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Abstract
The rhesus macaque (Macaca mulatta) is one of the most widely used animal models in biomedical research, both as it 
resembles humans in key biological aspects and as it is characterized by a broad geographic range. Most of the 
individuals housed in U.S. research colonies have been sampled from either China or India, though notably the source 
population of these animals has significantly shifted over time. Given the substantial genetic and immunological 
differences between these populations, a deeper understanding of the underlying population structure is critically 
important for biomedical interpretation. Despite this, the demographic histories of these two populations remain poorly 
resolved. Here, we present an analysis of whole-genome PacBio HiFi long-read sequencing data from ten unrelated 
individuals of each population, applying four related model- and nonmodel based demographic inference approaches, in 
order to reconstruct their ancestral history. We evaluated the fit of the subsequently estimated models against the 
empirical data and incorporated underlying uncertainty in the mutation rates used for scaling. We inferred a well-fitting 
population history characterized by substantial structure between Chinese and Indian populations, with a split time of 
∼140,000 generations ago from an ancestral population of ∼65,000 individuals. We additionally inferred the subsequent 
history of size change within, and gene flow between, these populations, reaching the current estimated sizes of 
∼220,000 individuals in the Chinese population and ∼14,000 individuals in the Indian population. The robust baseline 
demographic model established in this study will serve as a valuable resource for future research on this species, 
including for improved fine-scale recombination mapping, selection inference, and association studies.
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Introduction
Rhesus macaques (Macaca mulatta)—cercopithecoids with the 
largest natural geographic range of any nonhuman primate— 
are found from western India and Pakistan to the Pacific coast 
of China, and south into Vietnam and Thailand (Groves 2001). 
Previous inference has suggested a common ancestor with hu
mans roughly 25–35 million years ago (Kumar and Hedges 
1998; Perelman et al. 2011; Chintalapati and Moorjani 2020), 
and they have long been noted in the biomedical literature for 
their similarity to humans in key physiological and neurological 
traits as well as in their susceptibility to infectious and metabolic 
diseases (Rogers 2022). Owing to this resemblance to humans 
and widespread distribution, rhesus macaques are among the 
most extensively studied and utilized primate species in research 

(Rogers 2022). For example, they continue to serve as primary 
animal models for addressing fundamental questions in develop
mental psychology and social behavior, and are widely used in 
studies of infectious diseases, including HIV-AIDS (Liang et al. 
2019), tuberculosis (Sharan et al. 2020), and more recently 
SARS-CoV-2 and COVID-19 (Klasse et al. 2021).

Despite this focus, numerous open questions remain pertain
ing to the underlying population structure and demographic dy
namics of the species (Zhou et al. 2024; Terbot et al. 2025b). For 
example, the nature and degree of population subdivision across 
the rhesus macaque range continues to be the subject of debate. 
Early studies based on morphological measurements and pelage 
coloration proposed the existence of multiple subspecies, with 
suggestions of up to six putative subspecies in mainland China 
alone (Jiang et al. 1991). Subsequent work based on both 
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mitochondrial (Zhang and Shi 1993) and nuclear (Liu et al. 2018) 
DNA largely supported this subdivision; however, more recent 
work opposes this claim, with results instead suggesting a single, 
interbreeding population within China, characterized by a popu
lation size change history closely linked to historical glaciation 
patterns (Terbot et al. 2025b). In contrast, comparisons between 
Indian- and Chinese-origin rhesus macaques have consistently 
revealed significant genetic divergence, with morphometric 
and genetic evidence supporting the existence of two distinct 
populations (Clarke and O’Neil 1999; Smith and McDonough 
2005; Ferguson et al. 2007; Zhou et al. 2024). Specifically, previ
ous genomic studies have suggested minimal gene flow between 
Chinese and Indian populations over the past 0.16 million years 
(Hernandez et al. 2007), and a mean FST value of 0.14 has been 
reported between the two groups (Cooper et al. 2022). This popu
lation structuring has also been supported by recent work iden
tifying numerous population-specific structural variants (Maruki 
et al. 2026). Notably, this structuring also has important practical 
implications for biomedical studies, as the origins of the individ
uals commonly used in research have shifted over time. 
Specifically, India, which had been the primary source of the pop
ulations utilized in research in the United States, suspended ex
ports in 1978. After this time, research facilities began importing 
more heavily from China (Cooper et al. 2022), thus altering the 
composition of the colonies, which to date are largely main
tained through domestic breeding.

Key behavioral and phenotypic differences have been described 
between these populations, with comparative research on individ
uals of Indian- and Chinese-origin having expanded along with the 
accompanying growth in genomic resources over the past two 
decades. These studies have sought to characterize the extent to 
which functional genetic variation impacts physiology, immun
ology, and behavior (Cooper et al. 2022), with a particular focus 
on population-specific differences in disease pathogenesis, blood 
chemistry, the major histocompatibility complex, as well as gen
eral aspects of behavior and temperament (Champoux et al. 
1994, 1996; Binhua et al. 2002; Ma et al. 2009; Jiang et al. 2013). 
At the same time, comparatively little research has been done to 
infer the underlying demographic dynamics characterizing the 
Indian and Chinese populations, despite the importance of this 
knowledge for the biological interpretation of genome-wide asso
ciation and genotype-to-phenotype studies. Early work based 
upon 1,476 single nucleotide polymorphisms (SNPs) suggested a 
divergence time of 162,000 years (Hernandez et al. 2007), while re
cent whole-genome sequencing and alternative inference frame
works have reached broadly similar conclusions but with 
considerable uncertainty (Xue et al. 2016; Zhou et al. 2024). More 
generally, these existing studies differ in the markers, models, 
and analytical approaches used, resulting in an incomplete or in
consistent understanding of the history of the two populations, 
and have yet to propose a well-fitting demographic history encom
passing population splits, size changes, and historical gene flow.

In order to better illuminate the demographic dynamics of this 
widely-studied species, we have utilized newly generated, whole- 
genome, high-fidelity, long-read sequencing data from 20 unre
lated individuals (ten Chinese-origin and ten Indian-origin) to 
firstly quantify patterns of genetic diversity at putatively neutral, 
intergenic regions of the genome. Using these data, we evaluated 
levels of population structure and inferred population-specific 
demographic histories, based upon observed levels and patterns 

of within- and between-population variation. To provide a com
prehensive assessment, we employed several commonly used 
model-free (MSMC2 [Schiffels and Durbin 2014; Wang et al. 
2020a] and Stairway Plot2 [Liu and Fu 2020]) and model-based 
(fastsimcoal2 [Excoffier et al. 2013, 2021; Marchi et al. 2024] 
and δaδi [Gutenkunst et al. 2009]) approaches. To assess the fit 
of the resulting inference to the empirical data, we used simula
tion to compare expected versus observed levels and patterns of 
variation. Finally, we re-estimated model parameters under al
ternative mutation rates (Spatola et al. 2026) in order to account 
for underlying uncertainty in these scaling assumptions. Results 
suggest that the two populations likely diverged approximately 
∼140,000 generations ago, and subsequently experienced 
unique size change histories, reaching current population sizes 
of ∼220,000 and ∼14,000 individuals for the Chinese and Indian 
populations, respectively. The correspondingly inferred demo
graphic dynamics fit all assessed aspects of the empirical data, 
and this inference thus additionally provides a necessary compo
nent of a neutral baseline model for future genomic studies ran
ging from conducting selection inference to quantifying 
mutational spectra to performing genome-wide association 
studies (Crisci et al. 2012; Johri et al. 2022a,b; Jensen 2023; 
Ghafoor et al. 2023; Soni and Jensen 2024; Soni et al. 2025a, 
2026; Terbot et al. 2025b).

