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Supplementary Note 1 80 

Summary: 939 unique genotypes were generated from DNA isolated from non-81 

invasively collected wild-chimpanzee faecal samples. The sampling range required the 82 

construction of de novo allele bins to accommodate the variety of alleles among loci 83 

across the entire species to capture all detectable alleles. A parentage test between all 84 

genotypes yielded an average of 1.85% first-order relatives, which falls within the 85 

expected proportion15,16. Null alleles were detected but are due to subpopulation 86 

structure (Wahlund effect)13 and do not conflict with the overall results of the study. 87 

 88 

Laboratory methods 89 

For DNA extracts obtained using the QIAamp 96 PowerFecal QIAcube HT (Qiagen) 90 

robot, 120 l of solution were isolated from desiccated faecal samples which varied from 91 

10 to 80 mg starting weight according to substrate type and density. DNA isolates were 92 

purified as per manufacturer instructions, modified by incorporating the following 93 

pretreatment procedure. Faecal samples were added to 2 ml reaction tubes prepared 94 

with sterilized 5mm stainless steel beads. 650 l of QIAGEN Lysis Solution, pre-warmed 95 

to 70 C, was added to each reaction tube and then homogenized thoroughly by 96 

vortexing on the highest setting for 10 minutes, followed by centrifugation for 3 min at 97 

12,000 rpm. Between 200 and 550 l supernatant was pipetted from each reaction tube 98 

into a QIAGEN S-block. We then added Add 150 l of QIAGEN Inhibitor Removal Buffer 99 

to each reaction well of the S-block and then sealed it with adhesive film. The contents 100 

were mixed thoroughly using a vortex, followed by a 5-minute incubation at 4°C then 101 
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continuous centrifugation for 5 minutes at 2800 rpm. We next added 20 l QIAGEN 102 

Proteinase K to each reaction well and then resealed with new adhesive film. We 103 

utilized a specialized QIAGEN QIAamp Fast DNA Stool Qiacube HT MB software 104 

protocol that was modified with a pretreatment protocol, which included a filtration step 105 

that required the use of an S-Block fitted with ports for a vacuum step, a QIAGEN Turbo 106 

filter and the addition of 250 l of 100% ethanol to each reaction well during the 107 

procedure. These steps were necessary to accommodate the desiccated faecal 108 

samples used in this study, improve DNA yield and PCR amplification, and prevented 109 

instrument clogging during the extraction process.  110 

DNA extracts were PCR amplified at 14 unlinked, polymorphic microsatellite loci and an 111 

additional sex-determining locus (amelogenin) using a two-step multiplex process1,2 with 112 

the following modifications. Rather than a second step singleplex PCR, we used 113 

multiplexes of subsets of the target loci to improve workflow efficiency. In the first step 114 

we used a primer concentration of 0.15 mM as in the two-step multiplex protocol1, but in 115 

the second step we adjusted primer concentrations for each individual primer pair to 116 

achieve consistent levels of amplification across all loci in each respective PCR group3.  117 

PCR thermal cycling took place in PTC-200 (MJ Research), T100 and C1000 Touch 118 

(Biorad) thermal cyclers (See Supplementary Figure 1 for PCR protocol and thermal 119 

cycling conditions).  120 

  121 
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Supplementary Figure 1. Diagram of PCR preparation and thermal-cycling conditions for first and second 122 

multiplex steps. We amplified all loci used in the study in the first step. We then amplified the PCR product (1:100 123 
dilution) in smaller targeted groups of four or five loci, segregated by optimal annealing temperature. The combination of 124 
primers in the second multiplex step, Group 3a, did not reliably amplify alleles across loci, therefore for the second half of 125 
the study we assembled a new combination, Group3b.    126 
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Genotype reconstruction 127 

In a reliability test4, we determined that two replicates were required to achieve greater 128 

than 99% certainty of correctly identifying homozygotes as follows. For each locus, we 129 

summed the number of occurrences in which one of the two alleles failed to amplify in 130 

heterozygotes and divided the total by the sum of all amplifications in heterozygotes for 131 

which at least one allele amplified1. Nevertheless, as a conservative measure, we only 132 

confirmed homozygotes with a minimum of three identical replicates and heterozygotes 133 

were confirmed by at least two unambiguous replicates of each allele (Supplementary 134 

Table 1.1).  135 

Supplementary Table 1.1. Allelic dropout rate and number of replicates for 99% 136 

confidence of homozygote assignment ((Allelic dropout rate)X < 0.01. Homozygote 137 
assignment confidence was calculated by finding the value of the exponent (x) in which 138 
allelic dropout rate (allelic dropout divided by total possible amplifications) was less than 139 

0.01 for each locus. 140 
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  141 

We established a set of allele bins suitable for all of our samples. Microsatellite loci 142 

have a high mutation rate5, that tends toward asymmetry6,7 and follow several mutation 143 

models; stepwise, infinite allele (point mutations) and two phase3,8,9. We began by using 144 

established alleles and bin ranges put forth by previous studies in Pan troglodytes 145 

schweinfurthii2, and scored 14 loci across all 4 subspecies using these alleles. We then 146 

evaluated each locus for clustering of alleles by sorting raw allele sizes. The measured 147 

size of an allele will vary due to instrument precision and variation in measurement 148 

conditions. A previous study measuring the precision of a capillary array electrophoresis 149 

genetic analyser (ABI 3100), similar to the one we employed in our study (ABI 3730), 150 

showed the instrument measured a mean range of 0.76 base pairs (bp), with a standard 151 

deviation of 0.38 bp about the mean, across 51 alleles distributed among 7 loci10. Our 152 

mean range was 1.11 bp with a standard deviation of 0.56 bp (Supplementary Table 153 

1.2).  154 

 155 



9 
 

Supplementary Table 1.2. Summary of alleles across 14 microsatellite loci. Allelic 156 

diversity and mean size range measured in base pairs (bp) per locus. 157 

 158 

Microsatellite alleles typically mutate following a stepwise model, whereby alleles 159 

mutate by an expansion or a contraction of one or more locus-specific repeat units, 160 

leading to a consistent pattern (motif). Another, less common mutation model in 161 

microsatellites, the infinite allele model, occurs when an allele changes state by a single 162 

base pair (bp), also known as an instert-deletion (indel). This leads to a disruption of the 163 

motif and can give rise to a new motif within a locus following subsequent stepwise 164 

mutation events of the original indel. When identifying allele clusters we observed 165 

numerous cases of “alleles” that fell within the gaps between repeat-unit clusters or at 166 

the extreme ends of the allele range, likely a result of an indel. If they were recorded in 167 

fewer than five individuals or seemed spurious, we tested the putative alleles by 168 
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amplifying them in a singleplex PCR as confirmation of their size and distinction from 169 

other alleles. We retained only those that unambiguously produced the same allele 170 

sizes as was recorded in the original genotypes. We noted that the single-bp indel 171 

alleles tended to cluster geographically, for which we even identified several short 172 

motifs. We also detected the presence of heterozygotes that had both a copy of a 173 

common standard allele and a copy of an indel allele, as well as homozygotes with two 174 

copies of an indel allele, further supporting their distinct identity. 175 

We used the R package ‘CongenR’11 to assign alleles and assemble genotypes. We 176 

then analysed our genotypes using Cervus 3.0.712 to calculate allele frequencies, 177 

determine the minimum number of loci needed to discriminate individuals, assess null 178 

alleles, identify recaptures and to perform first-order relatives analyses. Using the 179 

resulting allele-frequency data we calculated that a minimum of eight loci were 180 

necessary to be confident that two matching genotypes were obtained from the same 181 

individual rather than a full sibling (PIDsib < 0.001). For all unique genotypes (sampled 182 

only once), we used a minimum of seven loci for inclusion in our analyses. This resulted 183 

in a total of 939 unique individuals spanning 48 sampling locations as 7 sites did not 184 

yield any usable genotypes (Supplementary Table 1.3 and 1.4). Unfortunately, nearly 185 

every site in the P.t. ellioti range and around the Sanaga River yielded very few usable 186 

samples. Only sampling locations, Gashaka and Korup, satisfied the minimum number 187 

of usable genotypes (6) for estimations of F’ST, somewhat limiting our inferences about 188 

