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Abstract 11 

 12 

Adaptation to constant environments is often thought to proceed through point mutations that fine-13 

tune gene function. However, structural variation, such as gene duplications and deletions, can also 14 

reshape genomes and drive rapid phenotypic change. Yet, how these classes of mutations jointly 15 

influence long-term adaptation remains unclear. Here we evolve six replicate diploid Saccharomyces 16 

cerevisiae populations for 1200 generations in either glucose or galactose and show that adaptation is 17 

dominated by large-scale copy number variations (CNVs) rather than single-nucleotide 18 

polymorphisms. In glucose, adaptation proceeds through early, extensive telomeric deletions that 19 

target carbon-use modules, followed by later compensatory duplications that restore metabolic 20 

breadth. In galactose, adaptation is marked instead by persistent telomeric and subtelomeric 21 

duplications that reinforce specialization. Opposing selection acted on overlapping sets of genes, with 22 

loci deleted during glucose adaptation becoming duplicated during galactose adaptation, linking 23 

structural remodeling to divergent physiological strategies. Contrary to models emphasizing SNP 24 

accumulation, these findings demonstrate that predictable CNV trajectories dominate genome 25 

evolution in stable environments, and that the direction and persistence of such structural changes 26 

are constrained by both the ancestral genotype and the regulatory architecture of the cell. 27 

 28 

Keywords: Experimental evolution; Saccharomyces cerevisiae; Copy Number Variation (CNV); 29 

Structural Variants.  30 
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Introduction 31 

 32 

Natural environments are rarely constant1. Organisms frequently encounter transient changes in 33 

nutrient availability, temperature, or biotic interactions, which require populations not only to adapt to 34 

their current environment but also to maintain resilience against future fluctuations2–4. A central 35 

question in evolutionary biology is whether the capacity to tolerate such variability is encoded in the 36 

genetic architecture of populations, even when they have evolved in a single, stable environment5–7. 37 

Understanding these constraints is key to predicting evolutionary trajectories8–11. 38 

 39 

Even under stable conditions, evolution can take multiple molecular routes to the same phenotypic 40 

outcome, raising questions about predictability, constraint, and the genetic mechanisms that dominate 41 

over long timescales5,6,11,12. Classical models emphasize point mutations as the main substrate of 42 

adaptation13–16, yet structural variants such as gene duplications and deletions can produce much 43 

larger phenotypic effects and respond rapidly to selection7,17–19. Diploid genomes, in particular, add 44 

complexity by allowing recessive alleles to hide and by permitting large-scale copy number variation 45 

that can rewire gene dosage and network architecture20–23. Disentangling how these mutation classes 46 

contribute to adaptation, and whether their trajectories are predictable across environments that 47 

engage distinct regulatory and metabolic modules, remains a key open problem10,24,25. 48 

 49 

Experimental evolution in microbes provides a tractable system to address these questions, as 50 

populations can be propagated under controlled conditions, and phenotypic and genetic changes can 51 

be monitored over hundreds of generations16,24,26,27. In this study, we evolved twelve populations of 52 

diploid Saccharomyces cerevisiae (S. cerevisiae) in either glucose or galactose for 1200 generations, 53 

environments that differ in metabolic requirements and gene regulation. In recent years, many studies 54 

have examined the physiological responses and adaptive strategies of yeast in glucose and galactose 55 

environments28–35. By assaying fitness in the home environment, both when sub-cultured from home 56 

environment and when brought after growth in the alternative environment, we quantify specialization, 57 

pleiotropic costs, and history-dependent effects.  58 

 59 

Here, we systematically track CNVs and SNPs in glucose- and galactose-evolved populations across 60 

four time points, combining genome sequencing with phenotypic assays. This design allows us to ask: 61 

(1) How does adaptation in an environment affect fitness in an alternative environment across time? 62 

(2) Which genomic changes underlie specialist and generalist phenotypes? (3) Are there recurrent or 63 

predictable patterns of CNVs that correspond to fitness trajectories? 64 

 65 

Our results show that adaptation is primarily driven by CNVs rather than SNPs. Glucose-evolved 66 

populations initially specialize, displaying early fitness costs that are later mitigated, while galactose-67 

evolved populations accumulate persistent duplications that reinforce specialization. Many of the 68 

same genes are targeted in opposing ways in the two environments, revealing contrasting strategies 69 

of genomic remodeling in similar environments. Overall, these findings highlight the central role of 70 
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CNVs in shaping predictable adaptive trajectories and environment-dependent trade-offs, providing 71 

insight into the genetic architecture underlying specialization and generalist evolution.  72 
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Results 73 