Materials and methods
Animal subjects
Rhesus macaques were housed in indoor or outdoor social hous
ing at the Oregon National Primate Research Center (ONPRC). All 
husbandry practices are conducted in accordance with federal 
guidelines and regulations as stated in the National Institutes 
of Health Guide for the Care and Use of Laboratory Animals. 
ONPRC is accredited by the Association for Assessment and 
Accreditation of Laboratory Animal Care, International. Buffy 
coat samples were previously collected and stored under 
Oregon Health and Science University (OHSU) IACUC protocol 
#IP00000367.

Samples and sequencing
We isolated high molecular weight DNA from buffy coat samples 
of 20 unrelated rhesus macaque (M. mulatta) individuals from the 
research colony maintained at the Oregon National Primate 
Research Center. Of the 20 individuals, ten were of Chinese origin 
and ten of Indian origin. For each sample, we fragmented the 
DNA to an approximate size range of 10–20 kb using a 
Megaruptor 3 (Diagenode, Liège, Belgium), purified the sheared 
DNA with SMRTbell cleanup beads, and generated sequencing li
braries using the SMRTbell Prep Kit 3.0. We then performed size 
selection on a Pippin HT system (Sage Science, Beverly, MA, 
United States) with an S1 marker targeting fragments between 
10 and 25 kb. We quantified the libraries for each sample using 
a Qubit HS assay (Invitrogen, Carlsbad, CA, United States) and as
sessed their fragment size distributions on a Femto Pulse system 
(Agilent, Santa Clara, CA, United States) before preparing them 
for sequencing with the PacBio Sequel II Sequencing Kit 3.1 
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configured for HiFi sequencing. Afterward, we loaded the librar
ies onto Revio SMRT Cells and sequenced them in CCS mode with 
24-hour movie times.

Variant calling
To avoid artifacts, we converted the raw PacBio HiFi reads to 
FASTQ format using the bam2fastq function implemented in 
pbtk v.3.4.0 (https://github.com/PacificBiosciences/pbtk) and 
discarded any reads shorter than 1 kb or containing more than 
40% of bases below a Phred-scaled quality score of 20 using 
fastplong v.0.2.0 (Chen et al. 2018; Chen 2023) with the “-l 1000 
-u 40 -q 20” parameters. We then mapped the quality-controlled 
reads to the soft-masked rhesus macaque genome assembly 
(rheMac10; GenBank assembly: GCA_003339765.3; Warren et al. 
2020) using minimap2 v.2.26 (Li 2018). We called variants in 
each individual using the GPU-accelerated version of 
DeepVariant v.1.6.1 (Poplin et al. 2018) embedded within the 
NVIDIA Parabricks software suite v.4.4.0-1 (O’Connell et al. 
2023) and then combined the individual call sets to jointly geno
type variants using GLnexus v.1.4.1 (Yun et al. 2020). We subse
quently phased this call set using WhatsHap v.2.3 (Martin et al. 
2016).

In order to investigate the genetic structuring between the 
Chinese and Indian rhesus macaque populations included in 
this study and two closely-related macaque (sub-)species previ
ously suggested to be derived from the Chinese rhesus macaque 
population, we downloaded publicly available whole-genome 
short-read sequencing data for M. fuscata from several geograph
ic regions across Japan (NCBI BioProject: PRJDB15581; 
Higashino et al. 2025) and from a single M. cyclopsis individual 
(NCBI BioProject: PRJNA559050; Chiu et al. 2023) using the SRA 
Toolkit v.3.2.1 prefetch and fasterq-dump commands (https:// 
github.com/ncbi/sra-tools). We mapped the reads to the rhesus 
macaque genome assembly using NVIDIA Parabricks fq2bam 
v.4.4.0-1 (O’Connell et al. 2023), a GPU-accelerated wrapper for 
BWA-MEM (Li 2013), and used the Genome Analysis Toolkit 
(GATK) HaplotypeCaller v.4.2.6.1 (van der Auwera and O’Connor 
2020) to identify variants in each sample from high-quality map
pings (--minimum-mapping-quality 40), thereby correcting for po
tential PCR errors that can lead to spurious variant calls 
(--pcr-indel-model HOSTILE). We combined the individual call 
sets using CombineGVCFs, jointly genotyped the M. fuscata and 
M. cyclopsis samples using GenotypeGVCFs, and limited the data
set to biallelic SNPs with genotype information available in all 
samples using SelectVariants. Afterward, we combined this data
set with the variants discovered in the Chinese and Indian rhesus 
macaque populations of this study using BCFtools merge v.1.14 
(Danecek et al. 2021) and re-genotyped variants across all sam
ples using the pangenome graph genotyper GraphTyper2 
v.2.7.2 (Eggertsson et al. 2019).

Putatively neutral regions
We limited the variant datasets to putatively neutrally evolving 
regions to circumvent the confounding effects of both direct 
purifying selection and background selection (see Soni et al. 
2025b,c,d). For this purpose, we used the rheMac10 annotations 
(Warren et al. 2020), consisting of 40,304 protein-coding genes, to 

mask sites overlapping within 10 kb of exons, following recom
mendations of Johri and colleagues (2020, 2023) in generating 
an evolutionary null model. Masking these neutral flanking re
gions was necessary to account for the effects of selection at 
linked sites, which have been shown to bias demographic infer
ence (Ewing and Jensen 2014, 2016; Johri et al. 2020, 2021; 
Charlesworth and Jensen 2021, 2024; and see Johri et al. 
2022b), with a masking of 10 kb flanking functional regions pre
viously shown to be conservative for primate-like effective popu
lation sizes (Ne), functional densities, mutation rates, and 
recombination rates (Johri et al. 2021). To further account for 
additional regions in the rhesus macaque genome experiencing 
purifying selection, we excluded any sites located within 
primate-constrained sequence elements previously identified 
across 239 species (Kuderna et al. 2024). Finally, we limited our 
analyses to genomic regions for which sequencing data were 
available for all 20 individuals included in this study. To this 
end, we generated an accessibility mask using the genomecov 
function in BEDTools v.2.30.0 (Quinlan and Hall 2010) that ex
cludes any sites covered by fewer than two long reads per 
individual.

