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1 Abstract5

Coalescent-based methods are widely used to infer population size histories, but existing analyses have6

limited resolution for deep time scales (> 2 million years ago). Here we extend the scope of such inference by7

re-analysing an ancient peak seen in human and chimpanzee effective population size around 5-7 million years8

ago, showing that coalescent-based inference can be extended much further into the past than previously9

thought. This peak is consistently observed across human and chimpanzee populations, but not in gorillas10

or orangutans. We show that it is unlikely to be an artefact of model violations, and discuss its potential11

implications for understanding hominin evolutionary history, in particular the human-chimpanzee speciation.12

2 Introduction13

The study of human population size over time provides a valuable lens through which to explore key questions14

about our evolutionary past [1]. Population size history can be inferred from present day genome sequences15

by examining patterns of genetic variation within and between populations. Various methods have been16

developed for such inference, using information such as the site frequency spectrum, linkage disequilibrium,17

or the genomic distribution of heterozygosity. One popular method is the pairwise sequentially Markovian18

coalescent (PSMC) [2], as well as its successors [3, 4, 5, 6, 7]. These have enabled various insights the evo-19

lutionary history of humans, including the magnitude of exponential growth in the last 20 thousand years20

(kya), the timing and severity of the out of Africa bottleneck 50-60kya, and divergence times between various21

subpopulations as well as between humans, Neanderthals and Denisovans [8, 9].22

23

Methods to infer human population size history have typically focused on studying evolution more recent24

than 1-2 million years ago (Mya). The mean coalescence time in humans is ∼1Mya, indicating that there25

should be information within a present day genome sequence to probe more ancient time scales. Insights26

into population size history beyond this period would be particularly interesting, as it may elucidate the27

emergence of the genera Homo (∼3Mya [10, 11]) and Australopithicus (∼4.5Mya [12]), or even the ancestral28

human-chimpanzee population (∼6Mya [13]). The inference of N(t) from some methods, including PSMC,29

do extend to this period, however it is typically not discussed in the existing literature. This may be because30

it has until now been unclear how robust inference is in those time frames, and in particular how badly the31

model is affected when its assumptions are violated.32
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Another set of methods uses cross-species analyses, in this case of present day sequences of humans, chim-33

panzees, and gorillas, to analyse the way in which these populations diverged. Methods such as CoalHMM34

and its successors employ coalescent hidden Markov model approaches, in which the hidden states corre-35

spond to the order of coalescent events, as well sometimes as ancestral coalescence times [14, 15, 16, 13, 17].36

Typically the model parameters to be estimated are the divergence times and ancestral population sizes,37

which in turn are informative about the amount of incomplete lineage sorting (ILS) or gene flow. Some of38

these studies have suggested that the human-chimp speciation was “complex”, in that after initial popula-39

tion divergence there was a period of gene flow before final separation [18, 19, 13, 20], though others have40

suggested a clean split scenario [21, 22]. Many of these analyses make coarse assumptions about population41

size changes in the ancestral populations, and typically assume these were panmictic. Typically the size of42

the human-chimpanzee ancestral population is estimated to be very large, for example this is estimated as43

167,400 in [17] and 177,368 in [23], both of which are more than 8 times the long-term effective population44

size of humans or chimpanzee. It is plausible that the size of the human-chimpanzee ancestral population45

really was extremely large, however it may be that this population was structured, which leads to inflated46

estimates of population size when assuming panmixia [24]. In this article we examine the changes in size of47

the ancestral human/chimp population in higher resolution and with fewer assumptions, finding a similar48

magnitude to that inferred in recent time.49

50

So far existing methods have offered limited population genetic insight into human evolution between51

1-2Mya and the divergence of the ancestral human/chimpanzee population around 6Mya [14, 13, 25]. Here,52

we examine the potential to broaden the scope of coalescent-based population size history inference beyond53

two million years ago. Specifically, we discuss an ancient inferred peak in effective population size around 5-54

7Mya seen in PSMC analysis of human and chimpanzee genomes, but not in gorilla or orangutan. While this55

peak has been partially observed in several previous studies in humans and chimpanzees [2, 8, 9, 16, 26, 27],56

it has received little attention in the literature. We present a revised analysis of this peak using modern data57

and discuss its potential implications for understanding the evolutionary history of humans and other great58

apes. We take care to address potential model violations and other factors that may affect the reliability of59

these inferences. Overall, our study suggests that we may be able to significantly extend the applicability of60

coalescent-based inference much further into the past, generating new insights into the complex history of61

hominin evolution.62

3 Results63

3.1 An ancient peak in human and chimpanzee population size history64

We separately inferred an effective population size (N(t)) curve over time for 26 single diploid genome se-65

quences, each from a distinct population in the 1000 Genomes Project [28, 29, 27, 30] (1000GP) using PSMC66

(Figure 1a). Importantly, we extended previous similar analyses by fitting the model with fewer parameter67

constraints [31] and using the high coverage (30x) whole-genome sequencing data resource [30], allowing68

greater resolution at time scales >2Mya (see Methods). The resulting N(t) estimates start between 5 kya69

and end around 10Mya, which is deeper in the past than in previous studies [2, 8, 9, 26]. In all human samples70

two peaks can be seen, one around the time of appearance of modern humans approximately 200kya and a71

second older one, starting around 2Mya going backwards in time, reaching a maximum around 5.5Mya with72
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Figure 1: Inference from PSMC on humans, chimpanzees and bonobos, gorillas, and orangutans. (a)
Estimates of population size history on humans, using 26 populations from the 1000 Genomes project, using
one individual per population. (b) Estimates of population size history on chimpanzees and bonobos, using
8 Nigeria-Cameroon chimpanzees, 5 Eastern chimpanzees, and 11 bonobos. (c) Estimates of population size
history on gorillas, using 3 Eastern lowland individuals, 23 Western lowland individuals, and 1 Cross River
individual. (d) Estimates of the population size history on orangutans, using 5 Sumatran individuals and 5
Bornean individuals.