 74 

Adaptive dynamics and genomic architecture of glucose- and galactose-evolved populations. 75 

We evolved six replicate diploid Saccharomyces cerevisiae populations in either 0.5% glucose or 76 

0.5% galactose for 1200 generations. Fitness was assayed every 300 generations, while whole-77 

genome sequencing of all six glucose- and six galactose-adapted populations, each at four time 78 

points was performed to identify the underlying genetic basis of adaptation (Figure 1A). 79 

 80 

In both environments, populations initially experienced a fitness increase in their home environment, 81 

which later fluctuated mildly. Upon assaying fitness by preculturing in the same medium, we see that 82 

by 1200 generations, glucose-adapted populations grew ~20–30% faster than their ancestor in 83 

glucose, while galactose-adapted populations improved ~15–25% in galactose (Figure 1B and 84 

Supplement Figure S1).  85 

 86 

Fitness changes correspond to environment-specific copy number variation dynamics. 87 

Despite the different selective environments, we observed single-nucleotide polymorphisms (SNPs) to 88 

be rare across all lines and time points (Figure 1C and Supplement Sheets 1 and 2). Contrastingly, 89 

we found the dominant mode of genomic change was copy-number variation (CNV), which occurred 90 

repeatedly and independently in multiple replicate lines (Figure 1D-E and Supplement Sheets 3 and 91 

4). Thus, adaptation in both glucose and galactose populations was primarily driven by copy number 92 

variations rather than point mutations. 93 

 94 

Fitness gains were accompanied by widespread CNVs whose signatures differed sharply between the 95 

two environments. Overall, glucose lines carried roughly equal numbers of deletions and duplications, 96 

while galactose lines accumulated several-fold more duplications than deletions, a bias that remained 97 

consistent across all four time points (Supplement Sheets 5 and 6). 98 

 99 

However, duplications and deletions exhibited strong contrasts, depending on the environment in 100 

which the populations evolved. In glucose-evolved populations, deletions were frequent, particularly in 101 

telomeric regions of all chromosomes, except chromosomes I and II (Figure 2 and Supplement 102 

Figure S2). The extent of these deletions was most pronounced in the early intervals (first 300 103 

generations) but declined with further evolution, suggesting that early adaptive gains involved a large 104 

number of deletions that were later refined or compensated by subsequent changes.  105 

 106 

In contrast, galactose-evolved populations exhibited widespread telomeric and sub-telomeric 107 

duplications (Figure 3 and Supplement Figure S3) except in chromosome II. These duplications 108 

were evident from as early as 300 generations and were maintained or expanded throughout 1200 109 

generations, indicating persistent selective benefit in the galactose environment. Strikingly, 217 genes 110 

that were recurrently deleted in glucose-evolved lines were found duplicated in galactose-evolved 111 

lines during some stage of the evolution experiment, highlighting the opposing selective pressures 112 
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acting on the same genetic loci as populations adapted in the two environments (Figure 4, 113 

Supplement Figure S4a and S4b). 114 

 115 

Specialization trajectories are mirrored in genomic remodeling. 116 

Adaptation to glucose increases fitness. However, we asked if there were particular costs associated 117 

with this adaptation. Specifically, we investigated the cost of adaptation in the ability of the cells to 118 

switch environments and exhibit growth. To quantify this, we compared the glucose-evolved lines' 119 

growth to the glucose ancestor, when the cells were first pre-cultured in galactose. Glucose-evolved 120 

populations showed a strong penalty or growth defect at 300 generations because of prior exposure 121 

to galactose, consistent with the cost of specialization on glucose (Figure 5). However, this penalty 122 

declined sharply by generation 900, reaching nearly zero, before increasing slightly again later in the 123 

experiment. This dynamic trajectory suggested a transient phase of specialization followed by the 124 

acquisition of mutations conferring generalist performance. 125 

 126 

The genomic data shows that early adaptation coincided with extensive telomeric deletions, including 127 

in regions encompassing genes involved in galactose metabolism and alternative carbon source 128 

utilization. Pathway-level analyses revealed frequent targeting of galactose metabolism, pyruvate 129 

metabolism, fructose and mannose metabolism, and the glyoxylate pathway (Supplement Figure 130 

S5). These deletions likely conferred rapid specialization to glucose but incurred fitness costs when 131 

preculture history involved galactose. Later in evolution, however, the extent of deletions decreased, 132 

suggesting the appearance of compensatory CNVs (including duplications) that may have restored 133 

broader metabolic flexibility and enabled the observed decline in fitness penalties. 134 