P.t. ellioti in these analyses. It is unclear which environmental, dietary, or handling 189 

conditions may have contributed to this limitation. Due to their close proximity (less than 190 

15km apart), Sobory and Bakoun (Guinea), Taï Ecotourism and Taï R (Côte d’Ivoire), 191 
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and Comoé, Comoé East and GEPRENAF (Côte d’Ivoire) were each considered as 192 

single sampling locations in spatially agnostic analyses and calculations of site level 193 

genetic differentiation to reduce the effect of overrepresentation of the allele frequencies 194 

from these localities. This resulted in a minimum distance between sampling locations 195 

of 41 km. 196 

  197 
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Supplementary Table 1.3. Summary of genetics results categorized by sampling 198 
location. Sampling locations are listed by subspecies from west to east, then 199 

alphabetically, by country first, then by field-site designation.   200 

  201 
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Supplementary Table 1.4. Summary of genetics results categorized by 202 

subspecies populations. 203 

 204 

 205 

Null alleles 206 

Excess homozygosity in a locus suggests the possible presence of unaccounted-for null 207 

alleles and also leads to deviations from Hardy Weinberg equilibrium (HWE). However, 208 

under conditions of limited dispersal, a large population with widespread geographic 209 

distribution will typically display patterns of excess homozygosity due to geographic 210 

variability of allele frequencies among subpopulations. Additionally, unbalanced 211 

sampling within a population will lead to over and underrepresentation of 212 

subpopulations as well as gaps in the data. This combination of factors can lead to the 213 

possible detection of heterozygote deficiency. Tests of deviation from HWE and null 214 

alleles in a dataset under these conditions will lead to significant results due to the 215 

underlying stratification of allele frequencies, a phenomenon referred to as the Wahlund 216 

effect13. We performed tests of null allele frequencies and then subsequently verified 217 

whether or not the Wahlund effect was a valid explanation for any significant results. At 218 

the full-species scale, we only detected one locus for which the null allele frequency 219 

estimate was > 0.10 (D18s536) with a significant deviation from HWE (p > 0.001). When 220 

we performed separate tests of each subspecies population for this locus, all were in 221 

HWE and null allele frequencies were < 0.10, a clear sign of differing allele frequency 222 
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patterns among the subpopulations, i.e., the Wahlund effect. However, in analyses of 223 

P.t. ellioti, two other loci (D5s1457 and D3s3033) were observed to have null allele 224 

frequencies > 0.10. This issue likely arose from the small and biased sampling of the 225 

P.t. ellioti population, whereby one site (Gashaka) was considerably overrepresented, 226 

and was a consistent outlier in all population structure analyses. Additionally, there was 227 

also a locus (D5s1457) in the P.t. schweinfurthii population that displayed higher than 228 

expected homozygosity, for which the null allele frequency was > 0.10 with a significant 229 

deviation from HWE (p > 0.001). We suspected that a combination of another consistent 230 

outlier in our downstream analyses (Issa) and population-size effects (differences in Ne, 231 

i.e., the Wahlund effect) were driving this significant result. When excluding Issa, the 232 

null allele frequency was < 0.10, but deviations from HWE remained significant. When 233 

balancing the dataset (still excluding Issa) by randomly selecting a maximum of 15 234 

individuals from each sampling location, the test for deviations from HWE was not 235 

significant. These results are in agreement with our observations of stratification in the 236 

P.t. schweinfurthii population in preliminary tests of population structure prior to sample 237 

size correction. We found that when the data were unbalanced, allele frequencies 238 

clustered among sampling locations, a phenomenon in this type of analysis similar to 239 

the Wahlund effect.  240 

We conclude that variation in allele frequency patterns and Ne among and within 241 

subpopulations in our dataset led to the presence of the Wahlund effect, and are 242 

responsible for the positive detection of null alleles and deviations from HWE in two loci, 243 

one at the species level and one at the subspecies level. Importantly, the presence of 244 

unaccounted-for null alleles in the data decreases within-population diversity (lower 245 
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F’ST) and increases between-site diversity (higher F’ST) leading to observations of 246 

increased differentiation between populations, thus our downstream tests may be more 247 

likely to falsely detect spatial discontinuities in the data13,14. If our estimates of F’ST are 248 

indeed affected by the presence of null alleles, it may, in part, explain the sharp 249 

divergence in the three-outlier populations in comparisons of nearby sampling locations. 250 

Consequently, incidental inflation of between-site diversity due to the possible presence 251 

of real null alleles does not invalidate our findings of connectivity across the species; 252 

rather it strengthens our results and supports our conclusions. 253 

 254 

Relatedness  255 

All of our analyses were potentially sensitive to oversampling of closely related 256 

individuals. Therefore, we sought to quantify the proportion of first-order relatives 257 

genotyped from each sampling location. Here we define first-order relatives as all 258 

individuals sharing at least one allele at each locus and with a parentage likelihood 259 

probability >0.9515. To accomplish this, we first performed a parentage simulation in 260 

Cervus12, that assigns parentage probability based on allele frequencies, number of 261 

assumed candidate parents, proportion of assumed candidate parents in the sample, 262 

the proportion of loci typed and the proportion of loci mistyped. We then performed a 263 

maternity analysis in Cervus with sex set to “unknown”, such that all individuals could be 264 

potential “mothers” and all individuals could be “offspring”, and allowed for a single 265 

mismatch between parent and offspring. This approach assigned first-order dyads, 266 

regardless of sex, with 95% confidence. After removing all redundant reciprocal 267 

pairings, the total percentage of first-order related dyads sampled across all sites was 268 
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1.85%, which falls within the expected range15,16, thus indicating a balanced, real-world 269 

representation of relatives in the sampled populations. However, when we examined the 270 

proportions by sampling location we identified several outliers (Supplementary Table 271 

1.5). In particular, the proportion of first order assignments at Mt. Sangbé was over 3 272 

standard deviations above the mean in our dataset. This high degree of relatedness, at 273 

least partially, explains why this population appears as an outlier in all of our analyses. 274 

Chimpanzees at Mt. Sangbé are isolated on a mountaintop with only 41 km2 of forest 275 

cover as of 199517. In addition, this population exhibits the lowest allelic diversity in our 276 

dataset, suggesting that they may have experienced a high level of inbreeding.  277 

  278 
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Supplementary Table 1.5. Proportion of first-order relatives identified and z score 279 

calculations for each sampling location with more than six genotypes.  280 

Blue horizontal bars display relative differences in percentage of first-order assignments 281 

among sampling locations. Z scores highlighted in pink are sampling locations with first-282 

order assignments higher than one standard deviation from the mean. The mean 283 

percentage (3.5%) of all sampling locations was used for standard deviation 284 

calculations for z scores. The overall mean was calculated from the total number of first-285 

order assignments divided by the total number of dyads in the population. 286 

  287 
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Supplementary Note 2 288 