Population structure analysis
We assessed population structure within our sampled individuals 
as the first step in inferring the demographic history of the Indian 
and Chinese rhesus macaque populations. We examined individ
ual admixture proportions using ADMIXTURE v.1.3.0 (Alexander 
et al. 2009) across a range of K values from 1 to 5, where the 
K value represents the number of ancestral populations. 
ADMIXTURE analysis was performed on putatively neutral sites, 
with all 20 autosomes analyzed jointly. To generate input files 
for ADMIXTURE, we converted the VCF to a binary PED (BED) 
file using PLINK v.1.9.0 (Purcell et al. 2007; Chang et al. 2015). 
ADMIXTURE was run with default cross-validation enabled 
(--cv), and the optimal K was determined as the value with the 
lowest cross-validation error (CVE). To further evaluate sample 
clustering, we performed a principal component analysis (PCA) 
using PLINK, including both M. cyclopsis and M. fuscata popula
tions. We subsequently assessed genetic differentiation between 
Chinese and Indian rhesus macaque populations, as well as be
tween M. fuscata and either the Chinese or Indian rhesus ma
caque population, by estimating genome-wide Weir and 
Cockerham’s weighted FST using VCFtools v.0.1.14 (Danecek 
et al. 2011). Note that no FST values were calculated between 
M. cyclopsis and the two M. mulatta sub-populations given that 
the former included only a single individual.

Demographic inference
We applied two model-free approaches—MSMC2 (Schiffels and 
Durbin 2014; Wang et al. 2020a) and Stairway Plot2 (Liu and Fu 
2020)—and two model-based approaches—fastsimcoal2 
(Excoffier et al. 2013, 2021; Marchi et al. 2024) and δaδi 
(Gutenkunst et al. 2009)—to infer the population histories of 
the Indian and Chinese rhesus macaque populations. For the 
demographic inference methods that require the site frequency 
spectrum (SFS) as input, we generated folded SFS from the 
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sequence data for each population and a joint SFS for both 
populations using easySFS v.0.0.1 (https://github.com/ 
isaacovercast/easySFS). We initially assumed a species-specific 
per-generation mutation rate of 0.58 × 10−8 per site based on dir
ect estimation from four pedigrees consisting of 32 individuals 
(Wang et al. 2020b; though see the section “Accounting for uncer
tainty in mutation rates” below), and a recombination rate of 
0.448 cM/Mb based on a high-resolution genetic map constructed 
from ∼18 million SNPs with a density of ∼7 markers per kb across 
the autosomes (Xue et al. 2020). Further, while rhesus macaques 
reach sexual maturity at ∼3 years of age in both males and fe
males (Dixson and Nevison 1997; Zehr et al. 2005), field studies 
have indicated that reproduction begins at ∼6 years, male repro
ductive success peaks between 8 and 11 years (Widdig et al. 2004; 
Dubuc et al. 2014), and the median age at birth is ∼11 years (Xue 
et al. 2016). We thus follow a large number of previous studies in 
taking a generation time of 11 years to be representative in our 
demographic scaling (e.g. Xue et al. 2016; Liu et al. 2018; Wang 
et al. 2020b; Bergeron et al. 2021; Terbot et al. 2025b).

Demographic inference using MSMC2
We first estimated the demographic history of the Chinese and 
Indian rhesus macaque populations using MSMC2 v.2.1.4. In 
brief, we used the Perl script vcf2multihetsep-v0.04.pl (Terbot 
et al. 2025a) to generate MSMC2 input files that contained infor
mation on the location of putatively neutral variant sites (-use) 
and accessible invariant sites (-call) across the genome. Using 
these input files, and following the population assignment sug
gested by ADMIXTURE, we inferred the demographic history for 
each rhesus macaque population in MSMC2 based on all haplo
types (20 per population) and the default time-segment pattern 
(-p 1*2 + 25*1 + 1*2 + 1*3).

Demographic inference using Stairway 
Plot2
We applied Stairway Plot v.2.0b to infer past changes in the ef
fective population sizes (Ne) of the Indian and Chinese rhesus ma
caque populations. The Stairway Plot approach assumes an 
underlying coalescent history for a single panmictic population 
under an infinite sites model and allows step-wise population 
size changes. We randomly selected 67% of all SNPs to construct 
a training SFS for each replicate (pct_training = 0.67) and al
lowed 200 re-samplings from the SFS (ninput = 200). We selected 
breakpoints following the suggestions in the Stairway Plot2 man
ual, i.e. at n/4, n/2, n*¾ and n-2, with n indicating the sample size 
(nrand = 5, 9, 14, 18), and performed analyses separately for each 
population, including all individuals (10 per population). The me
dian of 200 inferred Ne curves was taken as the representative 
demographic history for that population and uncertainty was 
summarized using the 2.5th and 97.5th percentiles.

Demographic inference using fastsimcoal2
To further explore the size-change history, we used fastsimcoal2 
v.2.8 with the joint SFS generated from easySFS as input. We 

defined a total of 13 demographic models for fastsimcoal2 based 
on information obtained from the population-structure analyses. 
Models were categorized into four groups: simple split with no 
size change (M1), two-epoch variable rate migration models with 
no size change (M2), one size-change model with variable rate mi
gration (M3), and models with different size-change timing for the 
Chinese and Indian populations (M4), with each model group con
sisting of different migration scenarios (see Figure S1 for detailed 
model information). Across the models, we used the following 
parameters: the ancestral population size (Nanc), the current 
Chinese population size (NCH), the current Indian population 
size (NIN), the time of the split of the two populations (TDIV), the 
time of the size change for both populations for M3 models 
(TS), the time of the size change for the Chinese population in 
M4 models (TCH), the time of the size change for the Indian popu
lation in M4 models (TIN), the Chinese population size before the 
size change at TS or TCH (N1), the Indian population size before the 
size change at TS or TIN (N2), the time of the migration change for 
M2 models (TM), and three different migration matrices for differ
ent migration time points (m1, m2, m3). The migration matrices 
consist of migration rates from the Chinese to the Indian popula
tion (MCh2In) and from the Indian to the Chinese population 
(MIn2Ch).

We assigned all parameters log-uniform priors across the mod
els, with effective population sizes (Nanc, NCH, NIN, N1, N2) ranging 
from 103 to 107, migration rates in the migration matrices (m1, 
m2, m3) ranging from 10−7 to 0.01, and the split time (TDIV) ran
ging from 103 to 107 generations. We kept all other time param
eters (TS, TM, TCH, TIN) between (1-TDIV) generations. We simulated 
250 replicates of each model in fastsimcoal2 with the following 
parameter settings: -n 150,000 (the number of coalescent simula
tions to perform per replicate), -L 100 (the number of expectation 
maximization cycles), -M (performs parameter estimation by 
maximum composite likelihood from the SFS), -m (computes 
the SFS for the minor allele for each population sample and for 
the joint SFS for two populations), and -y 3 (resets parameters 
after three cycles without likelihood improvement). We identified 
the best-supported model and the parameter combinations for 
each model group based on the maximum likelihood and the 
minimum difference between the maximum observed likelihood 
(MaxObsLhood) and the maximum estimated likelihood 
(MaxEstLhood).