 135 

In contrast, galactose-evolved populations showed steadily increasing penalties across the 1200 136 

generations, consistent with a trajectory of deepening specialization (Figure 5). The underlying CNV 137 

patterns reinforced this phenotype: galactose lines accumulated persistent duplications in telomeric 138 

and subtelomeric regions, often in loci involved in glycolysis/gluconeogenesis, starch and sucrose 139 

metabolism, and galactose metabolism (Supplement Figure S6). Rather than being compensated, 140 

these duplications were maintained and amplified over time, reinforcing a genetic architecture that 141 

promoted strong specialization and increasing costs of cross-environment exposure. 142 

 143 

Physiological history dependence and its genomic correlates. 144 

We further tested the influence of short-term growth history on fitness. We grew galactose-evolved 145 

populations briefly in glucose (~15 generations) and then returned them to galactose media. The 146 

transferred population displayed reduced growth rates in galactose, but this penalty was mitigated 147 

when, following growth in glucose, cells were re-exposed to galactose for 7 or 15 generations (Figure 148 

6A). This plasticity suggests that the specialized physiology of galactose-adapted lines is sensitive to 149 

immediate history but can be restored with sufficient exposure to galactose. Genomic signatures 150 

provide a plausible explanation: the duplications enriched in galactose-evolved lines were heavily 151 
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biased toward genes encoding metabolic enzymes and transporters, creating a cellular state 152 

optimized for galactose but disrupted by prior glucose exposure. 153 

 154 

Glucose-evolved populations behaved differently. During the first 600 generations, the duration of 155 

glucose preculture (7 vs. 15 generations) influenced measured growth rates, consistent with 156 

continued sensitivity to short-term history (Figure 6B). However, beyond generation 600, this effect 157 

disappeared: fitness became independent of preculture duration. This history-independence parallels 158 

the genomic trend in which extensive deletions present early in evolution diminished later, with 159 

glucose lines acquiring duplications that likely stabilized metabolism and reduced sensitivity to 160 

environmental history. 161 

 162 

Predictability of evolutionary outcomes. 163 

To investigate the contributors to fitness of the evolved populations in different conditions, we 164 

analyzed our dataset using a linear model incorporating ancestor fitness, preconditioning 165 

environment, recovery duration, evolutionary time, and their interactions. We ran an ANOVA analysis 166 

which showed fitness of the ancestral strain as the strongest predictor of evolved fitness (η² ≈ 0.71, p 167 

< 10⁻⁶²), demonstrating that the initial genotype largely sets the baseline for subsequent adaptation. 168 

Evolutionary time also contributed significantly to fitness changes (η² ≈ 0.22, p < 10⁻²⁸), consistent 169 

with the gradual accumulation of adaptive changes observed in both glucose- and galactose-evolved 170 

lines. 171 

 172 

Other main effects, including preconditioning environment and recovery duration, were individually 173 

non-significant. However, modestly significant interactions with evolutionary time were detected 174 

(preconditioning × evolution: p ≈ 0.0014; recovery × evolution: p ≈ 0.027), indicating that 175 

environmental context can subtly modulate the pace or trajectory of adaptation. Higher-order 176 

interactions contributed minimally to overall variance in fitness. 177 

 178 

Linear regression analysis further supported these conclusions. The coefficient for ancestral fitness 179 

was large and highly significant (β = 1.324, p < 0.001), whereas the effect of evolutionary time per 180 

generation was small but detectable (β = 8.7 × 10⁻⁵, p < 0.001). Interaction terms were largely 181 

negligible, emphasizing that while environmental history and short-term physiological conditions can 182 

influence fitness to a limited extent, the initial genetic background dominates subsequent evolutionary 183 

outcomes. 184 

 185 

These findings suggest that the evolutionary response in our experiment is highly predictable at the 186 

level of gross fitness changes: the starting genotype establishes a strong constraint on the magnitude 187 

and direction of adaptation, while environmental factors such as preconditioning and recovery 188 

modulate the response only subtly. When interpreted alongside our genomic analyses, these results 189 

imply that predictable structural changes, particularly environment-specific CNVs in key metabolic loci, 190 
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act within the bounds set by the ancestral genotype to produce incremental but repeatable fitness 191 

gains. 192 

 193 

  194 
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Discussion. 195 

Our genomic and phenotypic analyses reveal two fundamentally different routes to adaptation in 196 

glucose and galactose. In glucose, populations initially specialize through extensive telomeric 197 

deletions affecting galactose- and carbon-metabolism loci, but these early losses are later countered 198 

by compensatory duplications that restore metabolic breadth and generalist growth. In contrast, 199 

galactose-adapted populations exhibit persistent subtelomeric duplications across evolution, 200 

reinforcing specialization and maintaining high costs upon environmental switching. Over two hundred 201 

loci were altered in opposite directions, deleted in glucose yet duplicated in galactose, demonstrating 202 

that the two environments impose antagonistic selective pressures on shared genomic targets. 203 