a population size of ∼37,500, then decreasing until around 10Ma. While the ancient peak is partially visible73

in previous whole-genome analyses [2, 9, 26], it is frequently truncated or represented with poor resolution74

because of the way time intervals were specified. 30 iterations of block bootstrapping reveals there is less75

variance in N(t) in ancient time than there is recent time (Figure A1).76

77

As the ancient peak occurs around the estimated period of human and chimpanzee species separation,78

it is natural to ask if a similar signal exists in chimpanzee population size history, or in other great apes79

in general. We therefore used PSMC to infer the population size history from 79 great ape genomes, as in80

[16] (see Methods). First, we recovered an ancient peak in chimpanzees and bonobos, overlapping the peak81

seen in the human analysis, though perhaps with its maximum slightly older (Figure 1b). This extends a82

similar signal further back in time, present in previous analyses but not discussed [16]. As with humans,83

our re-analysis produces the ancient peak more clearly because we avoid grouping old time intervals. We84
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note that the effective population size of the chimpanzee ancient peak is significantly higher than that of85

humans. The fact that the peaks observed in humans and chimpanzees align with the time frame of their86

estimated divergence prompts the question of whether these peaks signify a shared history between the two87

species. Indeed, as we discuss in the Appendix, correcting for mutation rate variations in time, as well as88

for variable generation times, in principle could align the two population size curves, both in their time89

period and their scale. However, uncertainty in these parameters, as well as in curve estimation, precludes90

a confident conclusion.91

92

For gorillas (Figure 1c) and orangutans (Figure 1d), we do not detect a discernible peak in the region93

between 5-10Mya. This is consistent with the fact that gorillas and orangutans genetically separated from94

humans and chimpanzees prior to the 5-7Mya time period, and so would not be expected to share their95

history at that time. Moreover, it supports the claim that the ancient peak is not an artefact of the method96

or of the data processing, as that would result in a peak with gorillas and orangutans as well.97

3.2 The fraction of uncoalesced genome as a function of time98

The power of PSMC to infer N(t) at 5.5Mya relies on there being sufficiently many places in the genome99

where the two input lineages coalesce more anciently than this time. To assess whether this is reasonable to100

expect, we note that under a simple panmictic model the observed range of heterozygosity in humans (e.g.,101

∼0.00069 for PEL to ∼0.001 for MSL in 1000GP) would correspond to a constant effective diploid population102

size of 13,800-20,000, using a mutation rate of 1.25e-8 per base pair per generation. Given an exponential103

distribution of coalescence times, and a generation time of 30 years, we expect a mean coalescence time104

of 828,000-1,200,000 years, and that the coalescence time will be older than 5.5Mya in 0.12%-1.01% of the105

genome, which would be sufficient to provide plenty of information for this period, in particular taking note106

that older regions of coalescence are correspondingly shorter than younger ones.107

108

As more direct confirmation from the data, we inferred the fraction of the genome that has not yet109

coalesced as a function of time for the 1000GP samples, using PSMC decoding (see Methods). At least 1%110

of the genome is estimated not to have coalesced by 5Mya, and approximately 0.1% by 10Mya (Figure 2a).111

Ancient regions tend to be shared among individuals (Figure 2b); e.g. positions with an inferred posterior112

mean TMRCA of over 3Mya show an average correlation of r2=0.21 across individuals (Figure A2). We113

note that further back in time, segments of shared ancestry become increasingly shorter because of longer114

exposure to recombination, and that these are scattered across the genome. For example we estimate that115

African individuals harbor roughly 4,000 non-contiguous segments whose coalescence time is older than 4Mya116

(Table 1; see Methods). We note that previous simulation studies [32, 33] and theoretical analysis [34] have117

shown that posterior mean estimates of true ancient coalescent times substantially older than the mean tend118

to be significantly downward biased, which may indicate an even older age for detected ancient regions.119

We repeated the analysis using an independent method, Relate [35], which does not rely on the PSMC120

assumptions and uses multiple sequences jointly; this also identifies sufficient coalescence material exists121

in this time period (see Methods and Figure A3). We further note that if we alter the time discretisation122

parameters in PSMC, then the inference of human N(t) is almost consistent in each population until ∼20Mya123

(Figure A4), at which point it begins to fray as likely the genome is fully coalesced.124

125
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Figure 2: (a) Inferred fraction of uncoalesced genome as a function of time, for the 26 individuals in Figure
1a. (b) (Top) Posterior mean TMRCAs for each population, for 20Mb on chromosome 20. The bottom
panel shows the mean of the top panel.

3.3 Model violations and their effects126

As with all statistical frameworks, the PSMC method relies on specific modelling assumptions that may127

not hold true in reality. Deviations from these assumptions could have varying impacts on inference across128

different temporal scales, and could potentially account for some or all of the observed ancient peak. We129

therefore considered how departures from the modelling assumptions could plausibly affect inference of pop-130

ulation size history in the deep past.131

132

To this end, we considered the following possible issues. First, repeats may manifest as an artifactual133

heterozygous signal, leading to long segments with high heterozygosity, which then leads to an apparent134
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Population Sample 1Mya 2Mya 3Mya 4Mya 5Mya 6Mya
ESN HG03515 54,169 17,213 7,811 3,952 1,841 472
YRI NA18488 54,486 17,229 7,668 3,841 1,752 426
MSL HG03212 53,817 17,243 7,661 3,910 1,947 494
GWD HG02568 54,493 16,893 7,358 3,667 1,721 397
ACB HG01882 55,368 17,590 7,883 4,129 1,909 457
ASW NA19625 54,974 17,395 7,798 3,984 1,852 439
LWK NA19017 54,644 17,709 8,105 4,050 1,874 496

Table 1: The number of ancient non-contiguous segments inferred in different African populations from the
1000GP project. We count segments by looking for regions where the posterior probability of coalescence as
old or older than the time given in each column is greater than 0.9.