Demographic inference using δaδi
We applied δaδi to further validate the demographic estimates 
for the two rhesus macaque populations. We first performed op
timizations using the dadi_pipeline v.3.1.6 (Portik et al. 2017). For 
the initial optimization, we included 20 demographic models in 
the Two-Population Pipeline (for model descriptions as well as 
a graphical representation of the models, see: https://github. 
com/dportik/dadi_pipeline/tree/master/Two_Population_Pipeline), 
which include simple models, simple models plus instantaneous 
size changes, ancient migration, secondary contact, ancient mi
gration or secondary contact plus instantaneous size change, 
two-epoch models with continuous migration, and three-epoch 
models with migration and instantaneous size change variations. 
For this initial pipeline, the starting parameters were selected at 
random, but after each round the parameters of the best-scoring 
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replicate were used to generate perturbed starting parameters 
for the replicates in the subsequent round. We ran the optimiza
tion routine for over four rounds with 10, 20, 30, and 40 repli
cates, maximum iteration values of 3, 5, 10, and 15, and 
parameter perturbation values of 3, 2, 2, and 1. We inferred the 
best-fit model as the model with the consistently highest likeli
hood and lowest Akaike information criterion (AIC) score 
(Akaike 1974) across multiple runs.

We then re-estimated the parameters by running 100 δaδi sim
ulations on the inferred best model (based on the lowest AIC val
ues across multiple runs), sym_mig_size (from the dadi_pipeline; 
Portik et al. 2017), which comprises a divergence of two popula
tions with continuous symmetrical migration followed by an in
stantaneous size change in both populations. The model 
consists of seven parameters: nu1a (the ratio of the population 
size of the Chinese population relative to the ancestral popula
tion after the population split), nu2a (the ratio of the population 
size of the Indian population relative to the ancestral population 
after the population split), nu1b (the ratio of the population size 
of the Chinese population relative to the ancestral population 
after instantaneous size change), nu2b (the ratio of the popula
tion size of the Indian population relative to the ancestral popu
lation after instantaneous size change), T1 (the time of 
population split in units of 2*Na generations, where Na is the ef
fective size of the ancestral population), T2 (the time of instant
aneous population size change in units of 2*Na generations), and 
M (the migration rate between populations measured as 
2*Na*m). In these simulations, we set the optimization function 
to 300 maximum iterations, using starting parameter values of 
nu1a = 1, nu2a = 1, nu1b = 1, nu2b = 1, m = 0.01, T1 = 0.5, and 
T2 = 0.5. We set the parameters to adjust 2-fold from the initial 
set value using δaδi’s perturb_params function with the upper 
and lower bounds set in the ranges as follows: 0.01 ≤ nu1a ≤ 
100, 0.01 ≤ nu2a ≤ 100, 0.01 ≤ nu1b ≤ 100, 0.01 ≤ nu2b ≤ 100, 
0.001 ≤ m ≤ 0.1, 0.01 ≤ T1 ≤ 10, 0.001 ≤ T2 ≤ 10. We selected the 
simulation replicate with the highest log-likelihood as the best-fit 
parameter combination and calculated the corresponding demo
graphic values based on these best-fit parameters.

Demographic model validation using 
msprime simulations
We assessed the fit of the best-fit models and their parameters 
from each demographic approach to the empirical data via sim
ulations using msprime v.1.3.2 (Baumdicker et al. 2022). Here, we 
evaluated seven demographic models: one best-fitting model 
from each of MSMC2, Stairway Plot2, and δaδi, and four from fast
simcoal2, each representing the best-fit model from one of the 
four predefined fastsimcoal2 model groups (M1–M4). We carried 
out the msprime simulations per autosome, with each autosome 
simulated 10 times (for a total of 200 simulations per model). The 
recombination rate was set to 0.448 cM/Mb (Xue et al. 2020), and 
the mutation rate was set to 0.58 × 10−8 per site per generation 
(Wang et al. 2020b) to match previously used values. For each si
mulated model, we generated the folded SFS using easySFS and 
calculated per chromosome pairwise Weir and Cockerham’s 
weighted FST values using VCFtools v.0.1.14, matching the sum
mary statistics computed from the empirical data. We then com
pared the estimated SFS and mean FST values—averaged across 

per-chromosome values for each msprime-simulated model with 
the observed empirical values to assess the fit of each demo
graphic model to the data. We considered the demographic mod
el indicating the closest agreement across summary statistics to 
be the best-supported demographic scenario.

Furthermore, we assessed the fit of empirically-observed 
genome-wide linkage disequilibrium—a data summary not uti
lized for these model-fitting procedures—to that expected under 
the best-fitting model. To this end, we estimated pairwise r2 val
ues (i.e. the squared correlation of pairwise allele frequencies) 
separately for each population using PLINK v.1.9.0 within a 
1 Mb sliding window (--ld-window-kb 1,000). We grouped pairwise 
r2 values into distance bins based on the physical distance be
tween SNP pairs and calculated the mean r2 for each bin. We 
then calculated the chromosome-level linkage disequilibrium es
timates by averaging the mean r2 values across all bins. For simu
lated datasets, we applied the same procedure independently to 
each of the 10 simulation replicates for both populations and cal
culated the final chromosome-level estimates by averaging 
across replicates.

Accounting for uncertainty in mutation 
rates
To investigate the robustness of the best-supported demograph
ic model, we also evaluated the fit for a model with alternative 
mutation rate estimates (see Soni et al. 2024). Specifically, we si
mulated 250 replicates of the best-fit model (M4_consMig) in fast
simcoal2, keeping the same parameter options as in the initial 
fastsimcoal2 runs (see the section “Demographic inference using 
fastsimcoal2”) but re-estimating under a species-specific per- 
generation mutation rate of 1.49 × 10−8 per site based on indirect 
estimation from divergence (Spatola et al. 2026). We then simu
lated parameter values from the maximum likelihood replicate 
using msprime. We performed the msprime simulations as de
scribed above with 10 simulations per autosome (see the section 
“Demographic model validation using msprime simulations”). 
We generated the simulated SFS using easySFS and re-estimated 
the mean FST from the simulated SFS using VCFtools. We then 
compared the parameter estimates from this msprime simula
tion with both those obtained under the previous, direct per- 
generation mutation rate estimate of 0.58 × 10−8 per site and 
those obtained from the empirical data.