 204 

Specialization thus emerges as a common first step in adaptation, but only glucose-evolved 205 

populations escape it through subsequent structural remodeling. In galactose, sustained duplication-206 

driven amplification traps populations in a progressively specialized state. Together, these patterns 207 

illustrate that adaptation follows environment-specific genomic strategies constrained by both the 208 

ancestral genotype and the architecture of gene regulation. 209 

 210 

Across 1200 generations in single-carbon environments, adaptation of diploid S. cerevisiae was 211 

driven predominantly by copy number variations (CNVs) rather than point mutations. Glucose-evolved 212 

populations exhibited early telomeric deletions that imposed transient, history-dependent fitness costs 213 

following galactose exposure, costs that diminished as duplications later emerged. Galactose-evolved 214 

populations, in contrast, accumulated persistent telomeric and subtelomeric duplications, maintaining 215 

strong specialization. The same genomic regions were repeatedly targeted in opposing directions 216 

across environments, underscoring CNVs as the principal and predictable axis of evolutionary 217 

change. 218 

 219 

The dominance of CNVs over SNPs reflects their contrasting mutation spectra and context 220 

dependence. While the single-nucleotide mutation rate in yeast is ~10⁻¹⁰ per site per generation 221 

(roughly 10⁻³ per genome)36,37, structural variants arise orders of magnitude more frequently and are 222 

influenced by ploidy, sequence architecture, and replication dynamics38,39. Tandem-array 223 

rearrangements at loci such as CUP1 occur near 10⁻⁷ per division, and loss-of-heterozygosity events 224 

often exceed base-substitution rates, particularly in diploids40. 225 

 226 

Although point mutations have long been viewed as the canonical drivers of adaptation, evidence 227 

increasingly points to CNVs as rapid, flexible, and often reversible mechanisms of evolutionary 228 

change16,17,19,41–49. In S. cerevisiae, gene amplifications confer metal and toxin resistance, and 229 

recurrent CNVs in transporter and metabolic genes underlie ecological specialization across fungi and 230 

pathogens48,50–55. Yet, how such events shape adaptive trajectories across contrasting environments 231 

remains poorly understood. Our findings reveal that CNVs, rather than SNPs, form the structural basis 232 

of predictable evolutionary outcomes, dictating whether populations evolve toward generalist or 233 

specialist states and defining the genomic logic of adaptation in stable environments47,56. 234 
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 235 

More broadly, our findings position CNVs as first-order levers of evolvability in microbes17,18. Parallel 236 

yet contrasting CNV signatures emerged in the two environments, i.e., mixed deletions/duplications in 237 

glucose versus duplication-biased remodeling in galactose. These changes to the genome likely map 238 

onto opposite physiological strategies with environment-specific trade-offs. The concentration of 239 

changes in telomeric regions and enrichment for transport/metabolic modules suggest that dosage 240 

tuning of peripheral genomic neighborhoods provides a rapid route to adaptation when nutrient 241 

regimes differ22,57–59. 242 

 243 

Second, the predictability and constraints of evolution are evident in our data: a linear modeling 244 

framework shows that ancestral fitness is the strongest determinant of evolved fitness, while 245 

evolutionary time contributes modestly and preconditioning/recovery exert only subtle, time-246 

dependent effects5,12,60–62. This indicates that structural remodeling proceeds within bounds set by the 247 

starting genotype and network architecture, yielding incremental but repeatable fitness gains.  248 

 249 

Finally, these results motivate targeted tests and applications. Mechanistically, dissecting causality 250 

and reversibility of specific CNVs (engineered gain/loss, LOH dynamics) can clarify how populations 251 

exit specialist states18,21,63–66. Ecologically and industrially, controlled fluctuation schedules could be 252 

used to steer CNV trajectories toward desired phenotypes (e.g., fermentation robustness, drug 253 

tolerance control)25,67,68. Methodologically, combining barcoded lineage tracking with long-read 254 

assemblies should resolve CNV architectures over time and link structural changes to fitness under 255 

explicit history manipulations, including the observed loss of history dependence in glucose lines after 256 

~600 generations.  257 
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Methods 258 