excess of ancient coalescence events. Second, variation in mutation rates across different genomic regions135

could cause some regions to have a higher density of mutations leading to an interpretation as having a more136

ancient TMRCA, and hence systematic biases in the inference of accurate evolutionary histories. Third,137

the human mutation rate is estimated to have slowed down over time [36, 37, 38, 39], while in PSMC it is138

assumed constant. Fourth, variability in recombination rates across the genome (in particular at recombi-139

nation hotspots) is also a departure from model assumptions [40, 41, 42, 43, 44]. Fifth, at longer timescales140

there may become a significant probability of recurrent mutations at the same site, which are not modelled141

in PSMC. Sixth, background selection, which has been estimated to be pervasive in humans [45, 46], has142

been shown to distort the inference of the coalescence rate [47, 48, 49]. Finally, balancing selection can also143

manifest as an excess in ancient coalescence events.144

145

We conducted an extensive set of simulation studies to analyse how these violations may affect inference,146

which we describe fully in the Appendix). We concluded that it is unlikely any of these issues or violations147

could cause a false ancient peak of the type we see in real data. Notably, we observed that if there are148

large variations in the mutation rate across the genome, then false inflations of inferred N(t) are observed.149

However, the degree of rate variation required to generate this is larger than the degree of this inferred in150

humans, and moreover their ancient inferred N(t) has high variance, contrasting the low variance we have151

shown in humans in the ∼5Mya peak.152

4 Discussion153

We have demonstrated the applicability of coalescent-based inference to examine deep evolutionary history154

(five million years ago and beyond) in the hominin lineage. Specifically, we highlighted and extended the155

analysis of a peak in ancient population size history inferred by PSMC, which is reliably estimated from156

human, chimpanzee and bonobo data, though not found in gorillas or orangutans. The human, chimpanzee157

and bonobo peaks span approximately the same time period, suggesting that they may reflect the same158

event prior to, or during, human-chimpanzee speciation. We discussed several ways in which the data may159

violate the model underlying our analysis, and concluded that none are likely to generate a false ancient peak.160

161

A straightforward interpretation of an ancient peak is that it reflects true changes in population size.162

Indeed, for humans, changes in inferred N(t) since ∼80kya have been associated with the out-of-Africa event163

followed by more recent recent population size increases [3, 6]. The ancient peak may similarly reflect ancient164
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hominin population expansion and decline in the late miocene and the pliocene. To the extent the same165

ancient peak exists in chimpanzees and bonobos, it may reflect common environmental conditions affecting166

similar evolutionary processes in the different species.167

168

However, there are other possible explanations. The separation and reconnection of local populations169

alters the amount of possible gene flow between them, which affects the inferred N(t) [2, 50, 24, 51]. In a170

structured population, the coalescence rate decreases relative to a panmictic population of the same size,171

thus the effective population size (taken here as the inverse of the coalescence rate) increases. Indeed, in172

[24] the authors show that the inferred human effective population size as inferred by PSMC, including the173

ancient peak, can be equally well obtained by a set of populations with varying migration rates between174

them without any changes in size. Therefore, it is possible that the ancient peak is a signature of ancient175

population structure or other departures from panmixia.176

177

One such possible structured event may be complex speciation between humans and chimpanzees, in178

which after an initial split the two populations rejoined or exchanged genes for a period of time. Previous179

publications have put forward evidence for this type of model [18, 19, 13, 20], although other analysis has180

favoured a model with a clean split [21, 22]. Innan and Watanabe proposed there was no strong support181

for gene flow after divergence, and that a clean split best fit the data [21]. This result was reinforced by182

Yamamichi, whose maximum likelihood model also favoured a clean split [22]. Patterson et al. proposed183

that gene flow did occur, because of differences in the estimated divergence time between the autosomes and184

X chromosome [18], although this approach has been criticised [52, 53, 22]. Using a likelihood ratio test185

considering divergence times across the genome, Yang rejected the null hypothesis of an absence of gene flow186

[19]. With an HMM that explicitly tests for immediate or prolonged separation, Mailund et al. proposed187

that a model with an extended period of gene flow better fits the data [13]. Galtier introduced Aphid, which188

distinguishes between discordant coalescent trees (ones that do not match the species trees) generated by189

ILS or gene flow [20]. It leverages the fact that multispecies coalescent trees affected by gene flow tend to190

have shorter branches, and coalescent trees affected by incomplete lineage sorting longer branches, than the191

average coalescent tree. This information provided strong support for a model in which there was ancient192

gene flow between human, chimpanzee, and even gorilla, after the initial human-chimpanzee split.193

194

If the peak we observed in chimpanzees and bonobos is indeed reliable and aligned with the ancient195

peak observed in humans, this may be consistent with a period of ongoing gene flow after initial human and196

chimpanzee separation. Qualitatively, there are other observations which make this type of model attrac-197

tive. Notably, CoalHMM [23] and TRAILS [17] assume a panmictic ancestral human-chimpanzee population198

and estimate its size as 177,368 and 167,400, respectively. Both of these estimates are more than 8 times199

the long-term effective population size of humans and chimpanzees (in both species, θ = 4Nµ is roughly200

0.001, which assuming µ=1.25e-8 gives N=20,000), and are not well aligned with the PSMC inference in201

this period (Figure 1). A structured ancestral population could explain the large CoalHMM and TRAILS202

estimates, as falsely assuming panmixia can inflate estimates of population size [24]. Moreover, Aphid [20],203

which provides strong support for human-chimp-gorilla gene flow, estimates the size of the ancestral human-204

chimpanzee population to be of similar size to present day human, chimpanzee and bonobo populations.205

