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ABSTRACT OF THE DISSERTATION 

 

Aquatic Adaptation and Fur Trade Devastation: 

A Deep Dive into the Genomic History of the Sea Otter 

 

 by 

 

Annabel Carroll Beichman 

Doctor of Philosophy in Ecology and Evolutionary Biology 

University of California, Los Angeles, 2020 

Professor Kirk Edward Lohmueller, Co-Chair 

Professor Robert Wayne, Co-Chair 

 

Sea otters (Enhydra lutris) were hunted to the verge of extinction by fur traders in the 

18th-19th centuries and provide a remarkable example of survival after an extreme 

population bottleneck. In this dissertation, I generated and analyzed sea otter genomic 

data to detect signals of the species’ recent evolutionary transition to marine life and to 

reveal the impact of the fur trade across the species range. I first explored different 

methods of demographic inference from genomic data. The inference of historical 

population size changes, splits, and migrations is one of the primary goals of population 

genetics and gives profound insights into our own history and that of the species around 
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us. In my first chapter I compared several demographic inference methods, determining 

how well they generate models that fit empirical human population genetic data. I then 

produced a review of the various demographic inference methods available, with a focus 

on applying them to non-model organisms. In my second chapter, I sequenced and 

annotated the sea otter genome and explored the evolutionary history of the sea otter 

and its distant relative, the giant otter (Pteronura brasiliensis). I found changes to both 

species’ genomes due to otters’ semi-aquatic lifestyle, including a loss of olfactory 

receptors. I also discovered that the sea otter has extremely low genetic diversity and 

elevated levels of putatively deleterious variation. In my final chapter, I sequenced 

regions of the genome from 122 sea otters from across the species’ global range. I also 

generated ancient sea otter DNA from three samples dating from 300-1500 years ago. I 

found that sea otters in California are the last remnants of a highly diverged sea otter 

lineage and that the pre-fur trade genetic structure of sea otter populations has been 

preserved. I used the demographic methods examined in Chapter I to detect a signal of 

extreme population decline in every sea otter population, likely caused by the fur trade 

bottleneck. I then used simulations to show how this decline may have increased the 

burden of harmful genetic variation. My dissertation gives new insights into the 

evolutionary history of the sea otter, a keystone species of profound ecological 

importance. The work as a whole provides a model for genomic analyses of a non-model 

organism and illustrates how demographic inference and simulations can be powerful 

tools for studying the decline of wild populations.  
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Abstract 

Inference of demographic history from genetic data is a primary goal of population 

genetics of model and non-model organisms. Whole genome-based approaches such as 

the Pairwise/Multiple Sequentially Markovian Coalescent (PSMC/MSMC) methods use 

genomic data from one to four individuals to infer the demographic history of an entire 

population, while site frequency spectrum (SFS)-based methods use the distribution of 

allele frequencies in a sample to reconstruct the same historical events. Although both 

methods are extensively used in empirical studies and perform well on data simulated 

under simple models, there have been only limited comparisons of them in more 

complex and realistic settings. Here we use published demographic models based on 

data from three human populations (Yoruba (YRI), descendants of northwest-Europeans 

(CEU), and Han Chinese (CHB)) as an empirical test case to study the behavior of both 

inference procedures. We find that several of the demographic histories inferred by the 

whole genome-based methods do not predict the genome-wide distribution of 

heterozygosity nor do they predict the empirical SFS. However, using simulated data, we 

also find that the whole genome methods can reconstruct the complex demographic 

models inferred by SFS-based methods, suggesting that the discordant patterns of 

genetic variation are not attributable to a lack of statistical power, but may reflect 

unmodeled complexities in the underlying demography. More generally, our findings 

indicate that demographic inference from a small number of genomes, routine in 
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genomic studies of non-model organisms, should be interpreted cautiously, as these 

models cannot recapitulate other summaries of the data. 

Introduction 

The Pairwise Sequentially Markovian Coalescent (PSMC) and related methods have 

become a popular tool to estimate the history of a population from genetic variation data 

(McVean and Cardin 2005; Li and Durbin 2011; Schiffels and Durbin 2014). These 

methods use whole genome sequences from one to four individuals to infer the 

demographic history of an entire population. Specifically, they estimate the local time to 

the most recent common ancestor (TMRCA) for small regions in the genome, then use 

the distribution of these coalescent times to infer an overarching demographic history. 

For instance, if many regions of the genome coalesce at a specific time, it may be 

evidence for a population contraction, which would reduce the number of genetic 

lineages. The great appeal of these methods is that they do not rely on deep sequencing 

of multiple individuals in a population; instead, a single genome can be used to infer the 

demographic history of an entire population. PSMC and its successors have been used to 

infer the demographic histories and split times of many human populations (Li and 

Durbin 2011; Kidd et al. 2012; Schiffels and Durbin 2014; 1000 Genomes Project 

Consortium 2015; Henn et al. 2016), and were recently featured in three prominent 

articles that reconstructed human history using whole genome sequencing data from 

over 20 populations (Malaspinas et al. 2016; Mallick et al. 2016; Pagani et al. 2016).  
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PSMC plots have also become a cornerstone of many studies of non-model organisms 

lacking resources for the sequencing of numerous individuals, including archaic 

hominins (Meyer et al. 2012; Prufer et al. 2014), great apes (Prado-Martinez et al. 

2013), wild boars and domestic pigs (Groenen et al. 2012; Bosse et al. 2014), canids 

(Freedman et al. 2014; Wang et al. 2016), horses (Orlando et al. 2013), over 38 bird 

species (Nadachowska-Brzyska et al. 2013; Hung et al. 2014; Nadachowska-Brzyska et al. 

2015; 2016; Murray et al. 2017), pandas (Zhao et al. 2012), dromedaries (Fitak et al. 

2016), flowering plants (Albert et al. 2013; Ibarra-Laclette et al. 2013; Holliday et al. 

2016), and even woolly mammoths (Palkopoulou et al. 2015). 

Despite their wide-spread prominence, there is concern over the validity of demographic 

models obtained from this set of whole genome-based methods. Particularly, Mazet et al. 

(2015) found that PSMC captures the inverse instantaneous coalescent rate (IICR) rather 

than an absolute measure of population size. The IICR corresponds to the effective 

population size if the population is panmictic, but it can differ from the population size 

due to gene flow and population structure which affect the time to coalescence between 

subgroups. Thus, population structure can give a false signal of population growth or 

contraction – a notorious problem in demographic inference (Ptak and Przeworski 2002; 

Chikhi et al. 2010; Peter et al. 2010; Gattepaille et al. 2013; Heller et al. 2013; Mazet, 

Rodriguez, and Chikhi 2015; Mazet, Rodriguez, Grusea, et al. 2015; Orozco-terWengel 

2016). Given these possible confounders, the degree to which whole genome-based plots 
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derived from PSMC and its successors correspond to actual population size changes, 

rather than other demographic phenomena, remains unclear.  

 An alternative approach to infer population demography from genetic data uses 

the site frequency spectrum (SFS). The SFS represents the distribution of alleles at 

different frequencies in a sample of individuals from a population (Nielsen 2000; 

Wakeley 2009). The distribution of single nucleotide polymorphisms (SNPs), ranging 

from rare ‘singletons’ which appear only once in the sample, to high-frequency variants 

that may appear in the majority of individuals, is directly affected by the demographic 

history of the population (Nielsen 2000; Wakeley 2009). Population contractions 

(‘bottlenecks’) can lead to a dearth of rare variants (Nei et al. 1975), whereas a rapid 

population expansion can lead to an overabundance (Tajima 1989; Slatkin and Hudson 

1991; Keinan and Clark 2012). The SFS is a sufficient statistic for unlinked SNPs and has 

been used extensively in population genetic inference of demography (Nielsen 2000; 

Polanski and Kimmel 2003; Adams and Hudson 2004; Marth et al. 2004; Keinan et al. 

2007; Gutenkunst et al. 2009; Gravel et al. 2011; Excoffier et al. 2013). SFS-based 

demographic inference has been implemented in programs such as ∂a∂i (Gutenkunst et 

al. 2009), moments (Jouganous et al. 2017), fastsimcoal2 (Excoffier et al. 2013), 

stairway plot (Liu and Fu 2015), fastNeutrino (Bhaskar et al. 2015), and others 

(Schraiber and Akey 2015). The SFS requires less sequence data per individual than the 

whole genome methods, but requires a greater number of individuals to be studied, with 

a minimum of ten per population typically used (Gutenkunst et al. 2009; Excoffier et al. 
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2013). While the SFS is impractical if one can only sequence one or two individuals per 

population, population genomic studies based on many short loci scattered throughout 

the genome are beginning to be carried out on non-model organisms. RAD-seq data or 

gene transcript data from RNA-seq can readily be used for SFS-based demographic 

inference (McCoy et al. 2014; Trucchi et al. 2014; Sovic et al. 2016).  

 SFS-based and whole genome-based methods may have different strengths and 

weaknesses for demographic inference (Schraiber and Akey 2015). Theoretical and 

empirical data show that SFS-based approaches using large numbers of individuals can 

accurately estimate recent population growth (Nelson et al. 2012; Tennessen et al. 2012; 

Gazave et al. 2013; Bhaskar et al. 2015; Gao and Keinan 2016). In contrast, whole 

genome-based methods are less able to do so (Li and Durbin 2011). Recently, however, 

Schiffels and Durbin (2014) developed the multiple sequentially Markovian coalescent 

(MSMC), an extension to PSMC that uses the SMC' algorithm (Marjoram and Wall 2006) 

and can infer demography from two, four or eight haplotypes (also known as PSMC' 

when inferring from two haplotypes). The incorporation of multiple genomes in MSMC 

is specifically meant to improve estimates of recent growth (Schiffels and Durbin 2014). 