Summary: We used both spatial and non-spatial approaches to identify geographic 289 

stratification of genetic data in chimpanzees. Using spatially agnostic analyses we found 290 

population structure in accordance with the currently held subspecies divisions; 291 

however, this pattern also correlated closely with the spatial sampling gaps in our data, 292 

similar to previous studies. Linear regressions of all categories of within- and between-293 

group comparisons revealed that between-subspecies comparisons were within the 294 

range of within-subspecies patterns, with the exception of those involving P.t. verus, 295 

whereby presumptive allele saturation was influencing the behaviour of the functions. 296 

Finally, we tested whether or not the effective barriers detected in our species-scale 297 

spatially explicit analysis (EEMS) were a result of highly localized differentiation. We re-298 

analysed our data excluding three sites associated with the barriers. We found that the 299 

barriers were no longer significant, suggesting that they were a result of local 300 

differentiation and no major discontinuities were present in the genetic data.  301 

 302 

Cluster (STRUCTURE) analyses  303 

We used STRUCTURE version 2.3.418, a “spatially agnostic” Bayesian cluster analysis, 304 

to test for the presence of geographic stratification in our genetic data. This program 305 

utilizes allele frequency and linkage equilibrium patterns to assign individual genotypes 306 

to a user-defined number of groups known as clusters (K). Then a test is performed to 307 

ascertain which K best explain the data. This algorithm is sensitive to the presence of 308 

isolation by distance (IBD; spatial auto correlation in the genetic data), a bias the 309 
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authors noted in the user manual18. Spatially agnostic analyses rely on uniform 310 

geographic distribution of the genetic data, which is critical in cases in which IBD is 311 

present in the data, a violation of which will lead to a considerable risk of a Type I error, 312 

a well-known limitation18-21. Another important consideration is unbalanced sampling, 313 

whereby relative over and underrepresentation of the genetic diversity among 314 

subpopulations (variation in sampling density) will considerably affect allele frequency 315 

calculations, leading to the false detection of population structure22. Finally, comparing 316 

populations consisting of different effective population sizes (Ne) increases the risk of a 317 

Type I error simply because it replicates the problem of variation in sampling density22. 318 

Indeed, our dataset violates all of these model assumptions: (1) P.t. verus is 319 

overrepresented, while P.t. ellioti is underrepresented (Supplementary Table 1.3, 1.4), 320 

(2), IBD has been shown to be present in chimpanzees19,20, (3) it is well established that 321 

P.t. verus has a considerably smaller Ne than the other three subspecies 322 

populations23,24 and (4) despite our best efforts, our genetic sampling is spatially 323 

heterogeneous. Although it is possible to create a subset of P.t. verus from our dataset 324 

to minimize the unbalanced sampling (which we performed), we cannot account for 325 

overrepresentation due to their low Ne. For example, if some equal number of samples 326 

were randomly drawn from each subspecies population, creating a perfectly balanced 327 

dataset, P.t. verus will always have more of their total diversity sampled than the other 328 

populations, and, hence, be overrepresented in the data. It is conceivable that different 329 

Ne can be accounted for by adjusting the number of draws from each sample population 330 

proportional to their respective Ne; however, we contend that it should not be done in 331 
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this case as it is a relevant feature of the population, despite the challenges of the 332 

inherent biases.  333 

Since spatially agnostic analyses, such as STRUCTURE, have been used in all 334 

previous studies of chimpanzee population structure, we were interested in comparing 335 

our results to previous results despite the outlined limitations and its inappropriate 336 

application to our dataset. This analysis is useful as it is potentially helpful in visualizing 337 

some of the features of the populations being compared, e.g., admixture and overall 338 

distribution of diversity, but it is important to consider the limitations in inferences of K 339 

when assumptions are violated. Nevertheless, because of the sampling assumption 340 

violations in our data the results of these analyses are spurious and therefore 341 

unreliable. 342 

For our analyses, we assumed the allele frequencies were correlated and admixture 343 

had occurred among populations. To ensure the model reached stability we performed 344 

100,000 burn-in steps followed by 1,000,000 data collection steps. For all analyses we 345 

imposed from 1 to 8 clusters (K) within the sample population at 20 iterations for each 346 

value of K. We used both Pr(X | K)25 and ΔK26 methods for inferring the number of K 347 

clusters.   348 

Following genotype reconstruction and prior to performing any other analyses it was 349 

necessary to identify contaminated or misidentified samples. Although many primate 350 

species occur sympatrically within the chimpanzee range, they are not closely related 351 

and therefore not expected to share many alleles. Alleles from monkeys will tend to 352 

have unusual sizes, falling outside chimpanzee allele bins and ranges. Closely related 353 

species, such as humans and gorillas, which also occur sympatrically, however are 354 
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much more likely to share alleles, making it more difficult to detect them among the 355 

genotypes in our dataset. Also, it is considerably more difficult to distinguish faeces 356 

among these three species as compared to between apes and monkeys. Since the 357 

STRUCTURE clustering algorithm enables us to detect population structure within a 358 

species, it is also effective for detecting interspecific structure as well27. To test for the 359 

presence of contamination from closely-related sympatric species we added 10 known 360 

human and 10 known gorilla samples to our dataset for analysis of K = 3. We were able 361 

to identify seven gorilla samples in areas where they are known to co-occur with 362 

chimpanzees. We also detected four other gorilla samples in West Africa where they 363 

are absent, suggesting that they likely originated from monkey species. Fifty genotypes 364 

clustered with the 10 known human genotypes, nearly all of which originated from three 365 

field sites located in Côte d’Ivoire (Djouroutou, Taï, and Comoé). This suggests 366 

localized sampling issues rather than a widespread problem in our sampling approach. 367 

Importantly, we did not include monkey reference samples in this analysis, such that the 368 

species attributions of the samples clustering with the gorilla and human genotypes are 369 

not certain, other than they are not of chimpanzee origin. All these suspected non-370 

chimpanzee samples were removed and excluded from all downstream analyses.  371 

In order to proceed with the cluster analysis, it was necessary to account for imbalances 372 

and spatial heterogeneity in our data by creating random and balanced subsets of the 373 

genotypes. We limited our analyses to individuals with a minimum of seven confirmed 374 

loci, and to prevent overrepresentation of genetically similar individuals, we limited the 375 

maximum number of individuals from any one site to 20. We employed a two-level 376 

strategy of subsetting our data, in which we first randomly sampled 20 genotypes from 377 
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sites with more than 20 individuals. We performed 10 iterations of subsetting at this 378 

level. Then we subsequently pooled all of the selected genotypes by subspecies, 379 

followed by randomly sampling 70 candidates from each population, and repeated this 380 

step for a total of ten randomized iterations. Our data include 46 genotypes from P.t. 381 

ellioti, with 30 of those originating from a single site (Gashaka). To mitigate this, we 382 

further down-sampled Gashaka by randomly selecting 10 genotypes from this location; 383 

this however increased uneven sampling of P.t. ellioti relative to the other subspecies 384 

populations. For each iteration of this analysis, this approach yielded a total of 10 385 

different randomly sampled populations from our dataset, comprising 70 different 386 

individuals each from P.t. verus, P.t. troglodytes, P.t. schweinfurthii and 36 individuals 387 

from P.t. ellioti. 388 
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Supplementary Figure 2. STRUCTURE group assignment plots. (a) Example of 390 

group assignment plot (K = 2 – 4) for all sampling locations arranged from west to east 391 

with the two-level subsetting method applied (n = 236). This is one of 10 iterations of 392 

subsetting. Although the support for K varied, the patterns in the plot were consistent at 393 

all hierarchical levels. K = 2, with Pan troglodytes verus as 1 and P.t. ellioti, P.t. 394 

troglodytes and P.t. schweinfurthii (collectively ETS) as the 2nd group was optimal in 7 of 395 