Additionally, chimpanzees and bonobos have been estimated to split cleanly around 2Mya [13], and PSMC206

does not infer a unique peak around this period. Finally, widespread structure in the ancestral populations of207
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humans, chimpanzees/bonobos, and gorillas, may plausibly explain why fossils such as Sahelanthropus from208

this period are hard to assign [54, 55, 56], and as a consequence morphological analyses can not confidently209

determine separation times [57].210

211

We examined the sensitivity of PSMC to various modelling violations such as variation in mutation212

and recombination rates, and selection. It will be useful to incorporate these as extensions to the PSMC213

model, modifying the transition and emission probabilities within the underlying HMM accordingly. Indeed,214

some work has already been done towards this goal [58, 59], and future modification could further address215

slowdown or genomic variability in mutation rate, recombination hotspots, and/or selection, so as to better216

understand the ancient speciation process in primates [17] and indeed other species.217
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[59] Gustavo V. Barroso, Nataša Puzović, and Julien Y Dutheil. Inference of recombination maps from a369

single pair of genomes and its application to ancient samples. PLoS genetics, 15(11):e1008449, 2019.370

[60] Petr Danecek, James K Bonfield, Jennifer Liddle, John Marshall, Valeriu Ohan, Martin O Pollard,371

Andrew Whitwham, Thomas Keane, Shane A McCarthy, Robert M Davies, et al. Twelve years of372

samtools and bcftools. Gigascience, 10(2):giab008, 2021.373

[61] Heng Li, Bob Handsaker, Alec Wysoker, Tim Fennell, Jue Ruan, Nils Homer, Gabor Marth, Goncalo374

Abecasis, Richard Durbin, and 1000 Genome Project Data Processing Subgroup. The sequence align-375

ment/map format and samtools. Bioinformatics, 25(16):2078–2079, 2009.376

[62] Heng Li. A statistical framework for SNP calling, mutation discovery, association mapping and popu-377

lation genetical parameter estimation from sequencing data. Bioinformatics, 27(21):2987–2993, 2011.378
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[76] Hákon Jónsson, Patrick Sulem, Birte Kehr, Snaedis Kristmundsdottir, Florian Zink, Eirikur Hjartar-415

son, Marteinn T Hardarson, Kristjan E Hjorleifsson, Hannes P Eggertsson, Sigurjon Axel Gudjonsson,416

et al. Parental influence on human germline de novo mutations in 1,548 trios from iceland. Nature,417

549(7673):519–522, 2017.418

[77] Wendy SW Wong, Benjamin D Solomon, Dale L Bodian, Prachi Kothiyal, Greg Eley, Kathi C Huddle-419

ston, Robin Baker, Dzung C Thach, Ramaswamy K Iyer, Joseph G Vockley, et al. New observations420

on maternal age effect on germline de novo mutations. Nature communications, 7(1):10486, 2016.421

13

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

The copyright holder for this preprintthis version posted October 19, 2024. ; https://doi.org/10.1101/2024.10.17.618932doi: bioRxiv preprint 

https://doi.org/10.1101/2024.10.17.618932
http://creativecommons.org/licenses/by-nc/4.0/
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5 Methods480

5.1 Processing data481

We took high-coverage whole-genome-sequence cram files for one individual in each of the 26 populations482

from the 1000 Genomes project. These are aligned to GRCh38. The cram files were converted to bam483

and indexed with samtools [60, 61]. The genotype likelihoods were calculated with bcftools mpileup [62]484

by skipping alignments with mapping quality less than 20, skipping bases with base alignment quality485

less than 20, and setting the coefficient for downgrading mapping quality to 50. SNPs were called using486

bcftools and all indels were excluded. Variants were then designated as uncallable if the minimum map-487

ping quality was less than 20, the minimum consensus quality was less than 20, or the coverage was less488

than half or more than double the mean coverage. Finally, we designated all regions in the strict map-489

pability mask for GRCh38 (ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000_490

genomes_project/working/20160622_genome_mask_GRCh38) as uncallable. Uncallable positions491
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are labelled as missing data in the HMM.492

493

We downloaded processed primate data from eichlerlab.gs.washington.edu/greatape/data/494

[16]. We took the VCF files and masked positions according to the given bed files, which described sites495

where coverage was less than 5 and regions that did not pass the quality filters as discussed in their paper.496

After filtering, only 49% of the genome was designated as callable. For the eastern lowland gorilla, we497

arbitrarily chose the individual labelled “Mkubwa”, and for the Nigeria-Cameroon chimpanzee we chose the498

individual labelled “Akwaya Jean”. We note that analysis on other individuals looked similar. For the gorilla499

we used a mutation rate per base pair per generation of 1.43e-08, and a generation time of 19 years; for the500

chimpanzee, a mutation rate per base pair per generation of 1.78e-08 and a generation time of 24 years were501

used [36].502

5.2 Mutation rates and generation times for humans and primates503

In humans we set the generation time as 29 [63] and the mutation rate per generation per base pair as504

µ=1.25e-08 [64, 65, 66, 67, 68, 69, 70]. The rates we set for the other great apes are taken from [39]. In505

chimpanzees and bonobos we set µ=1.78e-08 and generation time equal to 24 years. For Gorillas we set506

µ=1.42e-08 and generation time equal to 19 years. For Orangutans we set µ=2.03e-08 and generation time507

equal to 27.508

5.3 PSMC analysis509

We ran PSMC as embedded in cobraa, www.github.com/trevorcousins/cobraa. We used 64 time510

intervals and enabled the parameters for the effective population size in each to be inferred freely. This511

contrasts the default settings of previous implementations of the algorithm that force adjacent intervals to512

be the same, which has been shown to lead to fitting problems [31]. In the 1000GP data, we fixed the scaled513

mutation rate θ as 0.0008 which is roughly the mean across populations. For the great apes, we fixed the θ514

for gorilas as 0.0014, chimpanzees and bonobos as 0.001, and orangutans as 0.0014. We found that fixing this515

parameter reduces noise in the estimation of ancient N(t), and also forces time interval boundaries across516

individuals to align. The initial value for the ratio of mutation rate to recombination rate was set as 1.5,517

and the recombination rate was set to be inferred as part of the EM algorithm, which was iterated for 30518

iterations. The time interval boundaries are controlled by equation (1) where D is the number of discrete519

time boundaries (we used 64 throughout), and ω and Tmax control the spread of time interval boundaries.520

