore, we expected institute- 
specific microbiota to influence variation in population growth 
rates. 

Repeatability and replicability of 

experimental evolution 

Beyond evolutionary repeatability , this study addresses replicabil- 
ity and external validity in the context of environmental and de- 
mographic stochasticity in experimental evolution. We define re- 
peatability as the degree to which independent evolutionary pro- 
cesses lead to similar genetic, phenotypic, or fitness outcomes 
when subjected to similar selective environments. Replicability is 
defined as the degree to which independent researchers, using the 
same methods but different datasets, arrive at the same conclu- 
sions ( National Academies of Sciences (2019) ). 
Limited replicability of experimental studies warrants the sys- 

tematic introduction of heterogeneity in genetic and environmen- 
tal factors ( Desjardins et al., 2021 ; Milcu et al., 2018 ; Voelkl & 
Würbel, 2021 ; Voelkl et al., 2020 ) to develop more robust theo- 
ries in ecology and evolution that do justice to the complexity of 
biological systems. In evolutionary experiments historical contin- 
gency can cause divergent outcomes ( Blount et al., 2018 ). Includ- 
ing a priori conceived ( Desjardins et al., 2021 ) or a posteriori char- 
acterised heterogeneity ( Chesler et al., 2002 ) across institutes thus 

help uncover how reliable evolutionary inferences in one institute 
translate to a broader context (i.e., external validity) ( Desjardins et 
al., 2021 ). 

Methods 

Study species and resource 

We used the bacterivorous nematode Caenorhabditis elegans 
(Maupas, 1900), a model for experimental evolution due to 
its small size (adult females: ∼1 mm), high fecundity ( ∼300 
eggs/week), short generation time (min. 50 h), ease of labora- 
tory maintenance and ability to undergo cr yopreser vation ( Gray 
& Cutter, 2014 ). The experiment started from a dioecious, genet- 
ically diverse population, D00 ( Noble et al., 2017 ; Teotonio et al., 
2012 ), maintained by obligate outcrossing at a 1:1 sex ratio. 
The D00 population, shared by the Teotónio laboratory (IBENS- 

Paris), was expanded on Escherichia coli OP50 at 20 ◦C at the 
University of Amsterdam (UvA) and distributed as frozen aliquots 
(hereafter referred to as “ancestral” population) to five institutes. 
Populations evolved on a novel food source, Priestia megaterium 

(DSM 509). Both bacterial strains were distributed from the same 
starting population and maintained at 4 ◦C. Nematodes were cul- 
tured on NGM plates seeded with bacterial lawns. Detailed proto- 
cols for rearing, media preparation, transfers, and freezing follow 

standards ( Stiernagle, 2006 ) and are provided in Supplementary 
Appendix I. 

Primary treatment 

Shared axis of selection 

Populations of obligate outcrossing C. elegans evolved for 15 
weeks on P . megaterium at 16 ◦C ( Figure S1 ). Cultures were main- 
tained on ±12 mL NGM agar plates (94 ×16 mm sterile Petri dishes 
with vents, Greiner Bio-One), prepared centrally using a Petri dish 
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filling machine (Mediajet and Mediaclave by INTEGRA Biosciences) 
at the Netherlands Institute of Ecology [NIOO], and distributed to 
the five institutes (NIOO, University of Groningen [UG], Ghent Uni- 
versity [UGent], Vrije Universiteit Amsterdam [VU], and Wagenin- 
gen University [WUR]). 16S rRNA gene data revealed low-level con- 
tamination by Stenotrophomonas sp. across plates, adding a uni- 
form selection pressure. Shared axes of selection included the re- 
source change ( P. megaterium , harder to consume and growth- 
delaying ( Shtonda & Avery, 2006 )) and reduced temperature (16 
◦C instead of 20 ◦C) to achieve ∼1 generation/week. These factors, 
plus the contamination, jointly define the shared axis of selection. 
At experiment start ( Figure S1 ), each institute thawed ancestral 

aliquots (10 per institute; WUR: 6; VU: single aliquots per replicate) 
and expanded populations on E. coli . Nematodes were pooled, 
density estimated, and evolution initiated on P. megaterium plates 
with equal starting numbers (500 nematodes at UGent and UG; 
1000 elsewhere). Each replicate (five per institute, except WUR: 
three) was maintained on three plates to preserve genetic vari- 
ation, support larger population sizes, and buffer against plate 
failure. Transfers involved pooling plates, estimating density, and 
moving 500 nematodes; excess individuals were cr yopreser ved for 
later assays. 
We checked for unintended founder effects prior to the experi- 