The SFS may be limited in the degree to which it can detect ancient bottlenecks > 2Ne 

(effective population size) generations ago and in its ability to detect population declines 

(Bunnefeld et al. 2015; Terhorst and Song 2015; Boitard et al. 2016). Whole genome-

based approaches are not constrained a priori by the number of population size changes 

as is common in the SFS-based approaches (but see the “stairway plot” approach of Liu 
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and Fu (2015)). They therefore often give information about events occurring millions of 

years ago, but the reliability of those results remains uncertain (Li and Durbin 2011). 

Further, demographic models inferred from human populations using the SFS were 

unable to recapitulate the empirical distribution of identity by state (IBS) tracts across 

the genome, while PSMC-derived models and a new IBS-derived model were better able 

to match the IBS tract distribution (Harris and Nielsen 2013). However, the IBS-derived 

model did not predict the empirical SFS.  

Due to these different strengths and weaknesses of approaches using a single type of 

data, new methods have been developed which attempt to combine linkage 

disequilibrium (LD) information and the SFS (Bunnefeld et al. 2015; Boitard et al. 2016; 

Terhorst et al. 2017; Weissman and Hallatschek 2017). One of the most recent is 

Terhosrt, Kamm and Song’s (2017) method, SMC++, which combines a PSMC-like 

approach with the SFS to condition an SFS calculated from many individuals on the 

distribution of TMRCA from a single unphased genome. This approach is fast and 

potentially very powerful, but has the same barrier to entry for those studying non-model 

organisms as the other SFS methods, as it requires sequence data from many individuals.  

Due to anthropological and biomedical interest, humans are an organism that has been 

extensively studied using numerous demographic inference methods and provide a 

means to quantitatively compare these demographic inference approaches using the 

same empirical populations. Gutenkunst et al. (2009) and Gravel et al. (2011) carried 

out SFS-based inference of human demography using the diffusion approximation in 
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∂a∂i, while Li and Durbin (2011) and Schiffels and Durbin (2014) estimated human 

demography from the same populations using PSMC and MSMC, respectively. Although 

the results are in some ways generally similar, the demographic models inferred for three 

human populations using MSMC (Schiffels and Durbin 2014) differ from demographic 

models for the same populations derived from SFS-based methods (Gutenkunst et al. 

2009). MSMC infers ancient ancestral sizes and periods of growth and decline (the 

characteristic “humps” in MSMC trajectories) that were not detected in the SFS-derived 

models as well as inferring greater recent growth (Figure 1). The models inferred using 

MSMC also vary depending on the number of genomes used for the inference (Figure 1).  

Terhorst et al. (2017) analyzed the same populations with the combined whole genome 

and SFS method, SMC++, finding an ancestral size more in line with Gutenkunst et al.’s 

(2009) model, but with greater recent growth and ancestral bottlenecks more resembling 

the MSMC models (Figure 1). The reasons why these approaches to demographic 

inference yield different estimates remain poorly understood. 

 Here we leverage humans as a model system to perform an empirical comparison 

of the performance of whole genome, SFS, and combined methods of demographic 

inference. Specifically, we determine which published models of human demography 

described above (Figure 1) best fit the empirical distributions of genome-wide 

heterozygosity, LD decay, and the observed SFS.  

We find that the models inferred using the SFS or the combined method SMC++ 

accurately recapitulate heterozygosity and the observed SFS. Among the MSMC models 
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inferred by Schiffels and Durbin (2014), only the MSMC models based on a single 

genome were able to accurately recapitulate heterozygosity, and none of the MSMC 

models predicted an SFS that matched the empirical SFS. None of the demographic 

histories accurately predicted LD decay, but the histories derived from MSMC using four 

genomes (8 haplotypes), the SFS, and SMC++ based models fit better than the MSMC 

models based on one or two genomes. Our results provide a cautionary tale against the 

literal interpretation of demographic models inferred using one type of data, instead 

arguing for considering multiple summaries of the data when making detailed 

demographic inferences in non-model species. 

Methods 

Published demographic models used in this study 

We determined which, if any, of the published models of human demography 

(Figure 1) described below could accurately predict multiple summaries of the genetic 

variation data. Demographic models that fit the data well should produce patterns of 

genetic variation that match the empirical patterns in the data. We focused on three 

human populations: Utah residents with Northern and Western European ancestry from 

the Centre d’Etude du Polymorphism Humain (CEPH) collection (CEU), Han Chinese in 

Beijing, China (CHB), and Yoruba in Ibadan, Nigeria (YRI). 

The first set of demographic models was jointly inferred for the three populations 

in ∂a∂i by Gutenkunst et al. (2009) using a three-population joint SFS based on data 

from intronic regions. Their model parameters were made available both in ∂a∂i and 
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Hudson’s ms (Hudson 2002) format, and include gene flow between the three 

populations (here referred to as the “Gutenkunst” model).  

The next nine models were inferred by Schiffels and Durbin (2014) using whole 

genome Complete Genomics (Drmanac et al. 2010) sequence data of two, four and eight 

statistically phased genomic haplotypes (1, 2 and 4 individual genomes) per population 

to infer demographic histories using MSMC (here referred to as the “MSMC 2-

Haplotype”, “MSMC 4-Haplotype”, and “MSMC 8-Haplotype” models; Supplementary 

Note 1). 

To analyze their models with ∂a∂i, we converted these nine demographic models 

(CEU, CHB, YRI populations, each based on two, four and eight haplotypes) into step-

wise models of population size changes over small time intervals (Supplementary Note 

2, Figure S1).  

 The final set of models was inferred by Terhorst et al. (2017) in SMC++, a 

combined SFS plus whole genome approach. For the whole genome portion of the 

analysis, they used high coverage sequence data from Complete Genomics, and 

generated an SFS based on a combination of 1000 Genomes and Complete Genomics 

whole genome data for each population (Drmanac et al. 2010; 1000 Genomes Project 

Consortium 2015; Terhorst et al. 2017). We converted these SMC++ models to ∂a∂i and 

ms format in the same manner as the MSMC models (here referred to as the “SMC++” 

models; Supplementary Note 2).  

Heterozygosity predicted by demographic models 
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 We compared the distribution of expected heterozygosity from data simulated 

under each demographic model to empirical 1000 Genomes data from the same 

populations in order to determine which models most accurately predict this broad 

summary of the data (Figure 2; Table S1). While heterozygosity is a summary of the 

SFS, we considered it valuable to examine both statistics since information regarding the 

spatial correlation among SNPs along the genome is lost in the genome-wide SFS. The 

distribution of heterozygosity across windows of the genome retains some spatial 

information and is more similar to what is used by the MSMC inference approach. 

Empirical heterozygosity: 1000 Genomes data from the CEU, CHB and YRI populations 

were downloaded. Ten unrelated individuals per population (see Supplementary Note 3 

for sequence IDs) were randomly chosen so that comparisons could be made with 

Gutenkunst et al.’s (2009) empirical SFS, described below. For all our empirical analyses, 

only sites that passed the 1000 Genomes “Strict Mask” filter were considered (1000 

Genomes Project Consortium 2015). 

Expected heterozygosity per site (π) was calculated in non-overlapping 100kb 

windows from the whole genome data (Supplementary Note 3) as: 

! = #
# − 1	

∑ 2)!(1 −"
!#$ )!)

, 	 

where p is the frequency of one allele, L is the total number of callable sites in the 

window, and n is number of sampled chromosomes (n = 20 for 10 diploid individuals). 

Because genetic variation can be affected by linked natural selection (Gazave et 
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al. 2014; Schrider et al. 2016), we also calculated expected heterozygosity for a set of 

6333 x 10kb neutral windows that were selected using the Neutral Region Explorer 

(NRE) (Arbiza et al. 2012) (Supplementary Note 3; Figure S2). The NRE is a useful 

tool that allows for the quick identification of putatively neutral regions that have high 

recombination rates and high B-values (indicating less linked selection). For the full set 

of parameters used in selection of putatively neutral regions, see Supplementary Note 

3.  

Simulated heterozygosity: For each demographic model, whole genome data for 10 

individuals were simulated in MaCS (Chen et al. 2009) over 20,000 x 100kb 

independent blocks, each with a different recombination rate drawn from the 

distribution of recombination rates calculated by Phung et al. (2016) from the pedigree-

based genetic map assembled by the deCODE project (Kong et al. 2010). Additionally, 

6300 x 10kb independent blocks per 10 individuals were simulated for comparison to the 

neutral regions from the 1000 Genomes dataset (1000 Genomes Project Consortium 

2015). Each 10kb block was simulated using a recombination rate matched to that of 

one of the empirical neutral 10kb windows, linearly interpolated from the deCODE 

project (Kong et al. 2010). For both sets of simulations, the expected heterozygosity 

across the 10 individuals was calculated using the equation above in msstats (Hudson 

2002). 

Linkage disequilibrium decay predicted by demographic models 

We calculated LD between pairs of SNPs using genotype data from 10 individuals 
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from each of the four populations in the 1000 Genomes Project data. We removed 

singletons and sites where all ten individuals were homozygous for the reference allele 

and then calculated genotype r2 using vcftools (Danecek et al. 2011). All pairs of SNPs 

were then placed into bins based on their physical distance (bp) between each other, 

from 0-1000bp (bin 1) to 50,000-51,000bp (bin 51). Within each bin, the average r 2 was 

calculated by dividing the sum of r 2 values of each pair of SNPs in the bin by the total 

number of SNP pairs in that bin.  

 The same procedure was carried out for the data simulated in MaCS (Chen et al. 