In Figure 1 we used ω=0.01 and Tmax=50; in Figure A4 we used ω=0.01 and Tmax=150.521

5.4 PSMC decoding522

Using the inferred effective population size parameters, scaled recombination rate, and scaled mutation rate523

(θ=0.0008), we used the PSMC decoding to get a posterior probability of coalescence at every position.524

To calculate the amount of uncoalesced genome over time, we integrated over the full posterior probabil-525

ity (Figure 2). To scale from time in coalescent units (equation (1)) to time in years, we used N=16,000526

(θ = 4Nµ= 0.0008 with µ=1.25e-08) then multiplied coalescent time by 2Nµg, where g is the number of527

years per generations. To get a point estimate from PSMC (Figure 2b), we take the posterior mean at each528

position using the midpoint of the time interval boundaries.529

530
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To calculate the number of ancient non-contiguous segments inferred in different African populations531

(Table 1), we looked for regions where the posterior probability of coalescence as old or older than 2Mya,532

3Mya, or 4Mya, respectively, is greater than 0.9. We then only counted non-contiguous segments, which are533

all segments that are not adjacent.534

5.5 Nonparametric bootstrapping535

For a given individual, for each chromosome, we break the sequence up into segments of 5Mb, then reconstruct536

a new sequence by sampling with replacement from all 5Mb segments. These are then concatenated together537

to form a contiguous sequence, on which PSMC inference is performed using 30 iterations. This procedure538

is repeated 30 times for humans and 30 times for chimps.539

5.6 Relate540

We ran Relate [35] on all samples on the 1000GP for GBP, CHB, and YRI. We randomly selected 10 diploid541

sequences from each population. To calculate the fraction of uncoalesced genome we discretised time into542

intervals of 500 generations and computed a histogram based on Relate’s ARG. The inferred fraction of543

uncoalesced genome at 5Mya was roughly 0.3%, for each sample in each population.544

17

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

The copyright holder for this preprintthis version posted October 19, 2024. ; https://doi.org/10.1101/2024.10.17.618932doi: bioRxiv preprint 

https://doi.org/10.1101/2024.10.17.618932
http://creativecommons.org/licenses/by-nc/4.0/


6 Appendix545

6.1 Figures546
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Figure A1: 30 iterations of block bootstraps on three different humans from the 1000GP project. We chopped
the genome into 5Mb windows, then for each bootstrap we randomly resampled these with replacement.
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Figure A2: The Pearson correlation between inferred TMRCAs, for all pairwise combinations of two popu-
lations from the 1000GP. We calculated these for chromosome 1. To obtain point estimates at each position,
we used the posterior mean. For each possible population pair, we look at positions where population 1
(x-axis) is larger than t and correlate these with the TMRCAs from population 2 (y-axis; note these are not
necessarily larger than t, so the matrices are not symmetric). The value of t for (a), (b), (c), and (d) is
1Mya, 2Mya, 3Mya, and 5Mya, respectively. The average Pearson r2 for (a), (b), (c), and (d) is 0.3, 0.26,
0.21, and 0.11, respectively, and all correlations have p-value<0.05 except for 72 combinations from (d).
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Figure A3: The Relate inferred fraction of uncoalesced genome as a function of time, for 10 diploid samples
in the YRI, GBR and CHB populations from 1000GP.
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Figure A4: Using PSMC on humans with altered time interval boundaries (ω=0.01 and Tmax=150) shows
relatively consistent inference beyond 10Ma. Across African samples, the estimated coalescence rate trajec-
tory up until ∼20Mya has relatively low variance.
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6.2 Analysis of PSMC model violations547

In this section, we analyse the effect of various model mispecifications on the inference from PSMC. We also548

analyse how the inferred coalescence times across the genome associate with various annotations, including549

for example repeat content, distance to coding sequence, strength of background selection, and recombination550

rate.551

6.2.1 Repeats as a cause of artifactual heterozygous signal552
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Figure A5: The relationship between the posterior mean TMRCA and the repeat content ((a)) or segmental
duplications ((b)), on chromosome 1 for one individual from GBR, JPT, and ESN in the 1000GP. (a) The
reported Pearson r2 for each population is 0.73, 0.48, 0.69, with p-value<0.005 for each. The grey, dashed
line indicates the chromosome wide average repeat content. The reported Pearson r2 for GBR and ESN is
not significant, though for JPT it is -0.5 with p-value 0.003.

As noted in previous work [2], false heterozygotes caused by repeated regions or segmental duplications553

may lead to excessively long segments with high heterozygosity, which may lead to an excess of ancient554

coalescent events. To examine whether this might artefactually be creating the observed signal, we analysed555

the fraction of the genome in repeated regions and stratified this by inferred TMRCA. We observed that the556

repeat content increases as a function of TMRCA (regression slope ∼ 2%), and that the effect is significant557

(Pearson’s r2 ≈ 0.63, p-value<0.005; see Methods and Figure A5a). A similar analysis with segmental558

duplications revealed no significant correlation (Figure A5b). We re-ran our analysis with repeated regions559

and segmental duplications masked out, and observed that the ancient peak is still present, although when560

repeats are removed it exhibits less prominence (Figure A6a and Figure A6b, respectively). Thus we conclude561

that repeated regions or segmental duplications are unlikely to be the cause of the ancient peak.562

6.2.2 Variable mutation rate across the genome563

The PSMC model assumes a constant mutation rate throughout the genome, despite ample evidence that564

the mutation rate varies significantly by genomic location [71, 72]. Unfortunately, variation in mutation rates565

across different genomic regions can lead to systematic biases in the estimation of TMRCAs. This is because566
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Figure A6: Running PSMC inference on human samples after masking out repeated regions (a), segmental
duplications (b), and CpG islands (c).