ment by measuring genetic differentiation between ancestral pop- 
ulations and week 0 populations to the extent that these sam- 
ples were available. DNA was extracted from several hundred in- 
dividuals per population (DNeasy B&T kit, Qiagen) after triple M9 
washes and sequenced on Illumina Hi-Seq (150 bp paired-end) by 
IGAtech (Udine, Italy). Reads were quality checked (fastQC 0.11.9), 
trimmed (trimmomatic version 0.39), mapped to the WBCel235 
reference genome ( Consortium, 1998 ; Davis et al., 2022 ) using the 
Burrows-Wheeler Aligner ( Li & Durbin, 2009 ). We then selected 
only those reads that were properly paired after alignment against 
the C. elegans reference genome. SNPs were called using bcftools 
(version 1.17) ( Danecek et al., 2021 ). Variants were filtered out if 
DP was below five or above three times the average coverage; if 
quality score was below 20; if AD was below two. Allelic frequencies 
were only considered if larger than 1% and lower than 99%. Indels 
were excluded in this analysis. We retain 437,071 variant positions. 
We then examined genetic similarity across the three available an- 
cestral population by scoring the frequency at which variants were 
unique to a population, or shared between two or all three. We 
compared that to the same frequencies obtained for the five avail- 
able week 0 populations from VU for the backbone and both bot- 
tleneck treatments, subsampling all combinations of three out of 
five replicates for comparability with the ancestors. In addition, we 
examined genetic variation between ancestors and week 0 sam- 
ples in genetic Principal Component space under the rational that 
populations with similar genetic backgrounds cluster in multivari- 
ate genetic space. We performed PCA using Scikit-learn in python 
( Pedregosa et al., 2011 ) and visually examined clustering. 

Environmental stochasticity—variation in 

handling routines and microbiome profiles 

In addition to the shared axis of selection, there was environmen- 
tal heterogeneity across institutes. Institutes differed in handling 
routines (e.g., plate storage, bacterial growth time, washing pro- 
tocols). Full details are in Supplementary Appendix I. We also pro- 

filed institute-specific microbiota associated with C. elegans by 
sequencing samples from primary and secondary treatments (see 
below) at week 0/1 and 15. Due to sample limitations, some early 
timepoints were missing (see Figure S2 for available samples). 
From the sequence alignment files described above, host reads 
were removed using samtools (version 1.9). Non-host reads were 
classified at genus level using the k-mer based kraken2 software 
( Wood et al., 2019 ) and obtainedspecies abundanceswith Bracken 
( Lu et al., 2017 ). The database (PlusPf database, latest version 
9/4/2024) included bacterial, viral, archaea, protozoa, and fungi 
references. Genera < 1% abundance were excluded (31 retained). 
Abundances were Hellinger-transformed and analysed via PCA 
and redundancy analysis (vegan package 2.6–10 in R) ( Oksanen et 
al., 2025 ) to assess variation across institutes and treatments. The 
loadings in the PCA were generated with the scores function with 
scaling two. 

Secondary treatments 

Secondary treatments targeted demographic stochasticity 
through four variables: population bottlenecks, mixing within- 
population replicates, reproductive mode, and initial bleaching 
( Figure S1 ). Each parameter was varied at a single institute, with 
other conditions matching primary treatment. 
At VU, bottlenecks were introduced before the first week of ex- 

perimental evolution. Therefore, only the initial population size 
in week zero differed from the primary treatment. Three treat- 
ment levels were investigated: a strong bottleneck (five female 
founders), a moderate bottleneck (50 female founders), or no bot- 
tleneck (500 founders). A single bottleneck reduces the effective 
population size by 1 

2Ne 
, with Ne here being the effective size of the 

bottleneck ( Falconer & Mackay, 1996 ). The expectation was that 
smaller effec tive population siz es would thus incr ease the poten- 
tial for driftand founder effects. This could lead to a decrease in the 
adaptive potential (although this depends on several additional 
factors (e.g., Frankham et al., 1999 )), and will limit the repeata- 
bility of fitness change ( Wahl et al., 2002 ). Since week 0 samples 
were available for the bottlenecked populations, we also included 
these samples in the genetic similarity and founder effect anal- 
ysis described in the “Shared axis of selection” section. The ra- 
tionale was that if a bottleneck introduces a founder effect, sam- 
ples would share less variants with the ancestor compared to non- 
bottlenecked week 0 samples and would spread out in multivari- 
ate genetic PCA space due to divergent stochastic sampling of alle- 
les. This was unfortunately only possible for the bottleneck treat- 
ment due to limited availability of week 0 samples. 
At UGent, isolation was tested by maintaining five Petri dishes 

separately instead of mixing three dishes per replicate as in the 
default protocol ( Figure S1 ). Isolation may reduce overall levels of 
genetic variation if populations within a single Petri dish do not 
capture the full extent of genetic variation in the ancestor. This 
could then limit adaptive potential like a bottleneck. However, iso- 
lation also prevents maladaptive recombination of locally adap- 
tive allele combinations (local within a single Petri dish), which 
can strengthen local adaptation within a Petri dish ( Bisschop et 
al., 2019 ; Lenormand, 2002 ). Repeatability will likely be lower in 
the isolation treatment because more there is a higher potential 
for population specific, idiosyncratic changes. 
At NIOO, reproduction modes were contrasted: obligate dioe- 