2009) that were used for the calculations of heterozygosity above. The MaCS output was 

converted to vcf format using a custom bash script. Genotype r2 was calculated in vcftools 

(Danecek et al. 2011) for each 100kb simulated window, the SNP pairs were binned by 

distance, and average r2 was calculated as described above. The MSMC 8-Haplotype YRI 

and MSMC 4-Haplotype CEU, CHB and YRI models have extremely large ancestral sizes, 

and so their simulations involve so many SNPs that the LD calculations become highly 

computationally intensive. Therefore, for these models only 5000 x 100kb blocks were 

used for LD decay calculations, with 20,000 x 100kb blocks used for the other models. 

We experimented with down-sampling the results and found no change in the LD decay 

curve due to the smaller amount of data. 

To demonstrate that the use of the SMCʹ approximation in the MaCS (Chen et al. 

2009) simulator was not biasing our estimates of LD, we simulated data in the manner 

described above under a simple model of extreme population decline (from 100,000 
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ancestral individuals to 1000) using both MaCS and MSMS (Ewing and Hermisson 2010) 

(which does not use the SMCʹ approximation) and ran it through the same LD decay 

pipeline used for our other simulated data (Figure S3).  

SFS predicted by demographic models 

We used the diffusion approximation in ∂a∂i (Gutenkunst et al. 2009) to calculate 

the expected SFSs under the Gutenkunst, MSMC 2-Haplotype, MSMC 4-Haplotype, 

MSMC 8-Haplotype, and SMC++ models for the CEU, CHB and YRI populations. We 

compared the SFSs expected under each of these models both to the empirical SFS used 

by Gutenkunst et al. (2009) to infer the demographic histories of these three populations 

(“Observed (Gutenkunst)”, Figure 4-5) as well as to the SFSs based on low-coverage 

1000 Genomes whole genome sequencing data (“1000 Genomes (Whole Genome)”, 

Figure 6) and SFSs based on putatively neutral regions in the 1000 Genomes dataset 

(“1000 Genomes (Neutral)”, Figure 6). We assessed the fit of different models to the 

observed SFS by comparing their log-likelihoods (see below, Supplementary Note 4; 

Table 1, S2-S4).  

Empirical SFSs: The primary empirical SFSs used in our comparisons were produced by 

Gutenkunst et al. (2009) and used to infer the joint demographic histories of CEU, CHB 

and YRI populations in their study (“Observed (Gutenkunst)”). As described in their 

supplementary information, the joint SFS represents 4.04Mb of Sanger sequencing data 

from 12 YRI, 12 CHB and 22 CEU individuals projected down to 20 chromosomes for a 

total of 17,446 segregating SNPs polarized against chimp, with a correction for ancestral 
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misidentification applied. We marginalized the SFS using ∂a∂i (Gutenkunst et al. 2009), 

in order to have one SFS per population (Figure 4, 5). 

In order to make sure our results were consistent with SFSs derived from other 

sequencing methodologies and different genomic regions, we also generated folded 

proportional genome-wide and neutral SFSs from the 1000 Genomes data described 

above (“1000 Genomes (WG)” and “1000 Genomes (Neutral)”) (1000 Genomes Project 

Consortium 2015) (Supplementary Note 3; Figure 6, S7).  

Expected SFSs under published demographic models: Expected SFSs for a sample size of 10 

diploid individuals were calculated in ∂a∂i (2009) for each of the published demographic 

models extrapolating calculations across three grid points (40, 50, 60) (Figure 4, 5). To 

test whether the effect of differences in mutation rate between the studies may be 

responsible for discrepancies, we also considered an alternative scaling of the MSMC 

models using a higher mutation rate (Supplementary Note 5).  

We generated both the proportional (Figure 4, S5) and absolute (i.e. SFS based 

on SNP counts) SFSs (Figure 5, S6). The proportional SFS was calculated by dividing 

each bin of the SFS output by ∂a∂i by the sum of the bins. The absolute SFS was 

calculated by scaling the SFS output by ∂a∂i (which is relative to - = 1) by:  

- = 4/%!0, 

where NAi is the oldest ancestral size inferred in each model and L is the sequence length 

(4.04Mbp), in Gutenkunst et al. (2009). - for the Gutenkunst model used the authors’ preferred 

mutation rate, 0	= 2.35x10-8 mutations per base per generation, and -	for the MSMC and 
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SMC++ models used the authors’ preferred mutation rate of 0	=1.25x10-8 mutations per base per 

generation (see Supplementary Note 5 for scaling using alternate mutation rates).  

Assessing SFS fit: Log-likelihoods were calculated for each proportional SFS relative to the each 

of the three observed SFSs (Observed (Gutenkunst), 1000 Genomes (Whole Genome), and 1000 

Genomes (Neutral)) using a multinomial log-likelihood (Supplementary Note 4; Table 1, S2, 

S4). The fit of different models was compared by examining their decrease in log-likelihood 

compared to that of each of the observed SFSs to itself (Supplementary Note 4; Table 1, S2, 

S4). Due to the uncertainty of singleton SNP calls using high-throughput sequencing data, log-

likelihoods were calculated both with singletons and with the SFS renormalized without the 

singletons category when comparing to the 1000 Genomes SFSs (Figure S7; Table S4).  

Log-likelihoods were calculated for each absolute SFS (in terms of SNP counts) using a 

Poisson likelihood relative to the Observed (Gutenkunst) SFS (Supplementary Note 4; Table 

S3).  

Effect of Uncertainty in Ancestral Population Size 

To investigate whether changing the ancestral population size (NA) in the MSMC 

trajectories would result in SFSs that better fit the observed SFS, we adjusted the CEU 

MSMC 2-Haplotype model to have a variety of NA values. We also trimmed the model to 

remove ancient events (older than 225.5 kya) to better match the time period (in years) 

encompassed by the Gutenkunst et al.’s (2009) model. These adjusted stepwise models 

were then used to calculate the expected SFS in ∂a∂i, as above. Supplementary Note 7 
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describes the values of NA used when testing the trimmed and untrimmed models 

(Figure S10-S13).  

MSMC Population Size Trajectories for Demographic Models Inferred from the SFS 

To determine whether MSMC is capable of inferring a demography as complex as 

the one inferred in the Gutenkunst model, we used coalescent simulations to generate 

long chromosomal sequence data for each population under the Gutenkunst et al. (2009) 

inferred demographic model (see Gutenkunst et al.’s (2009) Figure 2B and Table 1 for 

full model), then ran MSMC on these simulated datasets to assess whether the program 

is capable of recovering the underlying demographic model.  

Simulations were carried out using MaCS (Chen et al. 2009). For each population, 

we simulated 50 replicate “genomes,” made up of 80 independent 30Mb “chromosomes,” 

each made up of 300 linked 100kb recombination blocks, with per-block recombination 

rates calculated by Phung et al. (2016) from the pedigree-based genetic map assembled 

by the deCODE project (Kong et al. 2010). 

Each simulated genome was then used for a separate MSMC inference, using the 

default parameters (Schiffels and Durbin 2014) (Figure 7A). To determine whether 

these inferred MSMC trajectories would lead to SFSs matching those predicted by 

Gutenkunst et al.’s (2009) model, the MSMC trajectories were averaged and the average 

was converted into a step-wise ∂a∂i model. This model was then used to calculate the 

expected SFS under the averaged model based on simulated data (Figure 7B-C). The 
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multinomial and Poisson log-likelihoods for the proportional and SNP count SFSs were 

calculated as described in Supplementary Note 4 (Table S2, S3). 

Extreme Recent Growth and Neanderthal Admixture: We simulated data under more 

complex demographic histories, first to explore MSMC 2-Haplotype and 8-Haplotype’s 

relative abilities to infer extreme recent growth, then to determine whether the addition 

of Neanderthal admixture may lead to MSMC trajectories resembling those inferred from 

real data by Schiffels and Durbin (2014) (Supplementary Note 6; Figure S8-S9).  

 

Data Availability 

All code to simulate data under each demographic model and calculate heterozygosity 

and generate the SFS from simulated and empirical data are available on GitHub: 

github.com/LohmuellerLab/Compare_Demographic_Models 

Results 

We compared published models of demography for three human populations 

(CEU, CHB, YRI) inferred using different methods for demographic inference: (1) using 

the SFS in ∂a∂i (“Gutenkunst”) (Gutenkunst et al. 2009); (2) using whole genomes in 

MSMC (“MSMC 2, 4, 8-Haplotype”) (Schiffels and Durbin 2014); (3) using a combined 

SFS plus whole genome approach in SMC++ (“SMC++”) (Terhorst et al. 2017). The 

evaluation of the MSMC models involves three models per population because Schiffels 

and Durbin’s (2014) inference was carried out using 2, 4, or 8 chromosomal haplotypes 

(from one, two and four individuals), sometimes resulting in fundamentally different 
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demographic parameter estimates. We evaluated whether the method’s performance was 

improved using certain numbers of haplotypes.  

Heterozygosity predicted by demographic models 

The distribution of expected heterozygosity across 100kb and 10kb blocks was 

calculated from data simulated under each published demographic model for each of the 

three populations and compared to empirical distributions of heterozygosity based on 

whole genome and putatively neutral sequence data from the 1000 Genomes project. 

 We find that the Gutenkunst demographic model inferred from the SFS, the 

MSMC 2-Haplotype model and the SMC++ model all yielded distributions of 

heterozygosity that resemble the empirical whole genome distribution of heterozygosity, 

with MSMC 2-Haplotype fitting the mean most closely (Figure 2). However, we found 

that the higher haplotype MSMC models (MSMC 4-Haplotype and 8-Haplotype) yielded 

distributions of heterozygosity that were highly divergent from the empirical distribution 

(Figure 2; Table S1).  