 259 

Strains used and experimental evolution. 260 

A diploid SK1 (a/α) strain was generated by mating two isogenic haploids: 261 

 262 

● SK1 MATa ARS314::TRP1 ho::LYS2 lys2 ura3 leu2::hisG his3::hisG trp1::hisG 263 

● SK1 MATα ARS314::LEU2 ho::LYS2 lys2 ura3 leu2::hisG his3::hisG trp1::hisG 264 

 265 

For each evolution experiment, the diploid strain was streaked from frozen stock onto YPD agar plates. 266 

A single colony was inoculated into glycerol–lactate medium (3 mL 100% glycerol, 2 mL 40% lactate, 267 

50 mg complete amino acid mixture, 660 mg yeast nitrogen base per 100 mL) and cultured for 48 h. 268 

 269 

From this starter culture, 1% (v/v) inoculum was transferred daily into fresh medium to establish six 270 

independent replicate populations in each of two carbon environments: 271 

 272 

● Glucose (0.5% w/v) supplemented with 50 mg complete amino acid mixture and 0.66 mg yeast 273 

nitrogen base 274 

● Galactose (0.5% w/v) supplemented with the same additives 275 

 276 

All populations were propagated by serial 1:100 dilutions every 24 h and maintained at 30°C, 250 rpm 277 

shaking conditions for a total of ~1200 generations. 278 

 279 

Growth Rate Measurements as a Proxy for Adaptation. 280 

Growth rates were quantified at four evolutionary time points: 300, 600, 900, and 1200 generations. At 281 

each point, populations were revived from frozen stocks and inoculated into the same carbon source in 282 

which they had been evolved. Optical density (OD) measurements were then recorded to estimate 283 

growth rate, which served as a proxy for fitness. 284 

 285 

We denote these assays as follows: 286 

 287 

● ggg: populations evolved in glucose, passaged in glucose, and assayed in glucose. 288 

● GGG: populations evolved in galactose, passaged in galactose, and assayed in galactose. 289 

● gGg: populations evolved in glucose, passaged in galactose, and assayed in glucose. 290 

● GgG: populations evolved in galactose, passaged in glucose, and assayed in galactose. 291 

 292 

This design ensured that the measured growth rates reflected adaptation to the native selection 293 

environment of each evolving population. 294 

 295 

Reciprocal Environment Assays. 296 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 20, 2025. ; https://doi.org/10.1101/2025.10.01.679718doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.01.679718
http://creativecommons.org/licenses/by-nc-nd/4.0/


12 
 

To assess the stability and plasticity of adaptation, evolved populations were exposed to the non-home 297 

carbon source for a short duration (~15 generations) and subsequently returned to their original 298 

environment. For glucose-evolved populations, the non-home environment was 0.5% galactose 299 

medium, while for galactose-evolved populations, the non-home environment was 0.5% glucose 300 

medium. 301 

 302 

Fitness was assayed in the home environment at three distinct stages: 303 

 304 

● Immediately after growth in the non-home environment 305 

● Following ~7 generations of regrowth in the home environment 306 

● Following ~15 generations of regrowth in the home environment 307 

 308 

At each assay point, 100–200 µL of culture (volume adjusted according to OD) was inoculated into 10 309 

mL of the relevant assay medium. Cultures were incubated at 30 °C with shaking at 250 rpm, and optical 310 

density (OD) measurements were collected at regular intervals. Growth dynamics were quantified by 311 

calculating a composite growth rate, incorporating both the lag phase duration and the exponential 312 

growth rate derived from the OD growth curves. 313 

 314 

Each kinetic assay was performed in triplicate for every population at every time point. In parallel, 315 

ancestral strains were revived and assayed under identical conditions, providing a consistent baseline 316 

for estimating relative fitness gains during evolution. 317 

 318 

Whole-Genome Sequencing and Reference Genome Construction. 319 

Evolved populations at four evolutionary time points (300, 600, 900, and 1200 generations) were revived 320 

in 5 mL of their respective evolution environments. Cells were harvested, and genomic DNA was 321 

extracted using the phenol–chloroform method70. Sequencing libraries were prepared, and 150 bp 322 

paired-end sequencing was performed on the DNBSEQ platform at ~100× coverage by Haystack 323 

Analytics. The ancestral diploid SK1 strain was also sequenced at the same depth for comparison. 324 

 325 

To construct a draft SK1 reference genome, three ancestral haploid SK1 strains from our laboratory 326 

were independently sequenced at ~100× coverage. Each haploid genome was aligned to the S288C 327 

reference genome using BWA-MEM, and variants were called with GATK v4.4.0.0. Common variants 328 

across the three strains were identified and incorporated into the reference using 329 