cious D00, obligately self-fertilising (monoecious populations 
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or M00) and wildtype populations (androdioecious or A00; 
Theologidis et al., 2014 ). In the wildtype populations, sexual repro- 
duction occurred through self-fertilisation and through the pro- 
duction of males that cross with hermaphrodites. All populations 
share ancestry through A6140 and A00, into which loss-of-female- 
spermatogenesis [fog-2[q71)] and male-killing [xol-1(mt3055)] al- 
leles were introgressed to create the D00 and M00 populations, 
respectively ( Teotonio et al., 2012 ; Theologidis et al., 2014 ). Be- 
cause these workflows entail distinct introgression paths and po- 
tential bottlenecks, we do not assume identical baseline allele fre- 
quencies or diversity across reproductive modes. We therefore in- 
terpret “reproductive mode” as mating system together with its 
inherited baseline genomic context. We expect M00 to exhibit a 
higher growth rate than D00, due to doubled reproductive capac- 
ity. The reduced genetic diversity is expected to limit long-term 

adaptation. D00 should maintain highest diversity and adaptive 
potential. A00’s performance depends on male frequency dynam- 
ics: plasticity could confer benefits of both systems, but slow re- 
sponse may impose costs (e.g., reduced mating opportunities or 
inefficient resource allocation). 
At WUR, bleaching was applied before evolution, which is a 

common procedure in C. elegans rearing and kills all organisms 
(including contaminant bacteria) except the unhatched embryos 
inside the gravid females. Consequently, it is used to sterilise, and 
age synchronise populations. It is expected that this treatment 
mostly affec t s the demography in the population (as all individu- 
als have the same age at the start of the experiment). Synchronis- 
ing the population at the embryonic stage may favour alleles ben- 
eficial early in development while reducing founder effects, as re- 
production is shared across the entire cohort. This could improve 
adaptive potential by maintaining broader genetic representation. 
An overview of the treatments, treatment levels and sample sizes 
can be found in Table S1 . 

Population growth rate assessments 

Ancestral populations were cr yopreser ved after exp ansion in the 
lab, but before exposure to the novel conditions; starting popula- 
tions after one week on P. megaterium at 16 ◦C; and final popula- 
tions after 15 weeks ( ∼20 generations). Growth rate assessments 
were performed at a single location (VU Amsterdam) to prevent as- 
sessment bias. Cr yopreser ved samples were thawed and reared 
on E. coli at 20 ◦C for one week to create a common garden, remove 
(grand)parental effects, and produce sufficient nematodes. This 
assessment thus compares heritable, (epi)genetic effects. Growth 
was measured for three technical replicates, each starting with 500 
nematodes, per replicate unless the expansion step did not yield 
enough nematodes. For some replicates, the assessment was re- 
peated on differ ent days (r esulting in mor e technic al r eplic ates: 
3 x the number of measuring days). Population size after seven 
days was estimated by washing nematodes from plates in a micro- 
centrifuge tube using 2 mL M9 and counting three 5 µL droplets. 
Growth rate was calculated as r = ln (Nt /N0 ) 

t , with t = 7 days and 
N0 = 500. Population growth rate is driven both by developmen- 
tal rate and fertility and increasing growth rates over time are thus 
interpreted as adaptation to the novel conditions. Counts at ear- 
lier timepoints (4, 5, 6 days) validated calculations (Supplemen- 
tary Appendix I). Manual counts correlated strongly with BioSorter 
flow cytometer data (Supplementary Appendix I). Some samples 

with visual contamination (UGent) or poor post-freezing survival 
(five out of 138 sample measurements) were excluded. 

Statistical analysis 

Population growth rates—primary treatment 

Analysis was performed in R v4.4.2 ( R Core Team, 2025 ). We evalu- 
ated whether daily population growth rate differed between week 
1 and week 15 across institutes using GLMMs (glmmTMB v1.1.10, 
Brooks et al., 2017 ) with Gaussian distribution (Shapiro-Wilk nor- 
mality test: W = 0.9928, P -value = 0.4329). The fixed effec t s wer e 
week (categorical variable: week 1 or week 15), institute (categor- 
ical variable: NIOO, UG, UGent, VU, and WUR), and their interac- 
tion; the random variables were the assessment date and repli- 
cate ID (to link the measurements on the same replicate across 
weeks). Residual diagnostics (DHARMa, Hartig, 2024 ) showed no 
violations of model assumptions. Wald χ2 tests assessed fixed ef- 
fects; pairwise comparisons used emmeans v1.10.6 ( Lenth, 2024 ) 
with Tukey’s method. Selection response was calculated as the dif- 
ference in population growth rate between weeks. 