Results
Population genomic data
We generated whole genome PacBio HiFi sequencing data for 20 
rhesus macaque individuals, ten of Chinese origin and ten of 
Indian origin and mapped the resulting long-reads against the 
rhesus macaque reference assembly (rheMac10; GenBank as
sembly: GCA_003339765.3; Warren et al. 2020). From these map
pings, we identified variants using DeepVariant (Poplin et al. 
2018), a deep neural network approach previously demonstrated 
to exhibit high precision-recall rates in humans (>0.99; 
Kolesnikov et al. 2024). Using this approach, we identified 36 mil
lion autosomal, biallelic SNPs (Ts/Tv = 2.2) that were genotyped 
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in all individuals. We identified regions on the autosomes (chro
mosomes 1–20) for which sequencing data was available for all 
20 individuals included in this study; this accessibility mask ex
cluded 49.3% of the rhesus macaque genome. Additionally, to in
vestigate the genetic structuring between the Chinese and Indian 
rhesus macaque populations included in this study and two 
closely-related macaque (sub-)species previously suggested to 
be derived from the Chinese rhesus macaque population, we 
identified variants in previously sequenced M. fuscata individuals 
inhabiting several geographic regions across Japan (Higashino 
et al. 2025) as well as a single M. cyclopsis individual (Chiu 
et al. 2023). In order to circumvent the confounding effects of 
both direct purifying selection and background selection, we lim
ited these variant datasets to putatively neutrally evolving re
gions, excluding any sites within 10 kb of exons (Warren et al. 
2020) or sequence elements constrained across the primate 
clade (Kuderna et al. 2024). Demographic analyses focused on 
the 8.5 million autosomal, biallelic SNPs (Ts/Tv = 2.1) located 
in accessible, putatively neutral regions.

Population structure analysis
As the initial step in demographic inference, we estimated the 
number of populations implied by the empirical data using 
ADMIXTURE. The lowest CVE values corresponded to both 1- 
and 2-population assignments in that they were nearly identical 
(K = 1, CVE = 0.63371; K = 2, CVE = 0.63491; K = 3, CVE = 0.79136; 
K = 4, CVE = 1.00824; K = 5, CVE = 1.11946). We visually evaluated 
the individual admixture proportion bar plots, which revealed a 
consistent subdivision pattern, with each individual assigned 
100% to one of the two populations at K = 2 (Fig. 1; and see 
Figure S2 for K = 1–5). A PCA further confirmed the population as
signment to two rhesus macaque clusters—one consisting of the 
Chinese population and one consisting of the Indian population 
—as well as two separate clusters, one each for the M. cyclopsis 
and M. fuscata populations—with clear separations in PC1 and 
PC2 that explained 21.7% and 10.6% of the variance, respectively 
(Figure S3). After evaluating the ADMIXTURE and PCA results and 
observing an average FST value between the Chinese and Indian 
rhesus macaque populations across autosomes of 0.1476, we 
considered K = 2 to represent the most optimal assignment for 
demographic history inference. For comparison, recent work fo
cusing on individuals sampled from 17 geographic regions across 
China (including the Hainan Island in the South China Sea as well 
as western, western- central, southern, and northern parts of 
mainland China) observed generally modest FST values between 
groups from different sampling locations (ranging from ∼0.01 to 
0.06; see Table 2 in Terbot et al. 2025b), thus supporting a single 
deme for the Chinese population, whereas FST values between M. 
fuscata and either Chinese or Indian M. mulatta were 0.43 and 
0.50, respectively.

Demographic inference

Demographic inference using MSMC2
The demographic history estimated using MSMC2 was character
ized by population decline and subsequent recovery in both rhe
sus macaque populations (Fig. 2a). The ancestral effective size of 

the Chinese population was estimated at ∼120,000 individuals, 
and population decline was observed until approximately 
10,000 years ago. Subsequently, the Chinese population began 
to recover, but a rapid decline was detected about 800 years 
ago, followed by growth in recent years. The estimated current 
effective size of the Chinese population was ∼30,000 individuals. 
The ancestral effective size of the Indian population was esti
mated at ∼100,000 individuals and followed a similar pattern 
to the Chinese population until roughly 10,000 years ago. The ef
fective size of the Indian population during the recovery phase 
exceeded that of the Chinese, reaching a peak of ∼70,000 individ
uals. The recent decline in population size suggests that the cur
rent effective size in Indian rhesus macaques is ∼40,000 
individuals. The visual examination of the Ne trajectories for 
each population implies population divergence around 10,000 
years ago.

We evaluated the fit of the model estimated by MSMC2 to the 
data using msprime simulations and found that the model fit to 
the observed data was poor, as shown by the simulated SFS com
pared with the empirically observed SFS (Figs. 2b and 2c, re
spectively). In the Chinese population, the simulated SFS 
underestimated counts of singletons and doubletons and overes
timated counts of intermediate and high-frequency alleles 
(Fig. 2b). A similar pattern was observed in the Indian population, 
where singletons were underestimated while all other frequency 
classes were overestimated (Fig. 2c). Additionally, FST estimated 
from the simulated SFS (0.0836) was substantially lower than 
that observed in the empirical data (0.1476), suggesting an 
underestimation in population differentiation.

Demographic inference using Stairway Plot2
Stairway Plot2, a composite-likelihood method that infers 
changes in Ne over time from empirically observed SFS, sug
gested distinct demographic histories for the Chinese and 
Indian rhesus macaque populations. In the Chinese population, 
the inferred Ne trajectory indicated a period of population growth 
beginning approximately 2 million years ago, reaching a max
imum Ne of ∼300,000 individuals around 250,000 years ago 
(Fig. 2d). This was followed by a long period of relative demo
graphic stability with little change in population size. A subse
quent decline began roughly 10,000 years ago, leading to a 
recent Ne of ∼110,000 individuals. The stairway plot for the 
Indian population suggests that population growth began 
around 2 million years ago, reaching a peak Ne of ∼130,000 indi
viduals about 1.5 million years ago. The population remained 
stable for an extended period before experiencing a marked 
demographic contraction starting around 150,000 years ago, dur
ing which Ne declined to ∼20,000 individuals. The Indian popula
tion recovery started roughly 30,000 years ago and peaked about 
15,000 years ago. The population maintained a relatively consist
ent size up to the present, with a contemporary Ne of ∼100,000 
individuals.

We used msprime simulations to assess the fit of the model es
timated by Stairway Plot2 to the data. The simulated SFS for the 
Chinese population overestimated allele counts across all fre
quency bins, with a larger deviation for rare alleles than for 
more frequent alleles (Fig. 2e). In contrast, the simulated SFS of 
the Indian population more closely matched the observed distri
bution across most frequency classes, particularly at high 
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frequencies (Fig. 2f). However, FST estimated from the simulated 
SFS (0.2396) was substantially higher than that observed in the 
empirical data (0.1476), indicating an overestimation of differenti
ation between Chinese and Indian rhesus macaque populations.

Demographic inference using fastsimcoal2
We explored a set of 13 demographic models categorized into 
four general model groups—simple split models with no size 
change (M1), two-epoch migration models with no size change 

(M2), one size-change model with migration (M3), and models 
with different size-change timing for the Chinese and Indian pop
ulations (M4)—using fastsimcoal2 (Figure S1; Table S1). Within 
each group, we identified the best-fitting model and correspond
ing parameters using the minimum difference between the max
imum observed and estimated likelihoods (MaxObsLhood— 
MaxEstLhood) across 250 independent replicates (Table S2).