10 subset iterations (range = 2 – 7). (b) Group assignment plots for P.t. verus sampling 396 

locations (K = 2 – 4) using site-level subsetting (n = 283). From two to five clusters were 397 

supported depending on which iteration of the subsetted data was analysed. Increasing 398 

K only further subdivides group membership within individuals, as is already evident in 399 

K = 4. (c) Group assignment plots for ETS (K = 2 – 4) genotypes from the subsetted full 400 

dataset (n = 176). From two to five clusters were supported depending on which 401 

iteration of the subsetted data was analysed. Clustering along the subspecies divisions 402 

are influenced by the overrepresentation of P.t. verus samples in our data, the 403 

underrepresentation of P.t. ellioti samples, and large sampling gaps between P.t. verus 404 

and P.t. ellioti (1656 km) and between P.t. troglodytes and P.t. schweinfurthii (987 km) 405 

in the presence of isolation by distance (IBD). Discontinuous sampling in the presence 406 

of IBD is known to result in an overestimation of genetic structure. Despite the clustering 407 

along subspecies divisions, we also observe P. t. troglodytes individuals belonging to 408 

the “ellioti” and “schweinfurthii” clusters, and vice versa. Furthermore, the clustering in 409 

these plots aligns with the sampling gaps depicted in Supplementary Figure 3c. 410 

  411 
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We found that every iteration yielded similar results across all analyses with some 412 

subtle fluctuations in group assignments, but inferences of K varied considerably. At the 413 

species scale, there was strong support for K = 2 in most iterations (7/10; range = 2–7; 414 

see Supplementary Table 2.1 for full account) when using ΔK, and group assignments 415 

consistently segregated into the same two discrete clusters (Extended Data Fig. 5a) 416 

with minimal admixture, in which P.t. verus formed one cluster and the combination of 417 

P.t. ellioti, P.t. troglodytes and P.t schweinfurthii (henceforth collectively referred to as 418 

ETS) formed the second cluster. The differentiation observed here is likely influenced by 419 

the large geographic gap between sampled populations (ca. 1650 km) and low genetic 420 

diversity in P.t. verus, in which nucleotide diversity has been shown to be over two-fold 421 

lower than in P.t. troglodytes23. Notably, at K = 2, there was no detectable evidence of a 422 

comparable division among the other three subspecies populations in the ETS cluster. 423 

However, when viewing K = 3 and K = 4 at the species scale, we consistently see 424 

evidence of substructure, suggesting that the signal of differentiation between P.t. verus 425 

and ETS overwhelms any possible signal of ETS differentiation in our dataset. The 426 

optimal value of LnP(K) was either found to be K = 7 or K = 8 clusters, which always 427 

forms a split between P.t. verus and some combination of another six or seven clusters 428 

within ETS. LnP(K) plots all approached their asymptote at K = 8. Since the Evanno 429 

method is limited to the highest hierarchical level of structure, it was necessary to 430 

analyse both the P.t. verus and ETS populations independently.  431 

The P.t. verus population yielded an interesting pattern of substructure where one 432 

population appeared to be somewhat unusual. Mt. Sangbé consistently behaved as a 433 

discrete cluster from the rest of the population at any value above K = 2. This result was 434 
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not unexpected given the high proportion of first-order relatives we identified in our 435 

parentage analysis (over three standard deviations above the mean; Supplementary 436 

Table 1.5). Outside of Mt. Sangbé, and in some iterations Comoé (usually from K = 5 437 

and higher), individuals across the P.t. verus populations displayed fractional group 438 

assignments, with no other sites appearing to be differentiated at any K. The optimal 439 

value of K varied between two and seven clusters across sampling subsets, but, apart 440 

from Comoé and Mt. Sangbé, group assignment among the other sites did not 441 

segregate into geographically meaningful clusters.  442 

  443 
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Supplementary Table 2.1.  LnP(K) and ΔK results for all STRUCTURE analyses for 444 

each subset iteration. Inferred number of clusters (K) for each iteration for the entire 445 

species range (Pan), Pan troglodytes verus only, and the combination of P.t. ellioti, P.t. 446 

troglodytes, and P.t. schweinfurthi (collectively ETS). 447 

 448 

Within ETS, P.t. ellioti, P.t. troglodytes and P.t. schweinfurthii are considered historically 449 

and geographically discrete populations and have subspecies designations; however, 450 

the species-wide cluster analysis assigned them to a single cluster. When analysed 451 

independently of P.t. verus, the optimal number of clusters for ETS varied between two 452 

and six in the different subsetted datasets, with K = 3 being optimal most often (6/10; 453 

Supplementary Table 2.1). However, the group-assignment plot for K = 3 does not 454 

display discrete clustering. In all iterations, we see the same pattern in which each 455 

subspecies is generally sorted into its own cluster, but with multiple individuals 456 

exhibiting admixture from the other subspecies in a pattern that occurs along a mostly 457 

longitudinal gradient. This is particularly noteworthy for two reasons. (1) We have an 458 

extensive sampling gap (ca. 987 km) between the easternmost population of P.t. 459 

troglodytes (Goualougo) and the westernmost population of P.t. schweinfurthii (Bili) 460 
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(refer to Supplementary Figure 3a, c). Nevertheless, we find a signal of admixture of P.t. 461 

schweinfurthii in the population of Goualougo, and even more so in individuals from La 462 

Belgique, in which they bear nearly equal admixture from both P.t. troglodytes and P.t. 463 

schweinfurthii, despite being located further west than Goualougo. This suggests 464 

possible admixture from the north where populations in the Central African Republic 465 

have only recently been extirpated and were likely continuous to the Republic of Congo. 466 

Moreover, this result suggests historical gene flow may have been occurring around the 467 

Ubangi River as opposed to directly across it. (2) P.t. ellioti is drastically 468 

underrepresented in the data. Not only did we have too few samples from the P.t. ellioti 469 

population, but we subsetted the Gashaka samples to prevent those genotypes from 470 

being over-represented in the data. These severely unbalanced data notwithstanding, 471 

we still observed admixture between P.t. ellioti and P.t. troglodytes, which has been 472 

previously shown to some degree with a more robust P.t. ellioti dataset28. We also 473 

performed an analysis of P.t. troglodytes and P.t. schweinfurthii (data not shown) and 474 

found that the group assignment plots were qualitatively similar to Supplementary 475 

Figure 2a and c, in which an admixture gradient between the two subspecies is evident. 476 

These results demonstrate the characteristic sensitivity of the STRUCTURE software to 477 

sampling biases and stochasticity even despite our best efforts to mitigate them.  478 

Notably, these results clearly correspond with the patterns we observed in the heat 479 

matrices (Supplementary Figure 3a, b), in which geographic sampling gaps in the 480 

presence of IBD cannot be excluded from explanations of the spatial stratification 481 

detected by these analyses in the genetic data. 482 



29 
 

 483 

Supplementary Figure 3. Least cost paths (LCPs) and genetic diversity (F’ST) heat 484 

matrices and LCP map of PanAf sampling locations. (a) Heat matrix of pairwise 485 