Population growth rates—secondary treatment 

Early time points (week 0/week 1) were unavailable for some sec- 
ondary treatments due to unsuccessful freezing and sample loss; 
therefore, we restricted analyses for secondary treatments to the 
final time point (week 15). We tested variation in daily popula- 
tion growth rate within institutes using GLMMs (glmmTMB v1.1.10, 
Brooks et al., 2017 ). Gaussian distribution was applied for UGent 
(Shapiro-Wilk normality test: W = 0.96662, P -value = 0.1681) and 
WUR (Shapiro-Wilk normality test: W = 0.95634, P -value = 0.6291), 
whereas VU and NIOO data were orderNorm transformed (best- 
Normalize v1.9.1, Peterson & Cavanaugh, 2020 ). Fixed effects were 
the secondary treatments; random effects were assessment date 
and replicate ID. Residual diagnostics (DHARMa, Hartig, 2024 ) in- 
dicated minor issues: in one model, some quantile regressions 
failed, and in another, the Levene test indicated significant hetero- 
geneity of variance. These deviations were not expected to sub- 
stantially affec t the r esult interpr e tation. Pairwise comparisons 
used emmeans v1.10.6 ( Lenth, 2024 ) with Tukey’s method. 

The effec t of micr obiome on population gr owth rate 

To assess whether variation in microbiota is the result of institute- 
specific accumulation of environmental microbes, we tested if the 
microbiota diversity increased from week 1 to week 15. Analyses 
were restricted to primary treatment data. We calculated Shan- 
non diversity (vegan v2.6–10, Oksanen et al., 2025 ) and applied 
Kruskal-Wallis rank sum tests per institute with week as fixed ef- 
fect. We examined whether microbiome composition explained 
population growth rate using linear models (lme4 v1.1–35.5, 
Bates et al., 2015 ). The daily growth rate (averaged over the re- 
peated measurements for each replicate ID) was response vari- 
able; the fixed effec t s wer e institute, week, and the first three prin- 
cipal components of microbiome variation. We refined models via 
likelihood ratio-tests. We also assessed the change in the popu- 
lation growth rate versus microbiome composition changes using 
random forest analysis (ntree = 100000; randomForest v4.7–1.2, 
Liaw & Wiener, 2002 ). 
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Effec t of environmental versus demographic 
stochasticity on repeatability 

We investigated the effect of environmental (among-institute 
variability) and demographic heterogeneity (within-institute, 
between-treatment variability) on the (endpoint) repeatability 
of adaptive evolution (population growth rates). We partitioned 
variance in week 15 growth rates using nested linear models 
(institute: treatment: replicate: measurement) in MCMCglmm 

( Hadfield, 2010 ). Both primary and secondary treatments were 
included. Greater variance at the institute level, compared to the 
treatment or replicate term, indicates environmental stochasticity 
as the main constraint. We iteratively added nested variables to 
the model, starting with institute, and then calculated for each 
model the increase in variance explained relative to a null model 
with no explanatory variables. 
We then assessed whether repeatability depended more on 

environmental stochasticity versus demographic stochasticity. 
We used linear mixed effec t models in MCMCglmm to compare 
among-replicate variance in population growth rates attributable 
to institutes with among-replicate variance attributable to treat- 
ments. Repeatability was considered to be higher when among- 
replicate variance in growth rates was lower. If environmental 
stochasticity is the main factor constraining repeatability, we ex- 
pect that there is more among-replicate variation partitioned 
across institutes than across the treatments. We first fitted a global 
model with treatment as fixed effects and the institute, and techni- 
cal and biological (evolutionary) replicates as random effects us- 
ing uninformative priors (degree of belief ν = 0.002). Posterior esti- 
mates for the variance among measurements and replicates were 
then used to define informative priors with prior variance equal 
to the posterior mode and degree of belief equal to the poste- 
rior mode divided by the 95% Highest Posterior Density interval 
(smaller spread relative to the mean will increase degree of be- 
lief). The informative priors were used here to incorporate infor- 
mation from the full data set to help model convergence when 
analysing small subsets of the data. We fitted the following mod- 
els: (1) primary treatment only (institute random effect), (2) both 
primar y and secondar y (institute and treatment fixed effect), (3) 
institute-specific subsets (treatment fixed effect). Posterior distri- 
butions were estimated from 1000 MCMC samples (1000000 itera- 
tions, 100000 burn-in, 1000 thinning interval) and modes with 95% 

HPD intervals were reported ( Brown & Forsythe, 1974 ). 

Results 

Adaptive evolution in the primary 

treatment 

Week 0 replicates from UvA and VU exhibited high levels of vari- 
ant sharing (94% of variants shared among all replicates across 
institutes) ( Figure S3 A) and clustered closely with ancestral sam- 
ples in PCA space ( Figure S4 ). We thus assume that there are no 
unintended founder effects in the primary treatment by distribut- 
ing the populations across institutes. We investigated whether the 
final (week 15) populations of C. elegans increased in population 
growth rate compared to the starting populations (week 1) at the 
five research institutes ( Figures 2A and 2B ). Overall, variance in 
population growth rate was explained by institute ( χ2 = 127.2 and 

P value < 0.0001) and the interaction between institute and week 
( χ2 = 32.0 and P value < 0.0001). Two institutes evolved higher 
population growth rates (UG: z ratio = 3.6 and P value = 0.0003; 
VU: z ratio = 2.4 and P value = 0.0186) and one institute lower 
growth rates (UGent: z ratio = -3.6 and P value = 0.0003) across 
all replicates from week 1 to week 15 (Figure 2; Table S2 ). 