FastaAlternateReferenceMaker, generating a modified reference genome. This process of alignment, 330 

variant calling, and incorporation of common polymorphisms was iterated until convergence, yielding a 331 

high-confidence SK1 draft genome42. 332 

 333 

The diploid ancestral SK1 genome was then aligned to this draft reference, and the resulting BAM file 334 

was used to polish the assembly with Pilon. Gene annotations were transferred from the S288C genome 335 

to the SK1 draft genome using Liftoff, yielding a polished and annotated SK1 reference genome69,70. 336 
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 337 

This polished SK1 genome was subsequently used as the reference for alignment of all evolved 338 

population sequencing data. 339 

  340 

Variant Calling and Filtering. 341 

For each evolved population, sequencing reads were aligned to the polished SK1 reference genome 342 

using BWA-MEM. Duplicate reads were identified and marked with Picard Tools. Variant calling was 343 

performed with GATK4, following the recommended best practices pipeline: HaplotypeCaller, 344 

GenomicsDBImport, and GenotypeGVCFs. Variants were jointly called across all time points for each 345 

replicate line to maintain consistency in variant representation. Variant annotation was carried out using 346 

SnpEff71. 347 

 348 

From the resulting VCF files, total read depth and allele-specific read depths (reference and alternate 349 

alleles) were extracted for each sample. Variants were filtered out based on the following conditions: 350 

 351 

● the average coverage across all time points was <30×; and 352 

● all populations across the four time points had <25× coverage; and 353 

● the allele frequency remained unchanged across time. 354 

 355 

Mutations were considered fixed when the alternate allele frequency reached thresholds of: 356 

 357 

● 0.5–0.6 for heterozygous alternate alleles, 358 

● 0.9–1.0 for homozygous alternate alleles, or 359 

● 0–0.1 for homozygous reference alleles, relative to the reference genome. 360 

 361 

All variants were visually validated using the Integrated Genome Viewer (IGV). 362 

 363 

Because the number of fixed SNPs was low and many were shared across replicate populations, variant 364 

calls for one representative replicate line (across all time points in both environments) were 365 

independently verified using an alternative approach. Variants were re-called with bcftools mpileup, 366 

followed by filtering with the same thresholds as above.  All the 5 SNPs called using GATK in glu1 367 

population (glucose-evolved, replicate line1) were present in the variant list obtained from bcftools 368 

mpileup. There were no unique variants to GATK but 1 unique variant to bcftools mpileup. In the case 369 

of gal1 population (galactose-evolved, replicate line1), 3 SNPs were common to both the methods and 370 

1 unique to GATK. This confirms the presence of few fixed variants in the population.  371 

 372 

The raw sequencing data of all evolved populations is available at 373 

374 
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http://www.ncbi.nlm.nih.gov/bioproject/1298216. 375 

 376 

Copy Number Variation (CNV) Analysis. 377 

To ensure comparable sequencing coverage across samples, the median coverage across the genome 378 

was calculated for each evolved replicate at every time point and in both evolution environments 379 

(Supplementary Figure S7). 380 

 381 

A custom coverage-based pipeline was used to identify copy number variants (CNVs) in all evolved 382 

populations. First, per-site read depth across the genome was calculated using samtools depth. To 383 

detect contiguous genomic regions exhibiting CNVs, the genome was divided into 500 bp windows, and 384 

the median coverage per window was determined. Each window’s coverage was then normalized by 385 

the genome-wide median coverage for that sample. To account for standing variation present in the 386 

ancestor, the ratio of normalized coverage in evolved populations to that of the ancestral reference was 387 

computed for each window, yielding a measure of relative coverage. All the windows that had a relative 388 

coverage less than 0.25 were excluded from further analysis. 389 

 390 

To classify CNV states, we implemented an unsupervised Hidden Markov Model (HMM) allowing 391 

discrete states of 0, 0.5, 1, 1.5, 2, 3, and 4. A CNV state of 1 indicated equal copy number in evolved 392 

and ancestral genomes, values <1 indicated deletions, and values >1 indicated duplications in the 393 

evolved populations72. 394 

 395 

To validate the CNV calls, one representative replicate from each environment was independently 396 

analyzed at a time point that exhibited maximum CNVs (300 generations for glucose and 1200 397 

generations for galactose), along with the ancestor, using CNVpytor, a read depth-based tool for CNV 398 

analysis73. A bin size of 500bp was used, and CNV calls with p-value<0.0001, and Q0<0.5 were filtered. 399 