The MSMC 4-Haplotype models fit worst due to their extremely high inferred 

ancestral size across all three populations (Figure 1; Table S2; CEU: 187,514; CHB: 

191,238; YRI: 205,845 individuals, compared to 4,000-40,000 individuals in the other 

models), with mean whole genome heterozygosity distributions nearly 7x larger than 

that of the empirical whole genome distribution (Figure 2; Table S1). The MSMC 8-

Haplotye model for YRI infers a similarly large ancestral size and has a similarly high 

mean heterozygosity to the 4-Haplotype YRI model. The MSMC 8-Haplotype models for 
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CEU and CHB, however, infer much lower ancestral sizes (CEU: 2,147, CHB: 5,666) 

(Figure 1). Due to the low ancestral size, these models also do not fit the empirical 

distribution well, yielding distributions of heterozygosity with means that are 2-4x lower 

than the empirical distributions.  

When examining the 1000 Genomes data, we found that heterozygosity in the 

neutral regions was higher than that seen for the genome wide distribution of 

heterozygosity calculated in 10kb windows (Table S1; e.g. CEU mean heterozygosity per 

site, whole genome: 7.8x10-4 vs. neutral: 9.4x10-4), suggesting that natural selection has 

directly and/or indirectly affected genome-wide patterns of heterozygosity. When the 

published demographic models were compared to the neutral heterozygosity 

distributions, we found similar trends to those seen for the whole genome data (Figure 

S2). 

Linkage disequilibrium predicted by demographic models  

 None of the published demographic models could perfectly recapitulate the 

empirical LD decay curve (Figure 3). For SNP pairs less than 10kb apart, the MSMC-8 

Haplotype model comes closest to the empirical curve for the CEU and CHB populations 

(Figures 3A and 3B), but underestimates the amount of LD, while all other models 

predict too much LD. The Gutenkunst and SMC++ models predict similar LD curves and 

are closer to the empirical curve than the MSMC 2-Haplotype and 4-Haplotype models. 

For YRI SNP pairs less than 10kb apart, SMC++ and MSMC 8-Haplotype predict similar 

LD decay curves and are close to the empirical distribution, with Gutenkunst still fitting 



 

 

21 

better than MSMC 2-Haplotype and 4-Haplotype (Figure 3C). At distances greater than 

10kb apart, all demographic models predict there to be more LD than seen in the 

empirical data (Figure 3).  

 We found that the lack of fit is not due to the use of the SMCʹ approximation in 

the simulator MaCS (Chen et al. 2009), as both MaCS and MSMS (Ewing and Hermisson 

2010), a coalescent simulator which does not use the SMCʹ approximation, yielded 

highly similar LD decay curves when simulating data under the same simple population 

contraction model (Figure S3).  

SFS predicted by demographic models 

Lastly, we examined which of the demographic models could match the SFS of 

the empirical data. To account for the possibility of overfitting the SFS-based Gutenkunst 

model to the SFS it was inferred from, we also compared all models to empirical SFSs 

based on low-coverage high-throughput 1000 Genomes sequence data from the same 

three populations.  

Comparing to the observed Gutenkunst SFS: For each population, the SFSs 

predicted by the three MSMC models do not match the empirical proportional SFS from 

Gutenkunst et al. (2009), regardless of the mutation rate or number of genomes used 

(Figure 4, S5; Table 1, S2). The expected SFS based on the Gutenkunst et al. (2009) 

demographic history matches the observed SFS closely, being only 9 log-likelihood units 

worse than the best possible fit (comparing the empirical SFS to itself) for CEU, 48 units 

worse for CHB, and 17 units worse for YRI (Table 1). In comparison, the best fitting 
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MSMC models for each population are 152, 188 and 373 log-likelihood units below the 

best possible fit (Table 1). The combined whole genome plus SFS method SMC++ has 

an intermediate fit, with a log-likelihood well below the Gutenkunst model, but 

consistently better than any of the MSMC models (Table 1).  

Interestingly, there is not consistent improvement in fit to the observed SFS when 

increasing the number of individuals used for the MSMC inference. For each population, 

the 4-Haplotype model has the worst fit (Figure 4; Table 1). For CEU and YRI, the 

MSMC 2-Haplotype models fit best of the MSMC models, but both are over 100 log-

likelihood units worse than the Gutenkunst model. For CHB, the 8-Haplotype model fits 

best, but is still 140 units worse than the Gutenkunst model (Table 1).  

 The above comparisons considered the proportions of SNPs at specific 

frequencies in the sample. We also performed a comparison of the number of SNPs in 

each bin of the SFS, the absolute SFS, to the observed absolute SFS used in Gutenkunst 

et al.’s (2009) inference using a Poisson likelihood. The absolute SFS expected under the 

Gutenkunst et al. (2009) model fits the observed SFS best (Figure 5; Table S3), and is 

only 9, 49 and 17 log-likelihood units below the best possible fits for CEU, CHB and YRI 

models, respectively. The SMC++ models have the next best fit to the absolute SFS, but 

come 86 (CEU), 176 (CHB) and 193 (YRI) log-likelihood units below the best possible 

fit, followed by MSMC 2-Haplotype which fell 278 (CEU), 378 (CHB), and 455 (YRI) 

below the optimal fit (Table S3). In all three populations, the MSMC 4-Haplotype and 8-

Haplotype models are thousands of log-likelihood units worse than the best possible fit, 
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showing no improvement based on using a larger number of individuals in the inference 

(Table S3). The over-estimation of SNPs in the 4-Haplotype model is due to the model’s 

extremely high predicted ancestral size (around 200,000 individuals for each 

population) (Table S3).  

For both the proportional and absolute SFSs, we found that rescaling the models 

using a higher mutation rate did not produce large qualitative differences in how the 

MSMC models fit the observed (Gutenkunst) SFS (Supplementary Note 5; Figure S4-

S6). 

Comparing to the folded low-coverage 1000 Genomes SFS: To avoid giving the Gutenkunst 

model an unfair advantage by fitting all models to the SFS used to infer that particular 

model, we also compared all models to proportional folded SFSs based on whole genome 

and neutral data from the 1000 Genomes project (Figure 6, S7). The fit to the empirical 

singletons bin was poor for all models, except for SMC++, which was, in part, fit to an 

SFS based on 1000 Genomes data. Calling singletons is notoriously difficult in low-

coverage data, making that bin the least reliable in the 1000 Genomes data (Kim et al. 

2011; Nielsen et al. 2011; Han et al. 2014; 2015). We therefore calculated likelihoods for 

all models relative to the data both with singletons included and again with the SFSs 

renormalized without the singletons category (Figure S7; Table S4). 

For YRI, the Gutenkunst model is the best fitting model for the whole genome and 

neutral 1000 Genomes SFSs, both with and without singletons, with all other models 

having a much worse fit (the next best model, SMC++, is hundreds to thousands of log-
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likelihood units below the fit of the Gutenkunst model) (Figure 6C; Table S4). For CEU 

and CHB, if singletons are included, SMC++ fits the whole genome and neutral 1000 

Genomes SFSs best. For CEU, the Gutenkunst model then fits second-best, with the 

MSMC models far behind (Figure 6A; Table S4). For CHB, the MSMC 2-Haplotype fits 

second-best after SMC++, with the Gutenkunst model coming third, but both are over 

10,000 log-likelihood units below SMC++ (Figure 6B; Table S4). If singletons are 

excluded for CEU and CHB, then the Gutenkunst model fits best, with SMC++ coming 

in second, and the MSMC models all ranking far below (Table S4).  

Effect of Uncertain Ancestral Population Size 

 The accuracy of ancient ancestral population sizes, particularly more than 3 

million years (>100,000 generations) ago, using the whole genome-based methods 

remains unclear (Li and Durbin 2011). As discussed above, the MSMC 2-Haplotype and 

4-Haplotype models infer large ancestral sizes for each population that are not supported 

by previous inferences of human demographic history (Adams and Hudson 2004; Keinan 

et al. 2007; Boyko et al. 2008; Gutenkunst et al. 2009; Nielsen et al. 2009; Gravel et al. 

2011). We hypothesized that these extreme ancestral sizes, as well as ancient bottlenecks 

and population growth (the signature “humps” of MSMC trajectories), which do not 

appear in demographic models inferred using other methods, could be artifacts that are 

causing the SFS predicted by these models to deviate from the true SFS. 

To test this hypothesis, we took the best fitting of the MSMC models, the CEU 2-

Haplotype model, and carried out a series of adjustment experiments to determine 
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whether changes to the model could provide a better fit to the observed SFS. Without 

adjusting the time period encompassed by the model, we altered the ancestral 

population size to a variety of values including those inferred by Gutenkunst et al. 

(2009) (Supplementary Note 7; Figure S10-S11). We also truncated the MSMC 

trajectory to remove ancient events and better match the time period (in years) 

encompassed by the Gutenkunst et al. (2009) model. We again adjusted the ancestral 

population size to a variety of plausible values (Supplementary Note 7; Figure S12-

S13). 

We found trimming away the ancient (older than ~225k years ago) part of the 

demographic trajectory and lowering the ancestral population size to 10,000 – 12,300 

(compared to 41,261 inferred initially) dramatically improved the fit of the proportional 

SFSs predicted under these adjusted models to the Observed (Gutenkunst) SFS (Figure 

S12; Table S5). The best-fit model with ancestral size (NA) equal to 12,300 was brought 

to within 38 log likelihood units of the best possible likelihood (Figure S12D; Table S5), 

only 29 units below the Gutenkunst model. When repeating this procedure using the SFS 

based on counts, the SFSs under these adjusted models showed a different pattern of 

improvement. Here the untrimmed models that did not have ancient events >225 kya 

trimmed away, but had a lowered ancestral population size of 7,300-12,300, showed the 

most improvement (Figure S11-S12). However, their fit was still more than 100 log-

likelihood units worse than the Gutenkunst model (Figure S12; Table S6). 