Adaptive evolution in the secondary 

treatment 

Population growth rates varied among institutes ( Figures 2A , B) 
and among treatments ( Figures 2 C-F). The final growth rate was 
higher in the monoecious populations, in the isolated, and in 
the bleached treatments compared to dioecious ( t ratio = -2.8; P 
value = 0.0218), mixed ( t ratio = -8.4; P value < 0.0001), and not- 
bleached ( t ratio = -4.9; P value = 0.0004) populations in the pri- 
mary treatment ( Figures 2 C-F, Table S4 ). Neither moderate ( t ra- 
tio = -4.9; P value = 0.5298) nor strong population bottlenecks ( t 
ratio = -0.642; P value = 0.7973) affec ted gr owth rates, despite 
replicates having distinct genetic composition relative to each 
other and relative to ancestral and primary treatment samples 
( Figures S3 B, C; Figure S4 ). 

Environmental 

stochasticity—institute-specific 

microbiomes 

By replicating the experiment across different institutes, we intro- 
duced undirected environmental heterogeneity that was indepen- 
dent of the C. elegans genotype. At least two sources of variation 
contributed to this heterogeneity. The first were small, undirected 
fluctuations in the protocols used in transfer and treatment of the 
nematodes (Supplementary Appendix I). The second were undi- 
rected differences in the microbial communities that became as- 
sociated with the nematodes over time. 
To assess the microbial community composition and diversity, 

we leveraged the metagenome sequence data obtained for 93 an- 
cestral, before, and after evolution lines. Prior to sequencing, re- 
peated washing of the sampled nematodes removed most envi- 
ronmental bacteria and fungi. Microbial sequences obtained here 
are thus assumed to be from bacteria and fungi intimately as- 
sociated with the nematodes. Between 1% and 91% of trimmed 
reads were classified as bacterial or fungal genomes (Supple- 
mentary Appendix II). Microbiomes identified in sequence pools 
through metagenomic profiling showed an increase in alpha di- 
versity, meaning higher species richness, over time for three insti- 
tutes: UGent, UG, and VU ( Figure S5 A, Table S3 ) and were divergent 
among institutes ( Figures S2 and S5 B). 

Marginal effects of microbiome variation 

on population growth rates 

We tested whether the random variation in environment affected 
population growth rate by modelling the daily growth rate as a re- 
sponse of institute, treatment, and microbiome composition (us- 
ing its principal components). We identified week, institute, and 
microbiome PC3 (but not microbiome PC1 and PC2) as predic- 
tors for growth rate variation in the set of samples subject to 
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Figure 2 Growth rate evolution. (A) Daily growth is calculated as r = ln (Nt /N0 ) 
t with t = 7 and N0 = 500. Solid points are per-biological replicate average 

growth rates (Anc.: n = 5, NIOO: n = 5, but data for one replicate is missing in week 1; UG n = 5, UGent n = 5; VU n = 5; WUR n = 3) across the technical 

replicates (ranging from 3 to 9 per biological replicate). Lines connect week 1 and week 15 averages for the same replicate. Boxes show inter-quantile 

range, median; whiskers are 1.5 x interquartile range of the spread in daily growth across the technical replicates (the grey solid point is an outlier from 

the boxplot). (B) Selection response per replicate line is calculated as rweek15 –rweek1 . Box-and-whiskers are as in A). (C–F) The y-axis shows the daily 

growth rates, and the colours indicate the time point during experimental evolution (white: week 0, light grey: week 1, and dark grey: week 15). Solid 

points are per-biological replicate average growth rates and lines connect biological replicates across time points when multiple time points are 

available. The effec t of population bottlenecks with the differ ent tr eatment shown in different panels: no bottleneck, moderate bottleneck (50 

individuals at the start), or strong bottleneck (5 individuals at the start) is shown in C. The effec t of bleaching with the left panel without initial bleaching 

step and the right panel with initial bleaching step is shown in D. The effec t of reproductive mode with the three secondary treatments shown as 

differ ent panels: dioecious, androdioecious, and monoecious is shown in E. The effect of mixing with the mixing of three petri dishes during each 

refreshment step or the isolation of the petri dishes is shown in E. Early time points (week 0/week 1) were unavailable for some secondary treatments; 

therefore, we restricted analyses for secondary treatments to the final time point (week 15). 