The best simple split with no size change model in group M1 
(M1_Mig) supported a split between the Chinese and Indian 

Figure 1 Geographic distribution and genetic structure of rhesus macaque (Macaca mulatta) populations in China and India. (a) Natural 
geographic range of rhesus macaque populations in China (shown in red) and India (blue) (obtained from the IUCN 2025). The empirically estimated FST 

value displayed in the bottom-left corner indicates the level of genetic differentiation observed between the Chinese and Indian populations used in this 
study. (b) Population structure inferred using ADMIXTURE at K = 2. Each vertical bar represents one individual, and colors denote inferred ancestry 
proportions (with the Chinese population shown in red and the Indian population shown in blue). ADMIXTURE results for K = 1–5 are provided in 
Figure S2 (and see Figure S3 for the PCA further confirming the population assignment to two rhesus macaque clusters—one consisting of the Chinese 
population and one consisting of the Indian population—as well as two separate clusters, one each for the M. cyclopsis and M. fuscata populations).
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populations around 118,943 generations ago, with continuous 
asymmetric migration between the populations. Migration from 
the Indian population to the Chinese population (MIn2Ch = 2.53e 
−05) was estimated to be higher than that from the Chinese 
population to the Indian population (MCh2In = 1.14e−06). 
Population size estimates indicated an ancestral size (Nanc) of 
64,255 individuals. In the post-split period, population sizes re
mained unchanged, with current sizes of the Chinese population 
(NCH) at 275,490 individuals and the Indian population (NIN) at 
22,870 individuals.

The best-fitting two-epoch migration with no size change mod
el in group M2 (M2_difMig) indicated an initial divergence of the 
Chinese and Indian rhesus macaque populations around 
133,874 generations ago from an Nanc of 60,007 individuals. 
Following the split, the two populations exchanged migrants 
at asymmetric rates (MCh2In = 2.53e−06; MIn2Ch = 2.11e−06). 
Approximately 5,878 generations ago, the patterns of migration 
shifted to a second epoch, again characterized by asymmetric 
migration rates between the populations (MCh2In = 4.07e−07; 
MIn2Ch = 3.68e−05). Since the population split, throughout the 
migration phases, the population sizes remained unchanged, es
timated at 265,069 individuals in the Chinese population (NCH) 
and 27,010 individuals in the Indian population (NIN).

The best-supported one size-change with migration model in 
group M3 (M3_consMig) implied continuous migration from the 
population split to the present, with asymmetric gene flow be
tween the populations (MCh2In = 3.49e−06; MIn2Ch = 1.69e−05). 

This model supported the divergence of the Chinese and 
Indian populations approximately 104,615 generations ago 
from an Nanc of 68,473 individuals, resulting in population sizes of 
259,595 and 102,844 individuals for the Chinese (NCH) and Indian 
(NIN) populations, respectively. Around 7,053 generations ago, 
both populations underwent a size change, resulting in the current 
population sizes of 268,928 individuals in the Chinese population 
(NCH) and 14,203 individuals in the Indian population (NIN).

The highest-likelihood different time size change model in 
group M4 (M4_consMig) suggested divergence 139,371 generations 
ago from an Nanc of 64,723 individuals (Fig. 3a). At the time of the 
split, the Indian population expanded to a population size of 
270,072 individuals, while the Chinese population remained at a 
population size of 76,025 individuals. Approximately 71,781 gener
ations ago, the substantial expansion of the Chinese population 
enabled it to reach its current size of 219,783 individuals (NCH). 
The Indian population underwent a notable decline in size 8,814 
generations ago, reaching the current size of 14,091 individuals 
(NIN). The ongoing asymmetric gene flow since the split of the 
two populations demonstrated a higher migration rate from the 
Indian to the Chinese population than the reverse (MCh2In = 6.63e 
−06; MIn2Ch = 1.46e−05), consistent with the estimated migration 
matrices from the best-fitting models in other groups.

The highest-likelihood model across all four groups was ob
served for the M4_consMig model (MaxObsLhood—MaxEstLhood 
= 2,959.77; Table S2); nevertheless, we evaluated the fit of the 
best-supported model from each of the four model groups 

Figure 2 Demographic inference using MSMC2 and Stairway Plot2. (top) Demographic inference using MSMC2. (a) Diagram of the best-fitting MSMC2 
demographic model scaled in both years and generations. (b and c) Folded SFS for the Chinese (red) and Indian (blue) populations compared to the 
best-fitting MSMC2 model (shown in gray). (bottom) Demographic inference using Stairway Plot2 scaled in both years and generations. (d) Diagram of 
the best-fitting Stairway Plot2 demographic model. (e and f) Folded SFS for the Chinese (red) and Indian (blue) populations compared to the best-fitting 
Stairway Plot2 model SFS (shown in gray). Note the differing scaling on the x- and y-axes reported by the two approaches.
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(M1–M4). For the Chinese population, the best-fit models from 
all groups except M2 produced simulated SFS that closely 
matched the empirically observed SFS (see Fig. 3b for the 
highest-likelihood model, M4_consMig, and Figures S4a–d for 
the best-supported model from each of the four model groups). 
These models yielded broadly consistent estimates of the current 
population sizes (NCH and NIN), ancestral population size (Nanc), 
and split time (TDIV) (Table S1). In contrast, the best-fit model 
from group M2 (M2_difMig) overestimated the number of single
tons. For the Indian population, the simulated SFS differed 
across the four groups, and the estimated model of group M4 
(M4_consMig) produced the best-fitting SFS (see Fig. 3c for the 
highest-likelihood model, M4_consMig, and Supplementary 
Figures S4e–h for the best-supported model from each of the 
four model groups). Moreover, FST estimated from the 
M4_consMig model (0.1498, Table S3) was consistent with that 
observed from the empirical data (0.1476).

As this best-fitting model was found to match both empirically 
observed SFS and between-population divergence, we further 
assessed the fit of this model to empirically observed, genome- 
wide linkage disequilibrium patterns. This comparison is of par
ticular value given that summaries of linkage disequilibrium were 
not used in the fastsimcoal2 model-fitting procedure, and thus 
this comparison represents a semi-independent assessment of 
fit. As shown in Table 1, the best-fitting demographic model as 
inferred via the SFS also well-predicts empirically observed val
ues of linkage disequilibrium.

Demographic inference using δaδi
We performed initial optimizations using the dadi_pipeline 
across 20 demographic models (see “Materials and Methods” 
for details). The sym_mig_size was inferred as the best-fit model 
with the highest log-likelihood (−45,427.15) and the lowest AIC 
(90,868.3) score across five rounds of optimization. To infer the 
best-fit parameter values from the sym_mig_size model, we per
formed 100 independent δaδi simulations (Figure S5). Under this 
model, an ancestral population of size 84,133 was split into two 
populations approximately 58,330 generations ago, giving rise to 
Chinese and Indian lineages with sizes of 565,749 and 377,188 in
dividuals, respectively (Fig. 3d). Both populations experienced an 
instantaneous decline in size 2,894 generations ago, resulting in 
the current population sizes of 80,960 and 7,247 individuals for 
the Chinese and Indian populations, respectively. Migration con
tinued throughout the post-split period with a symmetrical rate 
of 2.41e−07.