MSMC Population Size Trajectories for Demographic Models Inferred from the SFS 
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Given that the SFSs predicted by the demographic models inferred using MSMC 

do not fit the observed SFS, we examined whether MSMC is capable of recovering a 

complex demography such as the one inferred by Gutenkunst et al. (2009) from a single 

simulated genome. We find that MSMC performs relatively well at inferring the 

underlying demography from the simulated data. Figure 7A shows the underlying 

Gutenkunst demographic model for each population (purple) (as in the other 

Gutenkunst model simulations, migration is included in the model, but is not depicted in 

our diagrams), with the results of 50 independent MSMC inferences on each 2-Haplotype 

simulated dataset coming close to the underlying demography. However, sharp 

bottlenecks are inferred as long population declines (as noted by Li and Durbin (2011) 

and Schiffels and Durbin (2014)). Additionally, we found evidence of MSMC detecting a 

false spurt of growth in the YRI population 1350 generations ago (Figure 7A). Both of 

these phenomena were also noted by Bunnefeld et al. (2015).  

The SFSs predicted by the demographic models inferred using MSMC on the 

simulated data fit the SFS expected under the Gutenkunst model and the observed 

Gutenkunst SFSs better than the MSMC demographic models inferred by Schiffels and 

Durbin (2014) (Figure 7B-C). The proportional MSMC simulated data SFSs were only 

40, 74 and 10 log-likelihood units below the Gutenkunst model SFS (Table S2), with the 

SFSs based on SNP counts showing a similar pattern (Table S3). Therefore, if the 

Gutenkunst model is the true demographic model for human history, MSMC accurately 

captures the population size changes and produces an appropriate SFS. 
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It is well established that 2-haplotype whole genome-based inference (PSMC, 

MSMC 2-Haplotype, also known as PSMC') is not able to detect recent demographic 

events (Li and Durbin 2011; Schiffels and Durbin 2014). However, the ability to detect 

recent growth by using more than two haplotypes in the inference is cited as a feature of 

MSMC (Schiffels and Durbin 2014). We ran MSMC 2-Haplotype and 8-Haplotype on 

datasets simulated under the Gutenkunst model and a Gutenkunst model plus extreme 

recent growth (Supplementary Note 6; Figure S8). Unsurprisingly, MSMC 2-Haplotype 

was not able to detect extreme recent growth. Its estimates of current population size 

were fairly accurate for the original Gutenkunst model (Figure 7A), but the method 

dramatically underestimated the growth for data simulated under the Gutenkunst + 

Growth model (Figure S8). The results from 8-Haplotype MSMC inference were most 

surprising. We found that for both models, MSMC 8-Haplotype inferred extreme recent 

growth as many as four orders of magnitude beyond that in the underlying model, with a 

high degree of variance between replicates (Figure S8). Despite the high degree of 

variance, the average of the MSMC trajectories all showed a strong upward bias in 

estimates of the recent past (Figure S8). While the ability to detect recent growth is 

meant to be a feature of MSMC, our findings indicate that the magnitude of growth may 

not be estimated well. 

We had hypothesized that Neanderthal admixture could cause deviation between 

the MSMC and Gutenkunst demographic models, but found that the addition of 

Neanderthal admixture to our Gutenkunst model simulations did not substantively 
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change the MSMC trajectories or expected SFSs (Supplementary Note 6; Figure S9; 

Table S2, S3). 

Discussion 

We tested which published models of human demographic history, inferred using 

either whole genome sequence data, the SFS, or a combined approach, can recapitulate 

multiple summaries of human genetic variation data. We found that no model was able 

to recapitulate all summaries of the data, but some models still performed better than 

others. In particular, none of the models was able recapitulate LD decay, but the 

Gutenkunst SFS-based models and the combined whole genome and SFS-based SMC++ 

models were able to recapitulate empirical heterozygosity and the SFS. MSMC 2-

Haplotype was able to recapitulate heterozygosity, but not the SFS, and MSMC 4-

Haplotype and 8-Haplotype could fit neither heterozygosity nor the SFS, though MSMC 

8-Haplotype did fit LD decay slightly better than the other models. These results 

highlight the uncertainties of demographic inference from one, or even two, types of 

data and the need to assess the fit of demographic models using multiple summaries of 

the data. 

We found that the models based on MSMC inference from 4 or 8 haplotypes did 

not improve the fit of the expected SFS compared to that based on two haplotypes; in 

fact, in most cases the 4- and 8-Haplotype models fit much worse than the 2-Haplotype 

models. The 4-Haplotype models for CEU, CHB and YRI and the 8-Haplotype model for 

YRI appear to fit poorly due to their extremely high ancestral sizes and ancient humps of 
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growth and decline (Figure 1). The expected SFSs under the 8-Haplotype models for 

CEU and CHB show a skew toward low-frequency variants that may be due to their low 

ancestral size followed by extreme recent growth (Figure 1). We find that MSMC 8-

Haplotype vastly overestimates recent growth in simulated data, which may be 

contributing to the lack of fit to the SFS (Figure S8). This result is at odds with the 

findings of Schiffels and Durbin (2014), who suggested that using eight haplotypes 

instead of two should increase accuracy of population size inference in the recent past, 

though they also noted a bias toward smaller ancient population sizes when using an 

increased number of haplotypes. Changing the scaling of the mutation rate did not 

generally help the MSMC models to fit the expected SFS better (Figure S4-S6). It is 

worth noting that the model inferred in SMC++ used the same mutation rate as MSMC, 

yet fit the empirical SFSs much better (Figure 4-6; Table 1, S2-S4), indicating that 

mutation rate differences between the whole genome and SFS-based studies is not the 

source of the discrepancies. 

We found that in addition to not fitting the empirical SFS, the MSMC 4-Haplotype 

and 8-Haplotype models did not predict the genome-wide distribution of heterozygosity 

(Figure 2) which may be surprising as the genome-wide distribution of heterozygosity is 

a major feature of the data used by MSMC. The reason for the lack of fit for these models 

appears to be the extremely high ancestral size inferred in the 4-Haplotype models for all 

three populations and in the 8-Haplotype YRI model, and the low ancestral size inferred 

in the 8-Haplotype Models for CEU and CHB (Figure 1). 
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Since the most ancient size in the MSMC trajectory will have a large influence on 

heterozygosity and the SFS and the most ancient bin of the MSMC trajectory may be 

unreliable (Li and Durbin 2011; Schiffels and Durbin 2014), we explored the effect of 

altering this ancient size and removing ancient growth events in the CEU MSMC 2-

Haplotype model. We found that selective trimming could improve the fit to the SFS 

(Figure S10-S13). However, the final bin of the model cannot explain all of the lack of 

fit of the MSMC models to the data as the CEU and CHB MSMC 8-Haplotype trajectories 

do not show the extreme ancestral sizes in the last bin, yet these models also 

dramatically deviate from empirical heterozygosity and the SFS. In other words, simple 

exclusion of the final high ancestral size is not sufficient to improve model fit to other 

summaries of the data. Our trimming experiments were only made possible by the 

abundance of human sequence data and demographic models previously fit to the data. 

Since many MSMC trajectories are calculated for species for which there is no prior 

information about ancient demographic history, the “informed trimming” we carried out 

is not a practicable solution to improve the reliability of MSMC inference.  

While our results indicate that features of MSMC trajectories, particularly ancient 

events, should be regarded with caution, we also found that MSMC 2-Haplotype is able 

to accurately recapitulate a complex demography (with the exception of steep drops in 

population size, extreme recent growth, and some false periods of growth) from 

simulated data, supporting the validity of the method, at least for use on simulated data 

(Figure 7). Migration between populations did not appear to cause deviations in MSMC 



 

 

31 

trajectories from the underlying model (Figure 7), nor did a small degree of Neanderthal 

admixture (Figure S9), indicating that MSMC is robust to small amounts of gene flow. 

The fact that the 2-Haplotype model based on real data did not fit the observed SFS very 

well (Figure 4-6; Table 1, S2-S4) suggests that the true underlying pattern of human 

demography is more complex than either type of inference (∂a∂i or MSMC) is capturing, 

potentially revealing weaknesses in both methods.  

Alternatively, if the Gutenkunst et al. (2009) demographic model is largely 

accurate, biases or other factors that exist in real data but not in simulated data may be 

affecting MSMC inference, resulting in the method failing to recover an underlying 

demography that matches Gutenkunst et al.’s (2009) model. For example, Song et al. 

(2016) found that statistical phasing could affect MSMC estimates of population split 

times, and Nadachowska-Brzyska et al. (2016) found that per-site sequencing depth, 

mean genome coverage and the amount of missing data led to differences in PSMC curve 

amplitudes, expansions and contractions, and the timing and values of Ne. They therefore 

recommended only using samples with a mean genome coverage of ≥18X and < 25% 

missing data, and employing a per-site sequencing depth filter of ≥10 (Nadachowska-

Brzyska et al. 2016). The Complete Genomics genomes used by Li & Durbin (2011) were 

> 40X coverage (Drmanac et al. 2010), indicating that lack of coverage is not 

responsible for their divergence from estimates based on the SFS. However, the 

standards suggested by Nadachowska-Brzyska (2016) may not always be attainable in de 

novo genome projects, and thus, data quality issues may affect non-model organism 
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PSMC and MSMC inferences more acutely. Future work should also examine the impact 

of artifacts of genome assembly errors and structural variants on PSMC inference. For 

example, collapsing duplicate regions of the genome on top of each other could result in 

regions of the genome having excess heterozygosity, which could in turn affect inference 

of demography.  