(a) (b)

(c) (d)

Figure A7: PSMC inference on simulations with a mutation rate that varies across the genome. The mutation
rate changes at disjoint intervals, whose length is exponentially distributed with rate L. In each interval, the
mutation rate is drawn from gamma distribution with mean 1.25e-08 and a coefficient of variation v. The
red, pink and purple lines show inference from PSMC on a simulation where the mutation rate varies, and
the gold lines show inference from PSMC on a simulation where the mutation rate is constant. (a) and (c)
v = 0.25 and L =10kb. (b) and (d) v = 0.15 and L=10kb (red), 100kb (pink), and 1Mb (purple).
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regions with faster mutation rates will have more mutations than otherwise, which PSMC will interpret as567

coming from a more ancient TMRCA, and vice versa. Consequently, overestimation and underestimation of568

TMRCAs can occur, which can confound efforts to infer accurate evolutionary histories.569

570

To test this effect, we performed a series of simulations of a spatially varying mutation rate that changes571

according to a gamma distribution, in line with the models proposed in [73]. We generated a mutation572

rate map as follows. First, we divided the genome into disjoint intervals, whose length is exponentially573

distributed according to a rate parameter, L. Then, for each interval, we drew a mutation rate from a574

gamma distribution whose mean is fixed to be 1.25e-08 [64, 65, 66, 67, 68, 69] with a coefficient of vari-575

ation, v. We simulated over L ∈ {10kb,100kb,1Mb} and v ∈ {0.15,0.25}. We simulated diploid genomes576

according to a coarse piecewise population size trajectory using msprime [74], then generated pointwise577

mutations according to the mutation rate map. We generated 5 replicates of this simulation and then in-578

ferred the population size history using PSMC. Finally, as a control, we generated an additional 5 replicates579

using the same procedure, but with a constant mutation rate of 1.25e-08, and infer N(t) using PSMC as well.580

581

This simulation study shows that if the variation in mutation rate is strong enough (v=0.15), and the582

rate of change along the genome is fast enough (L=10kb), PSMC detects a spurious peak in ancient time583

(Figure A7a). However, we note that qualitatively, the false peaks across different replicates seem to vary584

more in location and height than in the human inference, for which the ancient peaks are well aligned (Figure585

1a). Additionally, this simulation used v=0.25, which is larger than mutation rate model fitted by [73] for586

the datasets in [75, 76] (0.18 and 0.15, respectively) but smaller than in [77] (0.27). In a simulation with587

v=0.15, we do not consistently observe a second peak (Figure A7b) for any value of L. In a simulation with588

lower ancient N(t), v=0.25 does generate an artificial inflation of ancient N(t), but not a discernible peak589

(Figure A7c). A simulation with v = 0.15 and L=1Mb again can generate a false peak, though it is not590

consistent across replicates (purple line, Figure A7d); L=10kb or L=100kb with v=0.15 does not seem to591

have much of an effect as the inference is similar to the constant mutation rate inference.592

593

If the ancient peak was an artefact caused by variable mutation rates, we would expect to see a correlation594

between the mutation rate and the inferred TMRCA. To test this, we used de-novo mutation abundance595

counts obtained from trios [78] to generate a pointwise mutation rate map that depends on the local trinu-596

cleotide context (see Methods). The generated mutation map is positively correlated with SNP density as597

reported in 1000GP’s dbSNP (r2=0.09, p-value<1e-100, averaged across non-overlapping windows of 100bp),598

indicating positions with higher inferred rates have an elevated probability of mutations. We compared the599

variable mutation rates with the maximum inferred TMRCA across the 26 individuals in 1000GP, evaluated600

every 1kb. We observed a statistically insignificant Pearson’s correlation (r=0.002, p-value=0.29) and a sig-601

nificant negative Spearman’s correlation (rho=-0.04, p-value=3.7e-93) between TMRCA and mutation rate602

map. This suggests variable mutation rates do not play a significant role in causing the ancient peak.603

604

Finally, we explored the role of CpG islands in affecting N(t) inference. CpG islands are regions of605

DNA characterised by a high frequency of cytosine-guanine dinucleotides. They are often found near the606

transcription start site of genes and are associated with gene regulation. Due to their regulatory role, CpG607

islands have fewer mutations than expected by their high GC content, and therefore may contribute to608

mutation rate variability along the genome. The fraction of the genome in a CpG island is 0.007, and we609
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Figure A8: The correlation between the posterior mean TMRCA and the fraction of regions in a CpG island,
on chromosome 1 for one individual from GBR, JPT, and ESN in the 1000GP. The Pearson r2 and p-value
are shown in the legend, although the relationship appears to be non-linear, and dominated by noise in
ancient TMRCA bins. The dashed line indicates the genome-wide fraction of regions in a CpG island.

stratify this by inferred TMRCA in Figure A8. The relationship between the two variables is unclear, so to610

test the effect on inference we masked out CpG islands and inferred N(t). We still observed an ancient peak611

(Figure A6c), and thus concluded that CpG islands are not its cause.612

6.2.3 Variable mutation rate through time613

The PSMC model also assumes a constant mutation rate across past generations. While this is a sufficient614

approximation to allow inference in the last ∼50kya [26], it may not hold in more ancient times. In [26],615

the authors show that by using a yearly mutation rate of 0.38e-09 to 0.49e-09, the PSMC curves of modern616

humans and a 45,000-year-old individual from Siberia are well aligned. Assuming a generation time of 30617

years, this indicates that a per generation rate of 1.25e-08 is relatively stable in the last ∼50kya. Indeed, it618

has been suggested that the mutation rate has changed over the course of human evolution, also referred to619

as the “hominoid rate slowdown” [36, 37, 38, 39]. This is based on the observation that the yearly mutation620

rate estimated from human pedigree studies is almost half the rate inferred by considering observed differ-621