the primary treatment only (ANOVA: F1 = 5.35; P value = 0.026; 
when adding PC3 to linear model, �AIC = 3.92; Table S5 ). The 
bacterial genera mainly driving PC3 are Serratia , Pseudomonas , 
and Brucella and a total of 8.72% of the variance in microbiome 
composition across samples is explained by PC3. Using the same 
data, we tested whether microbiome variation explained varia- 
tion in population growth rate change (from week 1 to week 
15) using a random forest regression. Presence/absence of spe- 

cific taxa (relative abundance > 1% in at least one sample) 
predicted growth rate change variation in addition to institute 
specific effects ( Figure S6 ). In the set of samples that also in- 
cluded all secondary treatments, including microbiome PC axes 
improved model fit and when included in the model, PC axes 
significantly explained population growth rate variation (PC1: 
F1 = 5.20; P value = 0.026; PC3: F1 = 5.56; P value = 0.021; 
Table S6 ). 
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Figure 3 (A) Population growth rate variance partitioning. Population growth rate variance explained by among-institute variation (environmental 

stochasticity), among-treatment variation (demographic stochasticity), among-replicate, and among-measurement variation. The rectangles indicate 

the posterior mode, and lines delineate the 95% HPD interval of the posterior distribution for variance components in a MCMC generalised linear model. 

Some variance estimates are slightly negative, which is mathematically implausible but can occur due to the MCMC model’s partitioning approach and 

prior specification. This suggests that the estimated contribution to trait differ ences is negligible. (B) Population growth rate repeatability. Repeatability 

(among-replicate variance relative to total variance) of week 15 population growth rate across institutes and across treatments within institutes (UG is 

not shown as no secondary treatments were performed in this institute). The rectangles indicate the posterior mode, and lines delineate the 95% HPD 

interval of the posterior distribution for variance components in a MCMC generalised linear model. 

Environmental and demographic 

stochasticity additively and similarly 

influence repeatability 

We investigated the effect of environmental stochasticity (inter- 
institute variability) versus demographic stochasticity (intra- 
institute, between-treatment variability) on the (endpoint) re- 
peatability of population growth rates. For this we fitted gener- 
alised linear mixed effec t models in an MCMC framework using 
the R-package MCMCglmm ( Hadfield, 2010 ). We first sequentially 
added terms (institute, treatment, replicate ID, measurement) to 
a model explaining daily population growth variation. Only treat- 
ment was fitted as a fixed effect because that was a statistically 
non-random variable. Most of the population growth rate varia- 
tion ( ∼50%) was explained by differences among the institutes, 
followed by differences among treatments ( ∼10%; Figure 3A ). We 
then used these models to estimate the relative among-replicate 

variance (which is 1–Repeatability) across institutes within the 
primary treatment only, across institutes within all treatments, 
and across treatments within each institute. Repeatability was 
constrained more by demographic variation than by environ- 
mental variation. Among-replicate variance was higher, with non- 
overlapping 95% HPD intervals, across treatments within VU 

and WUR versus across institutes ( Figure 3B ). Among-replicate 
variance across treatments within UGent and NIOO was also 
higher than across institutes, but in this case 95% HPD intervals 
overlapped ( Figure 3B ). Environmental and demographic hetero- 
geneity appeared to mostly additively affect repeatability: inter- 
replicate variance across secondary treatments and institutes (the 
line marked secondary in Figure 3B with posterior mode = 0.68) 
was similar to the inter-replicate variance across institutes within 
the primary treatment (posterior mode = 0.10) plus the average of 
the inter-replicate variances across treatments in each of the insti- 
tutes (posterior mode = 0.53). 
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Discussion 

Parallel evolution in nature shows that environmental hetero- 
geneity and demographic history limit evolutionary repeatabil- 
ity ( Grant & Grant, 2002 ; Losos, 2011 ; Mahler et al., 2017 ; Nosil 
et al., 2024 ). Without experiments quantifying these effects, it re- 
mains unclear how repeatable evolution is across ecological con- 
texts ( Wortel et al., 2023 ) and how predictions can be optimised 
by better estimates of selection and population genetic structure 
( Gompert et al., 2022 ; Nosil et al., 2020 , 2021 ). Most natural pop- 
ulations will differ in selective regimes as well as demographic 
history across space and time and these sources of stochasticity 
interact to determine repeatability ( Charlesworth & Jensen, 2021 ; 
Simões et al., 2008 ). Therefore, to overcome the major obstacles 
to (more) accurate predictions, i.e., estimating selection and ac- 
counting for historical contingencies, both should be varied ex- 
perimentally. Our multi-institute experiment introduced environ- 
mental and demography heterogeneity to measure random lim- 
its on repeatability and assess replicability of evolutionary exper- 
iments across heterogeneous contexts. 
Only two of five institutes showed consistent increases in pop- 