We found that no model was able to accurately recapitulate the empirical 

distribution of LD decay. The lack of fit of the SFS-based models is perhaps unsurprising, 

as Harris & Nielsen (Harris and Nielsen 2013) found that the Gutenkunst model cannot 

recapitulate empirical IBS distributions (a finer-scale summary of the data related to LD), 

and Garud et al. (2015) found that they could not recover empirical LD patterns in 

Drosophila, despite matching the SFS, number of segregating sites (S) and number of 

pairwise differences (!). Garud et al. (2015) suggested the lack of fit could either be due 

to linked positive selection or to an incompleteness of the demographic model, 

demonstrating how models that fit some summaries of the data may not recapitulate 

others. It is more surprising that the MSMC 2-Haplotype and 4-Haplotype models do not 

fit the data well, as the method uses LD information in its inference, though different 

summaries of LD may be affected by demography in distinct ways (Plagnol and Wall 

2006). Other possible factors that could lead to the lack of fit of all models to empirical 

LD decay patterns include the absence of natural selection, gene conversion, and fine-

scale recombination hotspots in our simulations (Ardlie et al. 2001; Frisse et al. 2001; 

Wall and Pritchard 2003). Further, if the true mutation rate is actually smaller than the 
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relatively high value used by Gutenkunst et al. (0 = 2.35x10-8 mutations/bp/generation), 

then the population sizes would have to be larger than those estimated by Gutenkunst et 

al. (2009). Larger population sizes would yield larger values of the population scaled 

recombination rate (1) than what was used in our simulations under the Gutenkunst 

model. Larger values of 1	would then lead to a decrease in LD in the simulations, which 

might better match the empirical LD decay curves. 

Natural selection may affect both SFS and whole genome based methods of 

demographic inference. Li and Durbin (2011) found that masking exonic sequence did 

not alter PSMC trajectories. However, Schrider et al. (2016) examined the impact of 

selective sweeps on demographic inference using the SFS in ∂a∂i, approximate Bayesian 

computation (ABC), and PSMC and found that all three methods were influenced to 

varying degrees and in slightly different directions by the presence of selective sweeps, 

with ∂a∂i the most robust to these effects. This is a concern for published human 

demographic models as Gutenkunst et al. (2009) used noncoding sequence from 

autosomal genes in their study, which may be subject to linked selection (Gazave et al. 

2014; Schrider et al. 2016). Schiffels and Durbin (2014) used whole genome sequences 

that included genic and non-genic regions some of which are certainly under selection. 

Thus, the sensitivity of these methods to selection may partially explain why both 

perform well on simulated data without selection, yet have such divergent results when 

run on empirical data. 
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Our results have implications for understanding human demographic history. 

First, there has been controversy concerning the presence of ancient bottlenecks 

(>100kya) in human populations (Takahata et al. 1995; Harpending et al. 1998; 

Takahata and Satta 1998; Hawks et al. 2000; Garrigan and Hammer 2006; Fagundes et 

al. 2007; Scholz et al. 2007; Blum and Jakobsson 2011; Sjödin et al. 2012). The inferred 

“humps” in the ancient portions of MSMC plots (Figure 1) tended to lend support to 

these ancient population size changes that appeared to be absent from SFS demographic 

estimates. Our results suggest that if these ancient population size changes did indeed 

occur, the resulting SFS would appear very different from the SFSs seen in human 

populations (Figure 4-6, S10-S13). The fact that they are not seen in the observed SFS 

suggests that either the size changes did not occur, and the inferred size changes are 

artifacts, or instead, the true demography is more complex than currently modeled using 

either approach. Our conclusion of finding little evidence for the ancient population size 

changes is supported by the study of Sjödin et al. (2012). They employed an 

approximate Bayesian computation approach to directly test models with ancient 

population size changes in Africa and found little support for such ancient bottlenecks.  

Deep ancestral structure has been put forward as explanation for the humps 

detected by the whole genome-based methods by the developers of PSMC and others (Li 

and Durbin 2011; Henn et al. 2012; Mazet, Rodriguez, and Chikhi 2015; Mazet, 

Rodriguez, Grusea, et al. 2015; Orozco-terWengel 2016). While Blum and Jakobssen 

(2011) used the TMRCA to postulate an ancient bottleneck 150-kya, they also were not 



 

 

35 

able to a reject a model of ancestral structure. Strikingly, Mazet et al. (2015) were able 

to perfectly recapitulate the human PSMC humps without invoking a single size change 

in the population by simulating data from a highly structured ancestral population (10 

sub-populations) and modulating the amount of gene flow between these populations. 

Therefore, the large ‘population size changes’ inferred in MSMC, which cause the models 

not to match the empirical SFS, may in fact be due to complex structure and large-scale 

changes in gene flow. This ancient structure may have a large effect on MSMC 

trajectories and LD patterns, but may not strongly influence the SFS (see Figure 7 in 

Lohmueller et al. (2009)), potentially resolving the discrepancy between the methods 

(Henn et al. 2012).  

Our work provides a cautionary tale for understanding population history in non-

model organisms. Our results argue against a literal interpretation of “humps” and other 

jumps in MSMC plots as reflecting population size changes. This problem is exacerbated 

for putative ancient size changes. Given the ever-increasing generation of genomic data 

from non-model taxa and the application of whole genome-based approaches to such 

data (Meyer et al. 2012; Groenen et al. 2012; Zhao et al. 2012; Albert et al. 2013; Ibarra-

Laclette et al. 2013; Orlando et al. 2013; Prado-Martinez et al. 2013; Nadachowska-

Brzyska et al. 2013; Bosse et al. 2014; Freedman et al. 2014; Prufer et al. 2014; Hung et 

al. 2014; Nadachowska-Brzyska et al. 2015; Palkopoulou et al. 2015; Holliday et al. 

2016; Nadachowska-Brzyska et al. 2016; Wang et al. 2016), our findings are especially 

concerning. We recommend employing other model-based types of demographic 
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inference leveraging either SFS-based or other summary statistics in an ABC framework 

to test whether important demographic features suggested by PSMC or MSMC plots can 

be recapitulated using other features in the data. We also recommend, as done in 

Thornton and Andolfatto (2006), Freedman et al. (2014), Song et al. (2016), Hsieh 

(2016) and Cahill et al. (2016) that the PSMC or MSMC plots and TMRCA estimates be 

used themselves as summary statistics for model comparison, rather than the actual 

population size estimates. In other words, more complex demographic models can be 

simulated and tested to see whether they recapitulate the observed whole genome-based 

trajectories. Of course, this approach will not be successful if the trajectories are strongly 

influenced by bioinformatics artifacts or other features not captured within the 

simulations, such as natural selection. For both PSMC/MSMC and SFS-based inference 

methods, we also recommend testing whether the estimated models can predict multiple 

features of the data. Specifically, researchers should check whether their inferred model 

can recapitulate the genome-wide distribution of heterozygosity. The genome-wide 

distribution of heterozygosity may be the most practical and useful statistic for studies of 

non-model organisms that only have a handful of genomes available to them. SMC++ 

and other new approaches that leverage multiple types of data (Bunnefeld et al. 2015; 

Boitard et al. 2016; Weissman and Hallatschek 2017) are promising alternatives, though 

our results indicate that SMC++ still cannot recapitulate all summaries of the data. 

Testing more complex demographic scenarios using multiple summaries of the 

data may help to resolve uncertainties about our own species’ history and will improve 
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demographic inference for non-model organisms. Incorporating the potential complexity 

of possible demographic histories to produce models that better recapitulate the data 

may in fact present the greatest challenge. 
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Tables 

Table 1. Multinomial log-likelihoods comparing the fit of various models to the observed 
SFS derived from Sanger sequencing data and used by Gutenkunst et al. (2009) for their 
inference (SFSs in Figure 4)  
 

CEU 
Model Multinomial LL ∆ LL (Model - Data) 

Data to Dataa -21546 0 
Gutenkunstb -21555 -9 

SMC++c -21599 -53 
MSMC 2-Hapd -21698 -152 
MSMC 8-Hapd -21816 -270 
MSMC 4-Hapd -22760 -1214 

CHB 
Model Multinomial LL ∆ LL (Model - Data) 

Data to Data -20154 0 
Gutenkunst -20202 -48 

SMC++  -20277 -123 
MSMC 8-Hap -20343 -188 
MSMC 2-Hap -20370 -216 
MSMC 4-Hap -21411 -1257 

YRI 
Model Multinomial LL ∆ LL (Model - Data) 

Data to Data -29630 0 
Gutenkunst -29647 -17 

SMC++ -29779 -150 
MSMC 2-Hap -30003 -373 
MSMC 8-Hap -31282 -1652 
MSMC 4-Hap -32976 -3346 

 

aDenotes the best log-likelihood possible when replacing the proportions predicted by the 
model with the observed proportions from the SFS used in Gutenkunst et al.’s (2009) 
study (see Supplementary Note 4). 
bDenotes the model inferred by Gutenkunst et al. (2009) fit to the observed SFS 
cDenotes the model inferred by Terhorst et al. (2017) using a combined whole genome 
and SFS approach  
dDenotes the demographic models inferred by Schiffels and Durbin (2014) using MSMC 
on 2, 4 and 8 haplotypes 
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Figures 

 

Figure 1. Demographic histories for the CEU (A), CHB (B), and YRI (C) populations. 
Trajectories are log-scaled and in terms of physical units (diploid individuals and years). Models 
were either inferred using SFS-based methods (“Gutenkunst”) by Gutenkunst et al. (2009), from 
a sequentially Markovian coalescent-based approach (“MSMC”) from two, four and eight 
haplotypes by Schiffels and Durbin (2014), or using a combined SFS and whole genome 
approach (“SMC++”) by Terhorst et al. (2017). The Gutenkunst models also include migration 
between all three populations, not depicted here. Models are scaled by the generation times used 
in each study (Gutenkunst et al. (2009): 25 years/generation; Schiffels and Durbin (2014): 30 
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years/generation; Terhorst et al. (2017): 29 years/generation). 