The copy number in each window of evolved populations was normalized with that in the ancestor to 400 

account for only the changes that occurred during the experiment. The results were compared with the 401 

coverage-based pipeline used in this study by calculating accuracy, precision (weighted average of true 402 

positives to sum of true and false positives for each class), and recall (weighted average of true positives 403 

to sum of true positives and false negatives for each class). In the glucose-evolved line, results obtained 404 

from CNVpytor had more deletions than duplications. On comparing the two methods, the coverage-405 

based pipeline had an accuracy of 86.58%, precision of 86.94% and recall of 86.58%. In the case of 406 

galactose-evolved line, duplications were higher than deletions, and the coverage-based pipeline could 407 

predict this with accuracy of 79.58% (precision and recall of 79.61% and 79.58% respectively) when 408 

compared to CNVpytor. This confirms that the trends of deletions in glucose and duplications in 409 

galactose are consistently observed not just in our pipeline but also in another independent tool. 410 

 411 

CNV Annotation and Pathway Enrichment Analysis 412 

Using the CNV states obtained from coverage-based analysis, all windows with a state of 1 (no change 413 

relative to ancestor) were excluded. The remaining windows were categorized as duplications (>1) or 414 
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deletions (<1). Each set of windows was annotated to identify the genes contained within the windows 415 

for every replicate at each time point. Genes of unknown function were filtered out, and annotations 416 

across time points were merged within each replicate to obtain the total number of unique genes 417 

affected by CNVs. To visualize genomic variation, the average CNV state per window was calculated 418 

across replicates and plotted for all time points in both environments. 419 

 420 

For Pathway Enrichment Analysis (PEA), only CNVs shared across all replicates were considered. A t-421 

test was performed for each genomic window based on the relative coverage ratio across replicates. 422 

Windows with p < 0.05 and a CNV state ≠1 in at least four replicates were identified as high-confidence 423 

CNVs. These were further separated into duplications and deletions, annotated, and filtered to exclude 424 

genes of unknown function. For each time point and environment, a nonredundant list of unique genes 425 

showing CNVs across replicates was compiled. 426 

 427 

Because the resulting gene lists were large (300–1200 genes), they were randomly partitioned into bins 428 

of 100 genes, and KEGG pathway enrichment analysis was performed on each bin using the 429 

clusterProfiler package in R57. This random segregation and enrichment analysis was repeated 3–12 430 

times, depending on gene list size. The adjusted p-values from all runs were combined using Fisher’s 431 

method, and pathways were ranked by gene count and adjusted p-value to identify the most significantly 432 

affected pathways. This analysis was performed independently for each time point in both evolution 433 

environments. 434 

  435 
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Figures 440 

 441 

 442 

Figure 1. Experimental design, fitness gains, and a genomic overview of adaptation. (A) 443 
Schematic of the experimental evolution. Six independent diploid S. cerevisiae populations were 444 
propagated for 1200 generations in either glucose or galactose. Populations were sampled at 0, 300, 445 
600, 900, and 1200 generations for phenotyping and whole-genome sequencing. (B) Home-446 
environment fitness trajectories (mean relative growth rate ± s.e.m., n = 6 lines per environment) 447 
show steady improvement in both media; glucose-evolved lines (blue) rise rapidly and then plateau, 448 
while galactose-evolved lines (red) increase more gradually. (C) SNP accumulation is rare. Bars show 449 
the total number of fixed SNPs detected across all six replicate lines over 1200 generations in each 450 
environment (joint calling across time points; stringent depth and allele-frequency filters; visual 451 
confirmation in IGV). (D) and (E) Copy-number variation (CNV) dominates genome change and differs 452 
by environment. Box-and-whisker plots summarize CNV across 1200 generations. (D) deletions only 453 
and (E) duplications only. Boxes show interquartile range with median; whiskers span full range; ✕ 454 
indicates mean. Glucose-evolved lines carry abundant deletions, whereas galactose-evolved lines 455 
show persistent, higher duplication loads, exhibiting environment-specific CNV strategies. 456 

  457 
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 458 

Figure 2. CNV dynamics in glucose-evolved populations across 1200 generations. CNV states 459 
for the six glucose-evolved lines at 300, 600, 900, and 1200 generations. The x-axis lists the 16 S. 460 
cerevisiae chromosomes. Each point is a 500-bp genomic window; values are normalized to the 461 
ancestor such that state = 1 indicates no change, <1 indicates deletion, and >1 indicates duplication. 462 
The colored horizontal bars denote the mean CNV state for that chromosome at that time point. At 463 
300 generations, windows with deletion states (≈0.6–0.95) are widespread and concentrated near 464 
chromosome ends, revealing early, extensive telomeric loss. Through 600–900 generations, the 465 
deletion burden decreases (mean states trend toward 1). By 1200 generations, most chromosomes 466 
sit close to state 1 with fewer and weaker deletions, consistent with refinement/compensation of early 467 
structural changes. Overall, the trajectory indicates that early telomeric deletions dominate adaptation 468 
in glucose, followed by later remodeling that reduces deletion extent and introduces targeted 469 
duplications. 470 