ulation growth rates on P. megaterium at 16 ◦C relative to their an- 
cestor ( Figure 2 ). This novel food source was chosen because it is 
more difficult for nematodes to consume and slows their growth 
( Shtonda & Avery, 2006 ). Most variance was explained by institute 
differences ( Figure 3A ), likely due to divergent selective regimes 
and microbiota ( Figure S5 ), which had weak but detectable ef- 
fects on population growth rate evolution ( Figure S6 , Table S5 , 6 ). 
Within institutes, population genetic and demographic properties 
were varied. The treatments likely inflated life-history variation 
relative to the primary treatment alone. This variation in repro- 
ductive modes, bottlenecks, demographic distribution, and the 
random mixing of local genotypes influences several aspects of 
evolutionary change, including the probability that a given geno- 
type transfers to the next generation (i.e., drift), the rate of in- 
breeding (i.e., local drift), and the strength of linkage between se- 
lected and neutral loci (i.e., draft) ( Charlesworth et al., 1993 ). To- 
gether, environmental and demographic treatments introduced 
heterogeneity that we quantified as among-replicate variation in 
our mixed model framework. We conclude that both environ- 
mental and demographic heterogeneity affect repeatability and 
that they do so additively. This heterogeneity acts on both sides 
of the predictability problem: (1) altering the strength and di- 
rection of selection ( Nosil et al., 2020 ; Wortel et al., 2023 ), and 
(2) imposing distinct historical contingencies through institute- 
specific demographic and genetic trajectories ( Blount et al., 2018 ; 
Travisano et al., 1995 ). Demographic stochasticity appears to have 
stronger effects on repeatability than environmental stochastic- 
ity, depending on treatment specifics. We suggest this is because 
demographic stochasticity directly modulates realised selection 
strength through variation in reproductive modes, bottlenecks, 
and sampling, while simultaneously shaping historical contin- 
gencies through founder effects. Consequently, forecasting evo- 
lution requires not only estimating variation in selection across 
environments, such as that arising from ecological differences 
or microbiota, but also accounting for life history, which encode 
historical contingencies through demographic histories and link- 
age patterns. Moreover, stochasticity acting across environments 
and populations inevitably introduces noise, leading to substan- 
tial individual variation and may limit explanatory power, even 

when predicting redundant traits such as fitness over brief time 
scales. 

Variation in fitness means among 

institutes and treatments 

The temporal change in growth rates across institutes—increasing 
in two institutes, two staying roughly the same, and one 
decreasing—reflects multiple possible processes. Identifying 
divergent microbiota among institutes confirmed one aspect of 
the expected heterogeneity in selection environments. Because 
the central experimental paradigm involved adaptation to a novel 
bacterial food source, we expected the microbial background 
environment to be relevant for the adaptive process. Even though 
our analyses revealed some statistically significant effects from 

microbiome diversity on fitness and fitness change through 
time, we conclude that these effec t s ar e either weak or institute 
specific. An alternative, non-mutually exclusive explanation for 
the among-institute variation is that adaptation to the experi- 
mental conditions in one institute may translate poorly to fitness 
measured in a different institute. Growth rates for the evolved 
populations from all institutes were measured at VU. This institute 
was one of the sites where population growth rates increased over 
time. Conducting all measurements at a single location ensured 
that fitness means and variances were independent of the experi- 
menter and equipment. However, it is not unusual that replicate 
populations with little fitness variation under the conditions in 
which they evolved exhibit higher fitness variation in other envi- 
ronments ( Blount et al., 2018 ). For example, local adaptation and 
environmental trade-offs may lower the growth rate measured 
in populations at the VU that have evolved elsewhere ( Hereford, 
2009 ; Kawecki & Ebert, 2004 ). 
The variation in growth rates across treatments depended on 

multiple factors. As expected, final growth rates were higher in mo- 
noecious populations than in dioecious populations, most likely 
driven by a greater proportion of reproductive individuals; al- 
though, contributions from differences in genomic backgrounds 
across the A00, M00, and D00 ancestors cannot be excluded. M00 
showed a higher growth rates, while A00 and D00 were similar. Be- 
cause M00 differs strongly in selfing rate, affecting recombination, 
LD, and genetic variation, whereas the three lines have similarly 
divergent genomic backgrounds, the results suggest that mating 
system and the number of reproducing individuals matter here 
more for fitness than genomic background alone. Growth rates 
were also higher in the isolation and bleach treatments compared 
to the mixed and non-bleached populations. Although isolation 
reduces genetic variation, isolating rather than mixing the three 
Petri dishes within each biological replicate may be beneficial by 
reducing outbreeding depression ( Dolgin et al., 2007 ) and lower- 
ing migration load ( Bisschop et al., 2019 ; Lenormand, 2002 ). By 
synchronising developmental stages and minimising founder ef- 
fects, the bleach treatment may have enhanced the expression 
and selection of alleles beneficial early in life, thereby maintaining 
adaptive potential. Contrary to our expectation that smaller effec- 
tive population sizes would increase drift and reduce adaptive po- 
tential, we found no effect of the bottlenecks on mean final growth 
rates (see also Bisschop et al., 2022 ). Interestingly, despite the ab- 
sence of fitness effec t s, the bottleneck leaves a clear genetic signa- 
ture, especially the strong bottleneck. Replicates that underwent 
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a strong bottleneck were genetically divergent before exposure to 
the new environment (week 0), as evident in the broad distribution 
of these samples in genetic PCA space ( Figure S3 B, C). 
Overall, we found institute differences to explain most of the 

variation in population final growth rates, which is likely due to 
a combination of the divergent background microbiota and lab- 
specific adaptive processes. Treatments explained less variation 
in mean growth rates, after accounting for institute differ ences. 
Based on these results, we conclude that treatments likely mostly 
affec ted population genetic structure with mixed effects on fit- 
ness, while institute differences likely affected selection coeffi- 
cients with significant effects on fitness. 