ences between human and chimpanzee genomes. The effect of a possible slowdown on PSMC estimates is622

unclear.623

624

To this end, we simulated 10 replicates of a diploid genome, arising from a constant population size, and625

a mutation rate that is fixed at 2.5e-08 at 10Mya then decreases to 1.25e-8 at present time (Figure A9a). To626

simulate a temporally changing mutation rate, we discretised time into D=64 segments with 65 time interval627

boundaries, τ = [τ1, . . . , τ64], where628

τi = ωexp

(
i

D
log

(
1 +

Tmax

ω

)
− 1

)
(1)

and the changes in mutation rate are piecewise constant in these intervals, µ = [µ1, . . . , µ64]. We simulate the629

coalescent process using msprime [74] with Hudson’s model of recombination [79], then utilise the memoryless630
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Figure A9: PSMC inference on simulations with a mutation rate that varies through time. (a) The mutation
rate model, µ(t): at 10Mya the mutation rate is 2.5e-08, then it slows down to 1.25e-08 at present. (b)
Inference from PSMC on a simulation with constant population size, where the mutation rate changes
through time according to the model in (a) in red, and a constant mutation rate (1.25e-8) in gold. (c) The
same simulation as in (b) but with a population undergoing size changes. (d) and (e) are the same as (b)
and (c), respectively, although the inferred N(t) on the simulation with a varying mutation rate (red) has
been multiplied through by µ(t) (red line in (a)).

property of the exponential distribution to add mutations at each position. With a coalescence time of t631

where τi ≤ t < τi+1, the probability of a mutation arising on either lineage is:632

P (Mutation arises|t) = 1− exp

−4N

i−1∑
j=1

µj∆j − µi(t− τi)

 (2)

where ∆j = τj+1 − τj .633

634

We used PSMC to infer an N(t) curve, and compared the results to N(t) curves inferred from simulations635

with a fixed mutation rate of 1.25e-8. We observed that PSMC infers an increasingly inflated N(t) in ancient636

times (Figure A9b). With the same mutation model, we also simulated changes in N(t) similar to that as637
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Figure A10: Inference from PSMC when its model of recombination is violated. (a) In a simulation with
constant recombination rate ρ, we deliberately fixed the recombination rate used by the PSMC algorithm
ρ̂ at an incorrect value. The black line indicated the simulated N(t) and the coloured lines indicate the
various values of ρ̂, which are expressed relative to the simulated value. (b) and (c) Inference from PSMC
on simulations with changes in the recombination rate according to HapMap (red lines) and a constant
recombination rate (gold lines).

inferred in the ESN (Figure 1). Again, we observe the inference of N(t) from PSMC is increasingly inflated638

in ancient times, though the general shape of the trajectory is recovered (Figure A9c). We note that if the639

changes in mutation rate are known, we can simply scale the inference appropriately to correct the error640

(Figure A9d and e). Even though changes in the mutation rate over time can affect the estimation of N(t),641

it is unlikely that the observed ancient peak in humans is due to this, as producing a peak as an artefact642

of changing mutation rates would require several rapid and severe mutation rate fluctuations, which seems643

unlikely. We conclude that mutation rate variation through time is not a likely cause of an ancient peak, and644

note that this may explain the differences in ancient N(t) magnitudes in humans and chimpanzees (Figures645

1a and b).646

6.2.4 Variable recombination rate across the genome647

The PSMC model also assumes a constant recombination rate across the genome, and uniformly through all648

past generations. However, recombination rate varies along the genome, with high rates at recombination649

hotspots and lower rates in different regions [80, 81, 42, 43, 44]. Looking back in time, the landscape of650
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Figure A11: The relationship between the posterior mean TMRCA and the HapMap recombination rate
map, on chromosome 1 for one individual from GBR, JPT, and ESN in the 1000GP. The reported Pearson
r2 for each population is 0.45, 0.41, and 0.50, with p-value<0.02 for each. However, clearly the relationship
is non-linear; it appears that recombination rate increases as does TMRCA up until ∼2Mya, after which
they become negatively correlated. This may come from model violations, in that PSMC assumes a uniform
rate of recombination, or that the recombination landscape changes over time [82]. The grey, dashed line
indicates the chromosome wide average recombination rate.

recombination is known to transform every few hundred thousand years [82, 83, 84, 85]. It is thus unclear651

how recombination rate variation affects N(t) inference.652

653

Previous work [2] has demonstrated that N(t) inference in PSMC is robust even under simulations654

including recombination hotspots. As additional confirmation, we tested the effect of mis-specifying the655

recombination rate. Denote the simulated scaled recombination rate as ρ; we fix PSMC’s recombination656

rate ρ̂ as 0.2ρ, 0.5ρ, 1ρ, 2ρ, or 5ρ, and infer N(t) (Figure A10a). We observed that PSMC is able to recover657

N(t) relatively accurately for all values of the recombination rate except ρ̂/ρ equal to 5. Finally, we saw658

a significant correlation between the local recombination probability (genetic map taken from HapMap [86,659

87]; downloaded from https://alkesgroup.broadinstitute.org/Eagle/) and inferred TMRCAs660

(Figure A11), though the relationship appears to be non-linear. We investigated this by simulating from661

this genetic map, and inferring an N(t) curve assuming a constant recombination rate. We observed that662

this type of model mis-specification does not significantly alter inference (Figure A10b and A10c). Given663

these observations, we believe it is unlikely that a spatially varying recombination rate could generate a fake664

ancient peak.665

6.2.5 Recurrent mutations666

PSMC assumes an infinite sites model, in which a site can only experience one mutation. In reality, some667

ancient sites will have experienced recurrent mutations. Under a Jukes-Cantor model of mutation [88], which668

assumes that each base pair mutates with uniform probability to another, with probability 1/3 a recurrent669

mutation will be revert to its ancestral state. These will be observed as a homozygote and therefore may be670

inferred as a lower TMRCA by PSMC. With probability 2/3 a recurrent mutation induces a distinct biallelic671