LCPs between all sites with a minimum of six individuals typed at seven or more loci. 486 
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Sharp transitions in colour coincide with areas where large sampling gaps occur. (b) 487 

Heat matrix of pairwise F’ST values of all sampling locations with a minimum of six 488 

individuals typed at seven or more loci, in which stark colour contrast highlight areas of 489 

strong genetic differentiation. These heat matrices demonstrate how the overall patterns 490 

observed in our genetic data correspond closely to the geographic data, apart from 491 

three notable outliers sampling locations (Mt. Sangbé, Gashaka and Issa). (c) Map of all 492 

locations where samples were collected for the present study as part of the PanAf. 493 

LCPs are presented here to display the pairwise distances that were used for analyses 494 

involving geographic distances. Locations with solid black circles were used in all 495 

analyses, locations with green-filled circles were used for EEMS and STRUCTURE 496 

analyses only, and locations depicted by grey-filled circles did not have any usable 497 

gentoypes. Small green circles represent samples collected as part of nationwide 498 

studies in Liberia and Equatorial Guinea. 499 

 500 

Isolation by distance (IBD) and distance estimators  501 

To determine whether the current delineation of subspecies is supported by genetic 502 

evidence, we first tested for collinearity between genetic and geographic distance, IBD. 503 

For an estimator of genetic distance, we used F’ST, a measure standardizing genetic 504 

differentiation by its maximum possible value given the population diversities. Standard 505 

FST is sensitive to differences in within-population diversity29.  F’ST was ideal for this 506 

study because our dataset compares populations consisting of different effective sizes 507 

(Ne), and the microsatellites we used are composed of highly polymorphic loci with 508 

different mutation models and rates (see Supplementary Figure 3b for pairwise F’ST 509 

matrix). To generate a balanced dataset to minimize overrepresentation of densely 510 

sampled locations we imposed an upper limit of 20 randomly drawn samples per site, 511 

and a lower limit of 6. We then used Arlequin software version 3.5.2.230 on the resulting 512 

dataset to calculate F’ST, by dividing F’ST by maximum F’ST (F’STMax). F’STMax was 513 

obtained by assigning a unique set of allele names to each allele for all loci for each 514 

sampling location and then recalculating FST. For geographic distances we generated 515 
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least cost paths (LCP) to approximate actual distances between sampling locations 516 

(Supplementary Figure 3a, c), but more importantly to force distance measurements to 517 

account for the presence of large water bodies, such as the Atlantic Ocean. We plotted 518 

a heat matrix pairwise LCPs and found that the pattern closely matched that of the F’ST 519 

heat matrix (Supplementary Figure 3a-b), suggesting that our geographic sampling 520 

gaps highly correspond with differentiation present in genetic distances we observed in 521 

the data. Three divergent outliers of interest, Mt. Sangbé, Gashaka and Issa, stood in 522 

stark contrast to the overall pattern of diversity in Supplementary Figure 3b. 523 

 524 

Stratified and partial Mantel tests 525 

Mantel tests are useful to assess the presence of spatial autocorrelation and collinearity 526 

between two data sets. This analysis in its simplest form compares two matrices, x and 527 

y, of identical dimensions, in which a permutation test is performed, meanwhile 528 

maintaining the dyadic structure of the data31. Modifications allow for tests of both IBD 529 

and hierarchical clustering. Though IBD has previously been shown to be present in 530 

chimpanzee genetic data and it is ubiquitous in sexually reproducing and dispersing 531 

populations, it was still necessary to test for its presence in our dataset to validate our 532 

inferences and satisfy downstream model assumptions. To perform all Mantel tests we 533 

used the mantel function in the R package, “vegan” version 232. To assess IBD in the 534 

genetic data we needed to account for the presence of hierarchical structure in the data. 535 

To do so we applied a stratified Mantel test, whereby the matrix of genetic distance is 536 

permuted within predefined clusters, in our case subspecies population33. Note, the 537 

result of this test is sensitive to correct group assignment of the data. The presence of 538 
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IBD was rejected using the four-subspecies model (Mantel’s r = 0.638, p = 0.323). Since 539 

the STRUCTURE results at the species level consistently supported differentiation 540 

between P.t. verus and ETS, we ran a second stratified Mantel test using these two 541 

populations. We found that this yielded a trend in agreement with the cluster analysis 542 

results (Mantel’s r = 0.645, p = 0.081). This test therefore appeared to be influenced by 543 

how we defined the groups so we used a partial Mantel test to assess collinearity 544 

between genetic and geographic distance, while controlling for binary cluster 545 

membership in predefined groups, in our case subspecies. Note, in tests of IBD applied 546 

in this fashion, this approach has been shown to have a 20% Type I error rate (though, 547 

typically showing an almost zero effect size), but a 0% Type II error rate33. The result of 548 

this test supported the presence of IBD with a large effect size (Mantel’s r = 0.520, p = 549 

0.001). The large effect size suggests this was likely not a false positive result. Overall, 550 

these tests converged on supporting the presence of IBD. Since IBD is the widespread 551 

and standard pattern of genetic diversity in populations, and has been previously shown 552 

to be present in chimpanzee genetic data, we conclude the four-subspecies model of 553 

population structure is problematic in our dataset in these tests of IBD, suggesting that a 554 

number other than four discrete populations characterize these data.   555 

Next we tested for hierarchical clustering of the genetic data as defined by the 556 

chimpanzee subspecies delineation and presumed barriers to dispersal (K = 4). Since 557 

spatial autocorrelation of our genetic data was significant, it was necessary to account 558 

for it in the model. Here we again used a partial Mantel test comparing genetic data (x) 559 

to a priori defined binary cluster membership (y) and geographic distance (z), to control 560 

for IBD. Our test of hierarchical population structure was significant with a moderate 561 
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effect size (Mantel’s r = 0.251, p = 0.011), indicating that stratification (K = 4) was 562 

present in our data. Importantly, however, there is a relevant limitation of interest for our 563 

study; this test can only identify the overall effect size among the populations being 564 

compared and not between-population effect size. So, one highly differentiated 565 

population could drive a significant result, while the other populations may not actually 566 

be meaningfully differentiated from each other. The STRUCTURE results indicated 567 

strong differentiation between P.t. verus and ETS, therefore to see if this drove the 568 

significant result in the partial Mantel test of K = 4 we performed a second test on ETS 569 

only (K = 3). Here we found no support for differentiation among the three subspecies 570 

comprising ETS (Mantel’s r = -0.065, p = 0.633). Finally, we performed a partial Mantel 571 

test comparing P.t. verus to ETS to quantify the effect size between these two 572 

populations (Mantel’s r = 0.253, p = 0.001). Interestingly, the effect size was the same 573 

as the four-subspecies model, but the p-value was ten-fold smaller. We concluded that 574 

statistical support for the four-subspecies model in the partial Mantel test was driven by 575 

strong differentiation in the species between P.t. verus and ETS, and as there was no 576 

change in effect size, the differentiation among ETS did not meaningfully contribute to 577 

the significant result in K = 4. Importantly, both the IBD and within-ETS tests support the 578 

presence of genetic connectivity among the ETS populations. 579 

 580 

Linear regressions 581 

To quantify the extent to which geographic distance (D) explains genetic distance (G) 582 

and to ascertain the effect of the divergent outliers detected in the F’ST matrix, we fitted 583 

regressions to all sites with at least six individuals typed at seven or more loci (Main 584 