Environmental and demographic 

heterogeneity additively impact fitness 

repeatability 

The D00 ancestor of our experimental populations harboured high 
levels of genetic variation, showed a rapid decay of linkage dise- 
quilibrium (LD) over short genetic distances, and exhibited a high 
degree of sign epistasis, all as a consequence of the multi-parental 
hybridisation ( Noble et al., 2017 ; Teotonio et al., 2012 ; Theologidis 
et al., 2014 ). Selection likely acts on many different loci that may 
be expected to be involved in feeding on specific microbial prey. 
In a context of high genetic redundancy and extensive epista- 
sis, the extent to which populations may “find” the same fitness- 
improving solutions within the limited time of approximately 20 
generations likely depends on several factors. It is shaped not only 
by selection but especially by the genetic background and ge- 
netic structure within which selection operates ( Weinreich et al., 
2005 , 2013 ). In line with this expectation, we show an important 
role for demographic stochasticity. This finding highlights that 
predictability of adaptive evolution across different loci is inher- 
ently limited by the contingencies associated with founder pop- 
ulations, echoing previous results from studies in microbes, flies, 
and nematodes ( Blount et al., 2018 ; Schlötterer, 2023 ). A forthcom- 
ing analysis of the genetic selection response can reveal whether 
founder effects, variation in LD, and epistasis across the genome 
in response to the demographic treatments may indeed explain 
the observed effec t s on repeatability of fitness outcomes. The cur- 
rent results on the repeatability of fitness outcomes imply that 
both sources of stochasticity must be considered when predict- 
ing short-term adaptive responses to environmental change. This 
stochasticity likely introduces substantial noise, reducing the ac- 
curacy of such predictions. 

Replicability and heterogeneity in 

experimental evolution 

An important advantage of our approach is that we do not limit our 
analysis of repeatability to a single institute or a universally shared 
demographic and genetic background. Most experimental evolu- 
tion studies are conducted in a single institute, using standardised 
media and equipment. These studies typically apply either con- 
stant selection coefficients (i.e., constant selection) or constant se- 
lection differentials, where the coefficient increases proportion- 
ally with the selection response ( Van den Bergh et al., 2018 ). Al- 

though this ensures precise estimates of repeatability, it does not 
reflect the broader biological reality of evolution occurring across 
differ ent ecologic al and demographic contexts. Whenever spa- 
tiotemporal heterogeneity is introduced, evolutionary outcomes 
diverge among replicates that differ in environment more than 
among replicates that experience similar conditions. This is evi- 
dent from our results and supported by findings from both highly 
controlled and more “natural” experiments. For example, seem- 
ingly minor differences in media, glassware, and atmospheric 
conditions can substantially influence the outcomes of microbial 
evolutionary experiments ( Desjardins et al., 2021 ; Lenski, 2023 ; 
Worthan et al., 2023 ). Only 3 out of 80 quantitative trait loci for 
biomass traits in rapeseed ( Brassica napus L. ) were stable across 
two experimental locations ( Haelterman et al., 2024 ), and just 53 
out of 152 behavioural responses in mice were reproducible across 
five institutes ( Jaljuli et al., 2023 ). Moreover, the population of ori- 
gin (genetic background) can itself be a major driving force, as 
shown both in this study and in previous experimental evolution 
work using diverse founders ( Barghi et al., 2019 ; Otte et al., 2021 ; 
Seabra et al., 2018 ). Our study illustrates how environmental and 
demographic heterogeneity can be incorporated to increase the 
external validity, which makes experimental results more general- 
isable beyond a single laboratory setting. 
In our data, we assessed among-replicate variance across sim- 

ilar conditions (within-institute, within-treatment), across inter- 
mediate dissimilar conditions (replicates across institutes or treat- 
ments), and across most dissimilar conditions (replicates across 
institute and treatments). We find that repeatability decreases ac- 
cordingly and is not uniformly dependent on whether replicates 
vary by treatment or by institute. Statistically integrating hetero- 
geneity in experimental evolution through the mixed model ap- 
proach helped identify factors and quantify their influence on 
evolutionary repeatability and experimental replicability. We thus 
were able to compare different sources of heterogeneity quan- 
titively to consider how they impact the uncertainty associated 
with extrapolating findings to broader contexts. Testing repeata- 
bility across heterogeneous contexts aids in understanding (the 
limits to) evolutionary predictability. Replicating evolutionary ex- 
periments across locations and experimenters, and including het- 
erogeneous contexts, adds broader biological context and probes 
the external validity of replays of the tape of life. 
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