We evaluated the fit of the best model inferred using δaδi and 
sym_mig_size to the data using msprime simulations. The simu
lated SFS for the Chinese population underestimated low- 
frequency alleles while overestimating high-frequency alleles 
(Fig. 3e). For the Indian population, the simulated SFS was 
much closer to the observed SFS across all classes except for sin
gletons, where it was underestimated (Fig. 3f). Despite the subtle 
mismatches in the SFS, the estimated FST (0.1435) from the simu
lated SFS was consistent with the empirically observed FST 

(0.1476).

Figure 3 Demographic inference using fastsimcoal2 and δaδi. (top) Demographic inference using fastsimcoal2. (a) Diagram of the best-fitting 
fastsimcoal2 demographic model scaled in both years and generations. (b and c) Folded SFS for the Chinese (red) and Indian (blue) populations 
compared to the best-fitting fastsimcoal2 model (shown in gray). (bottom) Demographic inference using δaδi. (d) Diagram of the best-fitting δaδi 
demographic model scaled in both years and generations. (e and f) Folded SFS for the Chinese (red) and Indian (blue) populations compared to the 
best-fitting δaδi model (shown in gray). Note the differing scaling on the axes between the two approaches.
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Accounting for uncertainty in the 
mutation rate
To account for uncertainty in the mutation rate estimates used 
for scaling, we evaluated the best-fit model under the alternate 
scaling of 1.49 × 10−8 per site per generation (based on indirect 
estimation from divergence data; Spatola et al. 2026) using 250 
independent replications performed in fastsimcoal2. The simula
tion with the highest likelihood (MaxObsLhood—MaxEstLhood = 
1,785.89) suggested a population split around 80,351 generations 
ago from an ancestral population of 21,986 individuals 
(Figure S6a). At the time of the split, the size of the Chinese popu
lation was 24,710 individuals, while the Indian population ex
panded to 45,917 individuals. With this alternative mutation 
rate scaling, the expansion in the Chinese population occurred 
31,538 generations ago compared to 71,781 generations ago 
under the previously used mutation rate (0.58 × 10−8 per site 
per generation based on direct estimation from pedigree data; 
Wang et al. 2020b), reaching a current size of 97,535 individuals 
(Figure S6b). A substantial decline in the Indian population was 
observed 2,884 generations ago, reaching a current size of 
5,601 individuals, compared to 8,814 generations ago under 
the alternative mutation rate scaling (Figure S6c). The ongoing 
asymmetric gene flow since the split of the two populations 
was fit by a higher migration rate from the Indian to the 
Chinese population (MCh2In = 1.16e−05; MIn2Ch = 4.10e−05), con
sistent with the previously estimated migration matrix from the 
best-fit model.

We evaluated the fit of the parameter values from the best 
model inferred by fastsimcoal2 under this alternative mutation 
rate with msprime. As expected, given that the alternative 

mutation rate simply represents a change in scaling, the simu
lated SFS continues to closely match the observed distribution 
across all frequency classes in both populations (Figure S6b
and c), and the level of population differentiation remains con
sistent as well (with an FST estimated from the simulated SFS 
of 0.1493).

Discussion
To infer the demographic histories of the Indian and Chinese rhe
sus macaque populations, we first assessed population structure 
using ADMIXTURE, followed by two nonmodel-based approaches 
(MSMC2 and Stairway Plot2) and two model-based approaches 
(fastsimcoal2 and δaδi). For each demographic inference meth
od, we assessed the fit of the best-supported model by perform
ing simulations under the inferred demographic parameters and 
compared the simulated SFS and FST values with those observed 
in the empirical data. The fit of the SFS resulting from both the 
estimated MSMC2 and Stairway Plot2 models to the observed 
data was poor, and those models can thus be discarded. Both 
fastsimcoal2 and δaδi produced well-fitting models, with the 
fastsimcoal2 model, M4_consMig, identified as the best- 
supported model in recapitulating the empirically observed 
SFS and FST values. Inference under this model suggested that 
the Chinese and Indian populations diverged from an ancestral 
population of 64,723 individuals roughly 140,000 generations 
ago. Both populations underwent significant size changes at dif
ferent times, with notable changes around 72,000 generations 
ago for the Chinese population and around 9,000 generations 
ago for the Indian population. The current sizes were estimated 
at 219,783 individuals in the Chinese population and 14,091 

Table 1 Chromosome-level, per-population linkage disequilibrium (r2) values compared between empirical data and simulated 
data based on the best-fitting demographic model.

Chromosome China India

empirical simulations empirical simulations

1 0.11275 0.11198 0.12817 0.12066
2 0.11248 0.11199 0.12525 0.12120
3 0.11152 0.11227 0.12810 0.12155
4 0.11310 0.11207 0.12653 0.12171
5 0.11219 0.11195 0.12673 0.12108
6 0.11361 0.11195 0.13040 0.12156
7 0.11198 0.11197 0.12532 0.12111
8 0.11164 0.11236 0.12476 0.12136
9 0.11321 0.11197 0.12350 0.12101
10 0.11293 0.11173 0.12331 0.12219
11 0.11276 0.11235 0.12538 0.12084
12 0.11307 0.11197 0.12477 0.12121
13 0.11320 0.11226 0.13071 0.12183
14 0.11257 0.11220 0.12557 0.12193
15 0.11319 0.11190 0.12671 0.12151
16 0.11276 0.11186 0.12003 0.12090
17 0.11244 0.11218 0.12298 0.12135
18 0.11252 0.11245 0.12870 0.12067
19 0.11146 0.11171 0.12172 0.11917
20 0.11252 0.11212 0.12098 0.12095
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individuals in the Indian population, consistent with the greater 
levels of genetic variation observed in the former. Throughout 
the post-split period, a consistent yet asymmetrical migration 
rate was inferred (MCh2In = 6.63e−06; MIn2Ch = 1.46e−05).

Given the strongly differing performance amongst methods 
(Table S4), it is important to consider the various underlying de
tails of the methodologies. MSMC2 is based on the Sequentially 
Markovian Coalescent (SMC) framework (Marjoram and Wall 
2006), which models recombination to infer changes in the co
alescence rate over time in order to estimate the time to the 
most recent common ancestor between pairs of haplotypes 
across multiple genomes (Schiffels and Durbin 2014; and see 
Beichman et al. 2018). Stairway Plot2 reconstructs historical 
changes in effective population size using a composite likelihood 
based on the given SFS under a coalescent framework (Liu and 
Fu 2020). Since both MSMC2 and Stairway Plot2 assume pan
mixia and do not explicitly model migration, we applied these 
methods separately to each population. Notably, the poor result
ing fit of these models to the empirical data is consistent with 
previous findings; for example, MSMC2 has been shown to over
estimate Ne in recent time intervals (Mazet et al. 2016; Beichman 
et al. 2017; Chikhi et al. 2018; Hilgers et al. 2025), suggest 
false size changes in the presence of population structure 
(Orozco-terWengel 2016), incorrectly infer growth prior to in
stantaneous bottlenecks (Bunnefeld et al. 2015), and generally 
perform poorly even under constant population sizes in addition 
to being highly sensitive to the amount of data utilized for ana
lysis (Johri et al. 2021). Together, these factors are likely explana
tory of the mismatch between the model estimates and the 
empirical data for these two nonparametric approaches. 
Moreover, this accumulated body of work strongly suggests 
that these approaches are much more widely used than is justi
fied by their performance, and once again highlights the great 
importance of taking the additional steps of evaluating the fit 
of estimated models to the observed data being analyzed 
when performing such inference (Johri et al. 2022a).