34 
 

text; Fig 2.a). For these tests we transformed genetic distance to F’ST/(1-F’ST) since this 585 

transformation is expected to have a linear relationship with distance34. Strict IBD 586 

appears as a gradient in which G increases linearly with D. Detectable departures from 587 

this pattern, e.g., clusters that do not fall along the cline, are genetically differentiated 588 

and signify the historical presence of physical or behavioural barriers that reduced 589 

reproductive potential between populations. Geographically, it is widely held that several 590 

major physical barriers to chimpanzee dispersal are present within their range, which 591 

are presumed to have given rise to the four currently described subspecies. Although 592 

there is not a unified consensus on the definition or concept of subspecies, the 593 

assessment of population structure and detection of genetically distinct and/or isolated 594 

populations is very informative. Failing to find evidence of genetic discontinuity between 595 

or among subspecies populations would suggest recent gene flow has occurred and 596 

may currently persist. 597 

 As detailed in the main text, we fitted regressions of G ~ D to the entire dataset, to the 598 

dataset with outliers excluded and then also highlighted within and between-subspecies 599 

comparisons (Fig. 2a – d).  We found a significant linear correlation with moderate effect 600 

size when all sites were included. When three consistent outlier sampling locations in all 601 

analyses (Mt. Sangbé, Gashaka and Issa) were excluded from the model, the effect 602 

size nearly doubled to become strong, illustrating the considerable influence of local 603 

effects (in only 3 sites) on the species-wide pattern (Fig. 2a). We also found that, on 604 

average, the genetic distance between two pairs of locations is higher (given the same 605 

geographic distance) between subspecies than within subspecies (Fig. 2b). As the 606 

partial Mantel test of four discrete subspecies populations does not specifically reveal 607 
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which, if not all, comparisons within chimpanzees is driving the significance of the test, 608 

we fitted separate linear regression functions to all within- and between-subspecies 609 

comparisons at the subspecies-group level (Fig. 2c, d). The slope of these functions 610 

explains the strength of the effect of geographic distance on genetic distance, while the 611 

y-intercept values indicate within-sampling location diversity (the estimated level of 612 

diversity of the comparison pair if geographic distance between them were zero). 613 

Although this is not a formal test, here we found variability in the slope and intercept of 614 

the G ~ D linear regression in within- and between-subspecies combinations 615 

(Supplementary Figure 2b), thus confirming that the four-subspecies partial Mantel test 616 

is unable to account for this relevant feature of the data. This issue is particularly 617 

important given the overrepresentation of P.t. verus and the underrepresentation of P.t. 618 

ellioti samples. The same-subspecies pairs in the full dataset are largely P.t. verus – P.t. 619 

verus pairs and the ‘different subspecies’ pairs are largely P.t. verus – P.t. troglodytes or 620 

P.t. verus – P.t. schweinfurthii. The P.t. verus – P.t. verus regression is divergent from 621 

the P.t. verus – P.t. troglodytes and P.t.verus – P.t. schweinfurthii regressions (Fig. 2b – 622 

d), which likely drives the results of the partial Mantel test we performed. These figures 623 

also clearly show the expected asymptotic behaviour of the G ~ D regression as 624 

distances between P.t. verus and the other subspecies increases. Furthermore, the P.t. 625 

troglodytes – P.t. schweinfurthii regression is much more similar to the within-626 

subspecies regressions than to the P.t. verus – P.t. troglodytes and P.t. verus – P.t. 627 

schweinfurthii regressions. The small sample sizes available for regressions involving 628 

P.t. elliotti (only two locations: Korup and Gashaka) are reflected by the large standard 629 

errors visible in Fig. 2d. However, the estimated intercepts and slopes for these 630 
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regressions are consistent with the general asymptotic pattern, except for the P.t. elliotti 631 

– P.t. troglodytes pairs. Note, however, that this regression is computed on Korup – P.t. 632 

troglodytes and Gashaka – P.t. troglodytes pairs only. Korup is geographically close and 633 

genetically similar to most P.t. troglodytes locations (Supplementary Figure 3a – c), 634 

while Gashaka is more geographically distant from P.t. troglodytes locations and is one 635 

of those few locations showing extreme genetic differentiation regardless of geographic 636 

proximity (Fig. 2a; Supplementary Figure 3b, 4a, b). Therefore, the uniqueness of the 637 

P.t. elliotti – P.t. troglodytes regression appears to be entirely due to the uniqueness of 638 

the Gashaka genotypes. In conclusion, these comparisons of G ~ D did not provide 639 

evidence of any genetic discontinuities or barriers to gene flow across the chimpanzee 640 

range consistent with the currently recognized subspecies delineation, though 641 

differentiation, stemming at least in part from low Ne, was apparent in the P.t.verus 642 

population.  643 
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Supplementary Figure 4. Outlier detection in site level linear regressions. (a) 644 

Regression lines of pairwise comparisons of genetic distance as a function of 645 
geographic distance, whereby each line represents a single site compared to all other 646 
sites. Coloured lines highlight outlier sampling locations. (b) Intercept versus slope plot 647 

of site-level regression functions. The horizontal and vertical bars represent standard 648 
error of the mean. Coloured outlier sites display increased relative y-intercept values 649 

indicating higher-than-average levels of differentiation in comparison with nearby sites 650 
(i.e., strongly localized differentiation). Gashaka and Issa show similar relative genetic 651 
distance (low slope) regardless of geographic distance but a high intercept value, 652 

signifying consistently high differentiation in comparison to all other sites. Meanwhile, 653 
although Mt. Sangbé displays high differentiation in comparisons to all other sites, this 654 

effect increases with distance.  655 

 656 

Detection of a population bottleneck in P.t. verus  657 

We observed that allele size ranges in the genotypes from the P.t. verus population 658 

tended to nest within the allele-size range of the other subspecies populations, in 659 

particular, P.t. troglodytes, which is considered to be the oldest24. Such a pattern would 660 

emerge in cases where a founder population diverged from a larger population as 661 

genetic drift is expected to reduce allelic diversity in the former as new alleles have not 662 
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yet accumulated through mutation processes. Similarly, population bottlenecks will also 663 

reduce diversity due to drift and inbreeding. Since the split between P.t. verus and P.t. 664 

troglodytes is considered to be the deepest among the subspecies populations, 665 

occurring up to some 800 ka24, and microsatellites have high mutation rates, which 666 

flatten ancient patterns of demography, the possibility of these observations being a 667 

signal from the original divergence between these two populations is extremely unlikely. 668 

Thus either the split between these two populations occurred more recently then has 669 

been previously shown or P.t. verus may have a complex history of expansions and 670 

contractions with extended periods of both isolation and sustained gene flow. Since our 671 

genetic data have multiple mutation models and population contraction/expansion 672 

analyses using microsatellite data assume strict stepwise mutation (SMM), we were 673 

unable to perform a formal test. Nevertheless, we explored other possible methods to 674 

further evaluate our dataset for signals of a bottleneck (and presumptive recent 675 

expansion) by assessing allele patterns using simulated data.  676 
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 677 

Supplementary Figure 5. Variation in standard deviation (SD) of mean allele sizes, 678 