 

Figure 2. Kernel density distribution of expected heterozygosity (π per site). Heterozygosity was 
calculated across 100kb windows from whole genome 1000 Genomes project data for CEU (A), 
CHB (B), and YRI (C), and from 20,000 x 100kb blocks for data simulated under each 
demographic model. The black dot and bars indicate the mean ± two standard deviations for 
each distribution. Note the log-10 scaling on the y-axis. 
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Figure 3. Linkage disequilibrium (LD) decay patterns. LD decay was calculated across 100kb windows 
from 1000 Genomes data and simulated data under each demographic model for CEU (A), CHB (B), and 
YRI (C). Pairs of SNPs are binned based on physical distance (bp) between them, up to 51kb. Average 
genotype r2 is calculated within each distance bin.  
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Figure 4. Unfolded proportional site frequency spectra for CEU (A), CHB (B), and YRI (C) 
populations. The “Observed” SFS is from noncoding sequence used by Gutenkunst et al. (2009) 
to infer demographic histories for these three populations. See Figure S5 for scaling using 
alternative mutation rates. 
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Figure 5. SNP count site frequency spectra using the counts of SNPs for the CEU (A), CHB 
(B), and YRI (C) populations. The “Observed” SFS is from noncoding sequence used by 
Gutenkunst et al. (2009) to infer demographic histories for these three populations. SFSs are scaled 
using the ancestral population size given by each model, the mutation rate used to scale each 
model by the authors and the sequence length of the empirical dataset (4.04Mb). See Figure S6 
for scaling using alternative mutation rates. 
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Figure 6. Folded proportional site frequency spectra for CEU (A), CHB (B), and YRI (C) 
populations. The “1000 Genomes (WG)” SFS is from low-coverage whole genome 1000 
Genomes data, and the “1000 Genomes (Neut)” SFS is from 6333 x 10kb putatively neutral 
regions in the 1000 Genomes data. 
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Figure 7. MSMC 2-Haplotype can accurately infer the demographic model predicted by 
Gutenkunst et al. (2009). (A) shows the results of running MSMC 2-Haplotype on 50 
independent 2-haplotype datasets simulated under the Gutenkunst et al. (2009) model of human 
demographic history (“Gutenkunst,” heavy purple line). The resulting MSMC 2-Haplotype 
trajectories (“MSMC Sim. Gut. Data,” fine pink lines) show the MSMC trajectories inferred from 
these 50 datasets. Note that these trajectories accurately track the demographic model used to 
simulate the data. (B) and (C) show proportional and SNP count site frequency spectra for each 
population, respectively. The gray bars (Observed) denote the empirical SFS used by Gutenkunst 
et al. (2009). The purple bars denote the expected SFS under the inferred Gutenkunst 
demographic models. The pink bars denote the expected SFS under the average of the 50 MSMC 
2-Haplotype demographic model trajectories for each population. Note that these three SFSs 
agree. 
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Abstract 

Genome sequence data are now being routinely obtained from many non-model 

organisms. These data contain a wealth of information about the demographic history of 

the populations from which they originate. Many sophisticated statistical inference 

procedures have been developed to infer the demographic history of populations from 

this type of genomic data. In this review, we discuss the different statistical methods 

available for inference of demography, providing an overview of the underlying theory 

and logic behind each approach. We also discuss the types of data required and the pros 

and cons of each method. We then discuss how these methods have been applied to a 

variety of non-model organisms. We conclude by presenting some recommendations for 

researchers looking to use genomic data to infer demographic history.  

1. Why genomic data? 

 The focus of this review is on inferring demographic history from genomic data. 

By “genomic data” we mean genetic variation data from multiple loci sampled from 

throughout the autosomal genome. This could take the form of whole genome sequence 

data or thousands of loci sampled throughout the genome using methods such as RAD-

Seq, sequence capture, or RNA-Seq. With the advent of next-generation sequencing 

technology, it is becoming routine to collect this type of data from non-model species. 

 In this review, demographic inference refers to finding a particular model 

describing population size changes as well as population split and mixture events over 
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time. Genomic data have important practical benefits for inference of demographic 

history. To gain insights from genomic data, we need models that describe genetic 

variation, such as the coalescent (SI Note 1, Figure S1). The coalescent is a probabilistic 

model that underlies how neutral genetic variation data can be generated under a 

particular demographic model. Said another way, a given demographic model can 

produce many possible genealogies. These distinct genealogies will lead to different 

patterns of genetic variation. Each position of the genome has a particular genealogy 

describing its history (see SI Note 1 for the definition of a genealogy and the 

coalescent). Sites near to each other which lack historical recombination will share the 

exact same genealogy (Figure 1). Loci far apart from each other or on different 

chromosomes essentially have independent genealogies, each drawn from the set of 

possible genealogies from the particular demographic model. Sequence data from a 

single locus (e.g. a mitochondrial genome or a single short segment of autosomal 

sequence lacking recombination) provide one independent realization of the 

evolutionary process. Because this is only one of the essentially infinite number of 

possible genealogies for the underlying demography, inferences based on a single locus 

have considerable uncertainty. Increasing the numbers of individuals sequenced will not 

solve this problem. Additional individuals will still be a part of this same genealogy. The 

only way to reduce the uncertainty of the demographic model is to increase the number 

of genealogies sampled. Sampling many loci throughout the genome yields a set of 
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nearly independent genealogies which contain a wealth of information for demographic 

inference.  

2. Methods for demographic inference 

2.1 Site frequency spectrum based methods 

 The site frequency spectrum (SFS) refers to the number of single nucleotide 

polymorphisms (SNPs) at particular frequencies in a sample of individuals (Figure 1). 

For example, for the SFS shown in Figure 1, there are five singletons, or sites where only 

one chromosome in the sample carries the derived (i.e. mutant) allele. The SFS can be 

constructed from a single genomic region, the entire genome, or a particular category of 

sites (e.g. only those SNPs that are in noncoding portions of the genome). Importantly, 

the SFS treats all SNPs in the dataset as independent of one another, ignoring the 

correlation structure (i.e. linkage disequilibrium, or LD) among markers (Figure 1). 

 In almost all cases, resequencing data are preferred to create the SFS, as 

computing a SFS from SNP genotype data can be fraught with difficulties relating to how 

SNPs were ascertained (Clark et al. 2005). As the SFS is a function of the sample size, 

sequencing data from multiple individuals is required. While there is no specific 

minimum number of individuals necessary, larger numbers of individuals (even in the 

hundreds or thousands) will increase the ability to infer recent demographic events 

(within the last hundred generations). Smaller sample sizes, say of at least 10 

individuals, will enable inference of more ancient processes. One advantage of the SFS is 
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that, because SNPs are treated as unlinked, it can be made from sequencing of short 

random fragments, such as those resulting from RAD-Seq approaches (see below). 

 The SFS is a useful summary statistic because it is influenced by the history of the 

population (Figure 2). Coalescent theory (see SI Note 1) provides some guidance for 

how demography impacts the SFS. Different demographic scenarios change the shape 

and branch lengths of the underlying genealogies, which consequently change the SFS. 

The theory of the expected SFS in a constant size randomly mating population was 

developed in the 1990s (Fu 1995) and later extended to include population size changes 

(Griffiths & Tavaré 1998; Polanski et al. 1998; Polanski & Kimmel 2003).  

 Population growth, going forward in time, means that the current population size 

is larger than the ancient population size (Figure 2). The probability of lineages 

coalescing in a particular generation is lower in a larger population than in a smaller 

population (see SI Note 1). As such, the population growth scenario predicts that 

genealogies should have long external branches, corresponding to the large population 

size where the probability of coalescing in a particular generation is lower, and shorter 

internal ones, where the per generation probability of coalescing is higher (Figure 2). 

Mutations randomly added to these genealogies would likely be singletons, as mutations 

have a higher probability of falling on external branches because most of the genealogy 

is composed of external branches. Thus, population growth results in the SFS being 

skewed toward a greater proportion of low-frequency SNPs and singletons (Figure 2). A 

population contraction is a decrease in population size going forward in time. It 
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generates the opposite pattern as population growth. Under a contraction, the 

probability of coalescing in a particular generation is higher in the current population. 

Population contractions result in a lower proportion of low-frequency variants compared 

to a population of constant size.  

 Population bottlenecks, or periods of reduced population size, followed by an 

expansion can have any effect on the genealogies and thus on the SFS, depending on the 

parameters of the bottleneck. If the bottleneck is very severe, then all lineages will 

coalesce during the bottleneck, generating genealogies and SFSs that look like those of 

population growth. If the bottleneck is less severe, then some lineages will not coalesce 

in the bottleneck, and will make their way back to the larger ancestral size (Figure 2). 

Once there, they will take longer to coalesce in this larger population. As such, the 

genealogies will have longer internal branches and the SFS will have fewer low-

frequency variants than from a constant size population.  

 Population structure also affects the SFS (Figure 2). If an equal number of 

lineages are sampled from the two different populations, the migration rate is low, and 

the populations split from each other long ago, then it is likely that lineages within each 

sub-population will coalesce with each other prior to coalescing with lineages from the 

other sub-population. These genealogies will have long internal branches. Mutations 

falling on these branches will be carried exclusively by individuals in that sub-

population. In the extreme case, these mutations will be fixed differences between the 

two populations. If data from the two populations are combined when making the SFS, 
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this type of population structure will result in an excess of intermediate frequency SNPs 

in the SFS. If more lineages are sampled from one sub-population than the other, the bin 

of the SFS corresponding to the number of descendants of the long internal branch will 

be higher (Figure 2). Higher migration rates or a more recent split will result in a less-

pronounced skew in the SFS. 