The two model-based approaches employed both rely on fit
ting the observed SFS to evaluate predefined demographic scen
arios. fastsimcoal2 utilizes a composite-likelihood framework to 
compare alternative demographic models by simulating ex
pected SFS across different parameter combinations and identi
fying the best-fitting model (Excoffier et al. 2013, 2021; Marchi 
et al. 2024). δaδi uses a diffusion approximation to model the ex
pected SFS under predefined demographic models and then 
compares this expected SFS with the observed data to infer 
underlying demographic parameters (Gutenkunst et al. 2009). 
Compared with model-free approaches, the estimated models 
from fastsimcoal2 and δaδi provided greatly improved fits to 
both the empirically observed SFS and FST values. However, 
the demographic histories inferred by fastsimcoal2 and δaδi 
were distinct, as has been described in previous studies (e.g. 
Laurent et al. 2016; Terbot et al. 2026). Although both methods 
rely on the SFS and explicit modeling, they differ in likelihood ap
proximation, parameter scaling, and optimization, which will 
contribute to these downstream differences. However, it is natur
ally the case generally when performing statistical inference that 
multiple different models may all provide satisfactory fits to the 
data; for this reason, population genetic analysis of this sort is 
best viewed as a narrowing down of viable hypotheses rather 
than as a means of identifying a single “true model” (Johri 

et al. 2022a). Though both were reasonably well-fitting, in this 
application notable differences were observed between the fit 
of the resulting fastsimcoal2 and δaδi models (Fig. 3) that al
lowed for their differentiation and for the quantification of the 
best-supported model. Moreover, given that this high-quality 
long-read sequencing data additionally provides for an accurate 
empirical measure of genome-wide patterns of linkage disequi
librium, this allows for an additional means of model assessment 
that is independent of the inference procedure itself. As such, the 
fit between empirically observed and model-predicted patterns 
of linkage disequilibrium provides further support for the 
M4_consMig model (Table 1).

Assuming a generation time of 11 years (Xue et al. 2016), the 
population split in our model occurred approximately 140,000 gen
erations ago, dating to ∼1.54 million years ago. This timing roughly 
corresponds to the Yuanmu uplift ∼1.6 million years ago during the 
Early Pleistocene, which contributed to the creation of greater ele
vations in the Himalaya (Zheng et al. 2002). This uplift likely inten
sified regional cooling, glaciation, and drainage reorganization, 
potentially altering habitats and reinforcing geographic barriers (in
cluding new river systems) separating the Chinese and Indian pop
ulations. Moreover, the large expansion in the Chinese population, 
inferred ∼790 thousand years ago, coincides with the end of the 
Xixiabangma Glaciation (∼1,200–800 thousand years ago), one of 
the major Early Pleistocene glacial periods on the Tibetan 
Plateau. During this time, climate changes and an intensified mon
soon likely expanded suitable habitats and increased resource 
availability, promoting the expansion of rhesus macaques in this re
gion. Rhesus macaque population size changes in China during gla
cial and post-glacial periods have been previously reported (Liu 
et al. 2018; Zhou et al. 2024; Terbot et al. 2025b). Finally, the severe 
decline in the Indian population ∼97 thousand years ago coincides 
with the weakening of the Indian Summer Monsoon during inter
glacial substages MIS 5c–5a (∼104- 82 thousand years ago; Band 
et al. 2022), which is believed to have reduced forest coverage 
and habitat connectivity across the Indian subcontinent. A strong 
population size decline during this period has also recently been in
ferred for Indian populations of M. arctoides, M. leonina, and M. thi
betana (as well as in species of the genus Trachypithecus and 
Nycticebus; Trivedi et al. 2025). Taken together, the glaciation 
and tectonic uplift that led to regional environmental changes like
ly contributed to the split and subsequent contrasting demograph
ic histories of these populations.

Previous studies have also inferred the divergence time of 
Indian and Chinese rhesus macaques using different approaches, 
including nuclear and mitochondrial DNA analyses (Smith and 
McDonough 2005; Hernandez et al. 2007; Hasan et al. 2014; Xue 
et al. 2016; Zhou et al. 2024), as well as evidence from climate 
change, sea-level fluctuations, and paleontological records 
(Abegg and Thierry 2002). Most notably, a previous population 
genetic analyses of 1,467 SNPs across five Encyclopedia of DNA 
Elements (ENCODE) regions on separate autosomes suggested 
a 3-fold expansion and a 4-fold contraction in the Chinese and 
Indian populations, respectively (Hernandez et al. 2007). Their in
ferred ancestral and current population sizes are consistent with 
our estimates (Nanc = 64,723 vs. ∼73,070; NCH = 219,783 vs. 
∼239,704; NIn = 14,091 vs. ∼17,014). However, our estimated di
vergence time of ∼140,000 generations ago is much older than 
their suggested divergence of ∼162,000 years ago. Importantly, 
our whole-genome, high-fidelity, long-read data analyzed here 
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(consisting of 8.5 million autosomal SNPs) allowed for the explor
ation of more complex population models, including, for example, 
a variety of gene flow scenarios. As we found strong statistical sup
port for limited but long-term gene flow, it is to be expected that 
the incorporation of these parameters will result in older split 
times relative to models that do not incorporate the possibility 
of gene flow. Furthermore, as shown, our resulting estimates well- 
predict not only population-specific SFS, but also the observed 
level of population differentiation and linkage disequilibrium.

Taken together, this analysis represents the most complete 
characterization of the demographic history of Chinese and 
Indian rhesus macaque populations to date, utilizing the highest 
quality data resource for the species available. These histories 
will provide critical baseline models for future population gen
omic analyses ranging from the estimation of fine-scale rates 
and patterns of population-specific recombination to performing 
scans for genes recently targeted by the action of positive or bal
ancing selection. Importantly, these results also demonstrate the 
notable differentiation between these two populations, and the 
differing population histories characterizing them, which in 
turn has resulted in differing underlying levels of population vari
ation and haplotype structure; considerations that also must ne
cessarily be accounted for in a population-specific manner when 
performing association studies in existing biomedical popula
tions containing variable Chinese and Indian ancestry.
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