Garza-Williamson index (M), and expected heterozygosity (He) in response to 679 

simulated population bottlenecks. (a) A simulated population of 50,000 individuals 680 

that experienced a contraction to 1,000 individuals lasting 1,000 generations followed by 681 

a subsequent full recovery. The response to simulated population bottleneck and full 682 

recovery in SD (b), M (c), and He (d).   Plots b, c and d show medians (solid lines) with 683 

0.25 and 0.75 quantiles (dashed lines) from 100 simulations, each replicating a single 684 

locus with the same mutation rate and mutation model. SD has a slow decline and 685 

increases slowly after full Ne (effective population size) recovery and does not reach 686 

pre-bottleneck levels after 1,000 generations. He also displays a slow gradual decline, 687 

but responds quickly to the recovery of Ne.  Conversely, M begins to increase well 688 

before population recovery, and then exceeds initial pre-bottleneck levels. These 689 
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simulations suggest that we may infer populations displaying relatively low SD 690 

combined with a high M are likely to have undergone a bottleneck. Similar inferences 691 

from comparing He to M may be drawn, although He responds more quickly to recovery 692 

of Ne, and is, therefore, less likely to retain the signal as time increases. 693 

 694 

First, we simulated a population demographic history with an initial Ne of 50,000 for 695 

10,000 generations, followed by a bottleneck (Ne = 1,000), which lasted for 1,000 696 

generations, then a subsequent full recovery which extended for 50,000 generations. 697 

We performed 100 simulations, each representing a single locus, using the same 698 

mutation rate and strict SMM for each run. We then calculated the mean standard 699 

deviation of allele size (SD), expected heterozygosity (He) and estimated the mean 700 

Garza-Williamson’s M for each generation and plotted them (Supplementary Figure 5a 701 

– d). M is an index of allelic diversity, which is used to detect population contraction and 702 

is a ratio of the number of alleles (k; numerator) in proportion to the allele size range (r; 703 

denominator)35. Typically, after a bottleneck, many alleles are lost due to random drift 704 

and k becomes smaller, while initially, the range (r) is likely to remain large. As alleles at 705 

the extreme ends of the range tend to be rare, they also become lost due to random 706 

drift, leading to a decrease in r, leading to a positive slope of M. As new alleles 707 

accumulate through new mutations, thereby increasing k, the slope of M becomes 708 

steeper, especially if alleles at the extreme ends of the range continue to be lost due to 709 

random drift. Importantly, this method assumes a strict SMM, a violation of which will 710 

affect M. In our dataset, violations of strict SMM are mostly single BP indels, which 711 

increase the number of alleles in a given range, leading to inflated values of M. SD 712 

describes the spread and peak of allele-size ranges. A large effective population in 713 

equilibrium will have a high SD as the allele ranges will be wide and have broad 714 
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distributions of sizes. Following a bottleneck, alleles will be lost due to drift, but the allele 715 

size ranges may remain large. SD accounts for the clustered-ness of the distribution 716 

and is not sensitive to rare alleles. This means that while M responds quickly to sudden 717 

changes in Ne, SD reacts slowly as the overall distribution of alleles and ranges change 718 

over time. In our simulations we found that M both declined and recovered quickly, and 719 

exceeded the original levels even prior to population recovery. Meanwhile SD 720 

responded more slowly and did not increase until after the population began to increase 721 

and did not approach pre-bottleneck levels after 1,000 generations after full Ne recovery 722 

(Supplementary Figure 5b). Taken together, these divergent behaviours appear to be 723 

very useful, as a population displaying both high M and low SD may be a meaningful 724 

indicator of a bottleneck in a population that violates the strict SMM.  725 

Using this approach, we found that P.t. verus displayed higher M than the rest of the 726 

species and lower SD (Supplementary Figure 6a – d). Supplementary Figure 6d 727 

effectively displays the distribution of our sampling locations based on the ratio of SD to 728 

M. Populations that tend toward the lower right corner of plot have a low SD and high M. 729 

We see that P.t. verus (with the exception of Mt. Sangbé, number 12, which is itself 730 

divergent among P.t. verus) diverges from most of the rest of the species. With its 731 

relatively high M and low SD, P.t. verus may be in process of overshooting its pre-732 

bottleneck level of M, while not yet recovering SD, suggesting that a bottleneck 733 

occurred relatively recently. We also see that two P.t. schweinfurthii communities 734 

located in western Uganda, Budongo (45) and Ngogo (46), also tend toward the lower 735 

right hand side of the plot, indicating a possible signal of a relatively recent bottleneck. 736 

 737 
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 738 

Supplementary Figure 6. Standard deviations (SD) of mean allele sizes and Garza-739 

Williamson indices (M) among sampling locations. (a) A map of SD calculated 740 

among sampling locations in our dataset. Brown are sampling locations characterized 741 

by low SD values and green by high SD values. Samples from the Pan troglodytes 742 

verus range display relatively low SD values compared to the rest of the species. Two 743 

northeastern populations (Budongo and Ngogo) also display low SD values. (b) A map 744 

of M calculated among sampling locations in our dataset. Brown are sampling locations 745 

characterized with low relative levels of M and green are high levels. Samples from the 746 

P.t. verus range display slightly higher overall M than the rest of the species. In (a) and 747 

(b), circle diameter is correlated with sample size. Together these results suggest that 748 

P.t. verus has undergone a recent population bottleneck. (c) Chimpanzee subspecies 749 

populations categorized by colour: Pan troglodytes verus (red), P.t. ellioti (yellow), P.t. 750 

troglodytes (blue) and P.t. schweinfurthii (black). (d) Plot of M and SD among sampling 751 
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locations with a minimum of six individuals typed. Diameters of circles correlate with 752 

sample size. Populations displaying high M and low SD (lower right corner of plot) 753 

suggest a recent bottleneck event. Sampling locations 45 and 46 (Budongo and Ngogo) 754 

also display evidence of a recent population bottleneck.  755 

 756 

We stress that many of the loci used in the present study do not follow strict SMM, 757 

therefore we cautiously offer these results. Nevertheless, we are comparing M within a 758 

single species in which the violations of strict SMM are similar across all 759 

subpopulations, i.e., per-locus overestimations of M are expected to be relatively 760 

consistent among populations and therefore comparable. However, lower M values in 761 

our dataset occur in the ETS populations, which are known to be more genetically 762 

diverse, and are therefore more at risks of inflated M due to having higher allele density 763 

per locus (leading to more potential for violations of strict SSM). In contrast, P.t. verus 764 

displayed higher M despite a paucity of allelic diversity. In sum, these factors and 765 

results are not at risk to the inherent limitations posed by violations of strict SMM in 766 

these analyses and may point toward a reliable signal of a widespread bottleneck event 767 

across P.t. verus, as well as in some local populations.    768 

Spatially explicit analyses (EEMS) 769 

Uniting spatial and genetic data provides distributional context to diversity and affords 770 

the use of unbalanced and heterogeneous sampling that should otherwise be avoided in 771 

spatially agnostic methods. We employed the spatially explicit software, Estimated 772 

Effective Migration Surfaces (EEMS)36, to locate significant deviations from clinal 773 

variation in our data. As with all other analyses, we only included individuals typed at 774 

between seven and fourteen loci, to minimize noise and to maximize genetic data in the 775 

analyses. In tests of the minimum number of loci necessary to obtain the overall 776 
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observed pattern in the full dataset, we found that using the four most polymorphic loci 777 

produced the same general pattern, but without any areas of significant barriers, owing 778 

to both a decrease in the number of sampled individuals analysed and overall limitation 779 

of genetic data. Meanwhile, increasing the minimum to eight loci did not have any 780 

meaningful effect on the overall observed patterns. This indicates that using seven or 781 

more markers was sufficient for our analyses, and that adding more loci would be 782 

limited to improving detail in local patterns and not affect our overall conclusions. The 783 