  471 
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 472 

Figure 3. Persistent subtelomeric duplications in galactose-evolved populations. CNV states for 473 
the six galactose-evolved lines at 300, 600, 900, and 1200 generations. The x-axis lists the 16 S. 474 
cerevisiae chromosomes. Each point represents a 500-bp window; state = 1 indicates no change, <1 475 
deletion, >1 duplication. The colored horizontal bar marks the mean CNV state for that chromosome 476 
at that time point. Across all time points, windows with duplication states (>1.0–1.7) are abundant and 477 
cluster near chromosome ends, revealing early-onset, persistent subtelomeric duplications under 478 
galactose selection except in chromosome II. Unlike the glucose-evolved trajectories (Figure 2), 479 
deletions are rare and mean chromosome states remain consistently >1 from 300 to 1200 480 
generations, indicating sustained duplication loads rather than deletion-first remodeling. Together, 481 
these patterns demonstrate a duplication-biased CNV program in galactose that is stable over 482 
evolutionary time and concentrated in telomeric neighborhoods enriched for transport/metabolic 483 
modules. 484 
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Figure 4. Divergent copy number evolution in glucose versus galactose. Many genes deleted 487 
during adaptation in glucose appear duplicated during adaptation in galactose, visible as rows that are 488 
red in the left block and blue in the right block. This highlights environment specific resolution of 489 
selection on the same loci over evolutionary time. Each row is a gene. Columns show four time points 490 
in glucose (300, 600, 900, 1200 generations) followed by four time points in galactose (300, 600, 900, 491 
1200 generations). Color encodes the direction of copy number change relative to the ancestor: red 492 
indicates deletions, blue indicates duplications, white indicates no detected change (scale bar at right).   493 
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 494 

Figure 5. History‐dependent fitness costs after cross-environment preculture. For each evolved 495 
background, fitness cost was computed as the relative decrease in composite growth rate in the home 496 
environment when cells were precultured in the non-home carbon source. Composite growth rate 497 
integrates lag and exponential growth from OD time courses (Methods). Lines show the mean cost 498 
across six replicate populations at each evolutionary time point (300, 600, 900, 1200 generations); 499 
blue, glucose-evolved populations precultured in galactose and assayed in glucose; red, galactose-500 
evolved populations precultured in glucose and assayed in galactose. Glucose-evolved populations 501 
display a transient specialization: a pronounced cost early (peaking by ~600 generations) that 502 
collapses by 900 generations and remains low thereafter, indicating reduced sensitivity to preculture 503 
history. In contrast, galactose-evolved populations show a persistent, increasing cost across the 504 
experiment, consistent with deepening specialization to galactose and strong history dependence 505 
following glucose exposure. 506 
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 508 

Figure 6. Short-term history effects and recovery in home environment. For each evolutionary 509 
background, we measured growth in the home environment after a brief exposure to the non-home 510 
carbon source, with or without a recovery phase back in the home medium. Fitness is shown as a 511 
ratio to the corresponding home-only control (for (A): divided by fitness of ggg; for (B): divided by 512 
fitness of GGG), where “g/G” denote glucose/galactose and the string indicates evolution → 513 
preculture → (optional recovery duration) → assay. Thus, g-G-g = glucose-evolved, precultured in 514 
galactose, assayed in glucose; g-G-g7-g / g-G-g15-g include ~7 or ~15 generations of recovery in 515 
glucose before assay. Analogously, G-g-G, G-g-G7-G, G-g-G15-G are for galactose-evolved lines. 516 
Lines show the mean across six replicate populations at each evolutionary time point (0, 300, 600, 517 
900, 1200 generations). Composite fitness integrates lag and exponential growth from OD time 518 
courses (Methods). (A) Galactose-evolved populations (right) show a strong penalty when assayed 519 
immediately after glucose preculture (G-g-G), whereas 7–15 generations of re-exposure to galactose 520 
(G-g-G7-G, G-g-G15-G) restore fitness toward the home-only baseline across all evolutionary time 521 
points. (B) Glucose-evolved populations exhibit history dependence early: performance in glucose 522 
after galactose preculture depends on recovery duration (g-G-g < g-G-g7-g ≈ g-G-g15-g) through 523 
~600 generations, after which the curves converge, indicating a loss of history dependence.  524 
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