SNP, which is observed as a heterozygote. These biallelic SNPs will appear to PSMC as a younger TMRCA,672
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Figure A12: The relationship between the posterior mean TMRCA and a high resolution map of background
selection [46], on chromosome 1 for one individual from GBR, JPT, and ESN in the 1000GP. The reported
Pearson r2 for each population is 0.67, 0.67, and 0.75, with p-value<1.3e-5 for each. In general this suggests
that B value increases with TMRCA (a linear line of best fit has been added to show this), though the
relationship appears to be non-linear. The grey, dashed line indicates the chromosome wide average B value.

so it is unlikely that these will significantly affect inference of ancient N(t). Moreover, it is generally a whole673

region of a chromosome that is informative about local TMRCA, rather than a single base pair. If a segment674

is old enough to experience a recurrent mutation, then there are likely many other neighbouring SNPs from675

which the TMRCA can be accurately inferred.676

677

Indeed, in almost all the simulations previously presented a Jukes-Cantor model [88] was used to generate678

mutations, in which recurrent mutations are allowed to occur. Generally, in simulations with uniform µ in679

time and space, we observe that inference of ancient N(t) is reasonably accurate in ancient time (Figures680

A7, A9, and A10).681

6.2.6 Background selection682

Background selection (BGS) is a form of linked selection, where the removal of deleterious mutations reduces683

genetic diversity in the surrounding regions due to linkage [89, 90]. It has been demonstrated that BGS is684

pervasive throughout the human genome, and that this explains roughly 60% of the variance in diversity at685

the megabase scale [45, 46]. Many inference methods, however, assume that the genome evolves neutrally.686

This is problematic, as it has been shown that wrongly assuming the absence of selection means that infer-687

ence methods are not able to accurately reconstruct the demographic history [47, 49, 48].688

689

We correlated the inferred TMRCAs against a high resolution map that describes the strength of BGS690

across the human genome [46]. We saw a significant positive correlation (Pearson r2 ≈ 0.7, p-value<1e-5;691

Figure A12), which is consistent with models of BGS that model regions under strong linked selection as692

having lower effective population size [90]. To explore the effect of BGS on inference of N(t) in real data,693

the authors in [58] binned the genome of 10 YRI individuals into quintiles according the strength of BGS694

and ran PSMC in each (reproduced in Figure A13). In all quintiles except the one with strongest BGS, a695

clear second peak is seen in ancient time. The peak is not seen in the strongest BGS quintile likely because696
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Figure A13: PSMC inference of N(t) in 10 YRI individuals from the 1000GP project, stratified into quintiles
according to the strength of BGS (as inferred by [46]). B values indicate the local strength of BGS, with 1
being no reduction in genetic diversity due to selection and 0 being full removal of genetic diversity. This
figure is reproduced with permission from [58].
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Figure A14: The relationship between the posterior mean TMRCA and mean distance to coding sequence
(CDS), on chromosome 1 for one individual from GBR, JPT, and ESN in the 1000GP. The reported Pearson
r2 for each population is 0.63, 0.67, and 0.83, with p-value<0.0001 for each. In general this suggests that
dcCDS increases with TMRCA (a linear line of best fit has been added to show this), although the relationship
appears reversed from ∼3Mya to ∼4.5Ma. The grey, dashed line indicates the chromosome wide average
distance to CDS.

all of the input sequence has already coalesced. In none of the simulations with realistic parameters of BGS,697

as shown in [48, 91, 58, 92], does PSMC infer infer a false ancient peak. We thus find it implausible that698

widespread BGS could generate an ancient peak as observed in humans.699

6.2.7 Balancing selection700

Balancing selection (BLS) is a type of natural selection that maintains genetic diversity in a population by701

favouring the maintenance of multiple alleles. This type of selection can occur through various mechanisms,702

such as heterozygote advantage, frequency-dependent selection, or spatially varying selection [93]. BLS oper-703
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ating for a long time period will maintain advantageous polymorphism and result in an older TMRCA than704

expected under neutrality. Therefore, if BLS were sufficiently prevalent in the genome, this would manifest705

as enrichment of older coalescence times, which would increase inferred N(t) in the past.706

707

The prevalence of BLS in the human genome is unclear. Initially considered a rarity [94, 95] and over-708

looked, balanced polymorphisms have recently received renewed attention with several lines of evidence709

showing their relevance in human evolution [96, 97, 98]. Recently, hundreds of loci were implicated in possi-710

ble trans-species BLS, maintained since earlier than human-chimpanzee speciation [99]. By finding regions711

of ancient shared ancestry across 54 individuals from Complete Genomics [100], in [101] the authors suggest712

numerous regions that are under BLS. We calculated the correlation between inferred TMRCAs and distance713

to coding sequence (CDS), and found that ancient TMRCAs tend to be increasingly far away from CDS714

(Figure A14; Pearson r2 ≈ 0.71, p-value<0.0001). As BLS usually acts on or near functionally important715

parts of the genome, this makes it unlikely that the ancient TMRCAs underlying our ancient peak are driven716

by BLS and that this is the cause of the ancient peak.717

6.3 Methods718

6.3.1 Correlations with annotations719

We downloaded the the tracks for repeats, segmental duplications, and CpG islands from the UCSC Genome720

Browser https://genome.ucsc.edu/cgi-bin/hgTables [102]. The positions of coding sequence were721

obtained from Gencode ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_45/722

gencode.v45.chr_patch_hapl_scaff.basic.annotation.gff3.gz. We used the B-map as in-723

ferred by Murphy et al. [46] and lifted over from GRCh37 to GRCh38 [102].724

725

We took the posterior mean TMRCA across chromosome 1 for the 26 1000GP samples. We stratified726

the TMRCAs into windows of 250kya and analysed how various functional annotations correspond to these727

TMRCA windows, and ensured that positions in the analysis passed the strict mappability mask.728
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