EEMS analysis provides several diagnostic outputs to validate datasets after MCMC 784 

convergence (See main text for analysis parameters)36. The model was a good fit to our 785 

dataset (fitted versus observed genetic dissimilarity; adjusted r2 = .381, p < 0.001; 786 

Supplementary Figure 7a).  However, it was apparent that there were some influences 787 

associated with outliers, in particular, the presence of a conspicuous tail with a negative 788 

slope in the P.t. verus – P.t. shcweinfurthii comparisons on the right side of the plot. 789 

Since the points that constituted the tail were located at the extreme right side of the 790 

plot where between-deme distances were greatest, it was clear that this pattern was 791 

mostly driven by P.t. verus – Issa comparisons. To investigate this, we highlighted all 792 

comparisons involving Issa and found that the tail was nearly entirely composed of P.t. 793 

verus – Issa pairs (Supplementary Figure 7b). We also fitted a function for all between-794 

demes comparisons involving Issa, which resulted in a horizontal line, indicating that 795 

this population was divergent from all sites regardless of distance. We had similar 796 

observations in our pairwise F’ST analyses (Supplementary Figure 3b, 4a), further 797 

distinguishing the Issa population from the rest of our sampling locations. Finally, we 798 
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found that simply removing Issa from the dataset considerably improved model fit 799 

(adjusted r2 = 0.435, p < 0.001). 800 

 801 

Supplementary Figure 7. Between-demes test of model fit. (a) A between-demes 802 

plot of fitted versus observed dissimilarity. The points are differentiated by subspecies-803 

comparison categories and distinguished by color. The diameter of the points is 804 

proportional to the combined sizes of the paired demes being compared. The blue line 805 
is the fitted model (adjusted r2 = 0.381). The most notable pattern in this plot is the 806 
negative slope of Pan troglodytes verus – P.t. schweinfurthii comparisons, which was 807 

likely, at least in part, driven by an outlier. (b) Fitted versus observed dissimilarity plot 808 
with Issa highlighted in between-demes comparisons. Points are as in a, except with 809 
Issa comparisons highlighted. The blue line is the model fitted to all comparisons 810 
excluding Issa (adjusted r2 = 0.435, p < 0.001) and the orange line is the model fitted to 811 
all Issa pairwise comparisons. In pairwise F’ST comparisons, the Issa population was 812 

very unusual in that they were equally differentiated from all other populations 813 

regardless of distance or subspecies. A similar pattern is depicted in b and, in part, 814 

explains the presence of the conspicuous tail on the right side of the plot.   815 
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In analyses of our entire dataset, we identified several locations in our sampling range 817 

in which significant barriers (posterior probability >95%) were present (Fig. 3a – c). 818 

These barriers appeared to be localized (between neighboring sites), and were likely a 819 

result of site-level environmental pressures. One such barrier was associated with Mt. 820 

Sangbé (Côte d’Ivoire), which exhibited a high proportion of first-order relatives 821 

(Supplementary Table 1.5) and is a population that has recently experienced 822 

considerable, if not complete, isolation from neighboring populations17 another barrier 823 

was associated with the Gishwati (Rwanda) population. The Gishwati chimpanzees 824 

experienced a severe decline in the last two and half decades stemming from the fallout 825 

of the Rwandan genocide, reducing over 1,000 km2 of forest to 9 km2 in recent years37. 826 

The current chimpanzee population at Gishwati is estimated to be between19 and 29 827 

individuals38 and we identified a minimum of 24 individuals in this study. Additionally, 828 

along with Nyungwe, Gishwati is the nearest population to Issa, one of three consistent 829 

outliers in this study, and, importantly, equally differentiated from all sampling locations 830 

regardless of distance. The final significant barrier was between Mbe and Gashaka 831 

(Nigeria). This region has steep elevational gradients that may significantly restrict 832 

connectivity between these populations, with considerable differences in climate and 833 

habitat type. However, previous studies identified gene flow between similar regions of 834 

the P.t. ellioti range28. Additionally, as in Gishwati/Issa, Mbe is the closest in proximity to 835 

the highly differentiated Gashaka population. Notably, all of these barriers appeared to 836 

be attributable to localized differentiation rather than signals of reduced continuity 837 

between major populations or at the subspecies level. To assess these issues, we 838 
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subsequently removed these sampling locations and reanalyzed the resulting data 839 

(Supplementary Figure 8a – c).   840 
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 841 
Supplementary Figure 8. EEMS maps of relative effective migration rates excluding 842 
outlier populations. (a) EEMS map of all four subspecies populations showing the effects on 843 
effective migrations rates (m) when excluding Mt. Sangbé, Mbe and Gishwati from the whole-844 
species analysis. (b) EEMS map of the P.t. verus range showing the effect on effective 845 
migration (m) rates when excluding Mt. Sangbé from the analysis. (c) EEMS map of the P.t. 846 

ellioti – P.t. troglodytes – P.t. schweinfurthii (collectively ETS) range showing the effect on (m) of 847 
excluding Mbe and Gishwati from the analysis. m rates are mean centred and Log10 848 
transformed. Locations within dashed lines indicate areas where the posterior probability of m > 849 
0 exceeds 90%. Locations within solid lines indicate areas where the posterior probability of m > 850 
0 is 95%. Note that no areas are significantly differentiated in (b) or (c) when each population, 851 
P.t. verus or ETS, is analysed independently and their influence on each other is removed. 852 

  853 
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 854 

An important consideration for this analysis is that it relies on a relativistic approach, 855 

thus extreme differences in effective population sizes, e.g., between P.t. verus and ETS, 856 

will lead to over- and underestimation of posterior probabilities. In the case of our data, 857 

the high m rates in P.t verus cause areas in ETS to appear to have significantly low 858 

relative m rates. For this reason, it is necessary to also analyse these populations 859 

separately. At the full species scale, the barrier located in the range of Gishwati still had 860 

a 95% posterior probability of lower than average connectivity and the barrier 861 

associated with Mbe and Gashaka decreased from 95% to 90% (Supplementary Figure 862 

8a). Upon exclusion of Mt. Sangbé, the results observed at the species scale remained 863 

similar, but a barrier signal is evident when analysing P.t. verus on its own 864 

(Supplementary Figure 8b). This signal of historical discontinuity suggests an additional 865 

source of reduced connectivity across Côte d'Ivoire.  866 

Excluding Mbe and Gishwati from the ETS EEMS analysis removed the significance of 867 

barriers associated with these sites (Supplementary Figure 8c). These regions still 868 

displayed some weak signals of reduced connectivity relative to the average rate, 869 

suggesting the possibility of diminished historical connectivity in these areas, but well 870 

within rates observed elsewhere in ETS. 871 

The loss of the significant barriers when excluding the sites that were associated with 872 

them is strong evidence that the discontinuity we observed was driven by localized 873 

differentiation. That these sites are genetically distinct from their neighbours, points to 874 

local effects and how strongly they influence site-level differentiation, and removing only 875 
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three outliers from our dataset eliminated all significant signals of discontinuity in these 876 

analyses. 877 

 878 

  879 
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