 Because demographic history can impact the SFS, it is a useful summary statistic 

to infer demographic parameters. Typically, researchers will tabulate the empirical SFS 

from their resequencing data. Then, coalescent theory, either in the form of analytical 

calculations (Bhaskar et al. 2015; Keinan et al. 2007; Marth et al. 2004), or simulations 

(Adams & Hudson 2004; Excoffier et al. 2013; Nielsen 2000), is used to generate the 

predicted SFS for a particular demographic model. Note that here a demographic model 

consists both of the type of model (e.g. growth model, bottleneck, multi-population split 

model, etc.) as well as the particular parameter values (e.g. migration rate, population 

size, time of size change, etc.). Once the SFS predicted by the demographic model has 

been generated, the fit of the predicted SFS to the empirical SFS can be assessed, 

typically in a likelihood framework.  

 There are two ways that the SFS can be used for statistical inference. The first 

approach uses the proportions of SNPs at different frequencies in the sample which 

follows a multinomial distribution (Adams & Hudson 2004; Nielsen 2000), yielding a 

multinomial likelihood function. Alternatively, inference can be done using the number 

of SNPs at different frequencies in the data, yielding a Poisson likelihood function with 
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the rate parameter coming from the demographic model (Hartl et al. 1994). The Poisson 

likelihood approach has the advantage of using more information from the data, but 

requires information about mutation rates. Using either approach, researchers can search 

over the space of demographic parameters to find the parameter values that generate 

SFSs that most closely match the observed SFS, and maximize the likelihood function. If 

SNPs are not independent of each other, the same approach can be used, but the 

likelihoods will be composite likelihoods rather than true likelihoods. Composite 

likelihood estimators have similar properties to likelihood estimators and are consistent 

(Wiuf 2006), but the asymptotic confidence intervals are too small. Instead, appropriate 

confidence intervals are found through bootstrapping (Gutenkunst et al. 2009; Keinan et 

al. 2007) or approaches that seek to correct the likelihood function for LD (Coffman et 

al. 2016).  

 A number of software packages implement the methods to infer demographic 

parameters from the SFS. One approach is fastsimcoal2 (Excoffier et al. 2013). This 

approach uses coalescent simulations to generate the predicted SFS for demographic 

parameters and can consider both single-and multi-population models. For inference 

using more than one population, this method can use the multi-dimensional SFS, 

essentially a two-dimensional histogram, to infer split times and migration rates. One 

disadvantage is that because coalescent simulations are used, it can be time consuming 

to run for large numbers of populations or samples. Further, many simulation replicates 

need to be run to obtain reliable estimates of the likelihood. Another software package 
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for demographic inference using the SFS with coalescent models is FastNeutrino 

(Bhaskar et al. 2015), which analytically calculates the SFS for a population size change 

model. Thus, FastNeutrino is faster, especially for large samples. However, it currently 

can only consider a single population. 

 Beyond using the coalescent to obtain the predicted SFS for a given demographic 

model, other approaches model genetic drift forward in time, and use diffusion 

equations to approximate the binomial distribution of allele frequency change (Kimura 

1964). Inference can be done in the likelihood framework as previously discussed. One 

popular program that uses diffusion theory to generate the SFS from a demographic 

model is δaδi (Gutenkunst et al. 2009), which can work with both single populations as 

well as the multidimensional SFS for jointly modeling up to three populations 

simultaneously. Another program, MultiPop, uses polynomials to solve the forward 

diffusion approximation and can yield more exact results under certain models (Lukic & 

Hey 2012).  

2.2 Approximate Bayesian computation with summary statistics 

  Another computational approach used for demographic inference is approximate 

Bayesian computation (ABC) (Beaumont et al. 2002; Fu & Li 1997; Marjoram et al. 

2003; Pritchard et al. 1999; Tavaré et al. 1997). The idea behind this approach is to infer 

demographic parameters from multiple summary statistics such as the average number 

of pairwise differences between sequences, FST, or LD decay. The summary statistics are 

computed on the real data set and from an ensemble of coalescent simulations under a 
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prior distribution of parameter values (Figure 3). Demographic parameter values from 

the prior distribution are then “accepted” if they generate summary statistics that are 

close to the values seen in the empirical data, thus yielding the posterior parameter 

distribution. Several excellent review articles on ABC methods in population genetics 

have been published (Beaumont 2010; Bertorelle et al. 2010; Csilléry et al. 2010; 

Marjoram 2013; Sunnåker et al. 2013). 

There are several advantages to ABC approaches. The first is that because 

coalescent simulations are used to generate summary statistics from demographic 

models, very complex and realistic models can be explored. A second advantage is that 

ABC methods are fairly general and can be applied to different platforms. Previous 

studies have used SNP genotype data (Wollstein et al. 2010), resequencing data from 

short fragments in multiple individuals (Fagundes et al. 2007), or whole genome 

sequence data on a small number of individuals (Robinson et al. 2016). Ancient DNA can 

also be used in conjunction with modern DNA in ABC inference frameworks (SI Note 2, 

Figure S3). Of course, different summary statistics will need to be employed depending 

on the data type and the particular parameters that can be estimated.  

 The ABC approach begins by selecting a particular demographic model of 

arbitrary complexity, from which one wishes to infer parameters (Figure 3). A prior 

distribution is specified for each parameter of interest. Often uniform priors are chosen. 

For parameters that tend to vary over many orders of magnitude, like migration rates 

and selection coefficients, log-normal distributions can be chosen. When in doubt, 
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multiple prior distributions can be considered to assess the robustness of the results. 

Coalescent simulations are run based on parameters drawn from the priors, and 

simulations should match the specifics of the empirical data used in the study, including 

the numbers of individuals sequenced, number of loci, and other ascertainment 

conditions. The resulting summary statistics (multiple statistics are allowed) from the 

simulated dataset are compared to those from the empirical data, and if they are close 

enough, the parameter values used to simulate the data are retained and contribute to 

the posterior distribution. If, on the other hand, the simulated summary statistics are not 

close in value to those of the empirical data, the parameters are “rejected.” This process 

is repeated until enough replicates (at least a few thousand) are retained. The 

distribution of the accepted parameter values will represent an approximate posterior 

distribution. This approach outlined above is a simple “rejection sampling approach” that 

has been widely used in population genetics and other fields (Marjoram 2013; Tavaré et 

al. 1997). 

 A major methodological advance in ABC is that rather than implementing the 

algorithm described above, parameter sets can be more heavily weighted if the resulting 

simulation more closely matches the summaries of real data (Beaumont et al. 2002). In 

this framework, one can “accept” parameter values that are not as close a match to the 

empirical data increasing the efficiency of the ABC. This framework has been 

implemented in local linear regression models (Beaumont et al. 2002) as well as other 

non-linear regression approaches (Blum & François 2010). Newer approaches involve 
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using deep learning to match the non-linear relationship between combinations of 

summary statistics and parameter values (Sheehan & Song 2016). 

 ABC methods have several disadvantages. One is that the methods are highly 

computationally intensive, often involving billions of coalescent simulations, which may 

limit the parameter space explored, and can lead to incorrect inference. However, the 

simplest ABC approaches are easily parallelizable and computational power is continuing 

to increase, potentially ameliorating this concern. Secondly, ABC approaches may not be 

efficient if the prior distributions are wide, or if the type of model being considered is 

unlikely to generate the observed data. In this case, a high proportion of parameter 

values will be rejected, although the local regression approach discussed above will 

mitigate some of this concern. A more serious drawback is that the success of ABC 

inference may depend on the choice of summary statistics. If the summary statistics are 

not capturing enough information from the data or the relevant information for the 

parameters of interest, then the posterior distributions will appear similar to the prior 

distribution, suggesting that the data are non-informative. Deciding which summaries 

are relevant is more of an art, though some intuition can be gained from understanding 

the type of models being analyzed. For example, if one is estimating the migration rate 

and split times between populations, a statistic related to population differentiation, like 

FST, is more informative. Recent work has provided more systematic approaches to 

picking the optimal set of summary statistics (Joyce & Marjoram 2008; Jung & Marjoram 

2011; Nunes & Balding 2010).  
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 A number of software packages implementing ABC approaches have been 

developed. Several popular packages include DIY-ABC (Cornuet et al. 2008, 2014), 

popABC (Lopes et al. 2009), and ABC Toolbox (Wegmann et al. 2010). These packages 

are similar to each other in that they can be used to analyze a variety of types of data, 

and rely on other software to perform the coalescent simulations. Researchers interested 

in applying ABC approaches should investigate these methods to see whether one 

approach may have certain advantages for their specific question and data. 

 In addition to ABC methods, other researchers have devised approximate 

likelihood approaches (Weiss & Haeseler 1998). These approaches compute the 

likelihood of the model parameters given the summary statistics (i.e. probability of the 

summary statistics under the model), which is possible when the distribution of the 

summary statistic is approximately known. For example, Plagnol and Wall (2006) 

assumed that a set of summary statistics (Tajima’s D, π, number of segregating sites (S)) 

was multivariate normal and Lohmueller et al. (2009) assumed that the number of 

haplotypes and the count of the most common haplotype in windows across the genome 

follows a multinomial distribution.  

2.3 IBS/IBD 

Summaries of allele frequencies, such as the SFS, assume that sites are 

independent and the associated inference methods do not account for linkage between 

sites. To model linkage, there are inference methods based on haplotypes: the 

arrangement of specific alleles occurring in the same chromosome within a given genetic 
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segment. Given a collection of individual DNA sequences, similarity between the 

haplotypes in a given region of the genome may be due to identity by descent (IBD) or 

identity by state (IBS). The former corresponds to having shared sequence content due 

to shared ancestry (the samples are descendants from a recent common ancestor and no 

recombination events have occurred to break up that tract of DNA) and the latter 

corresponds to the sequences being identical in their composition alone, whether or not 

they have shared ancestry. IBD does not always imply IBS, as new mutations may have 

occurred on the given genetic segment so it is not required to have identical sequence 

composition despite shared ancestry. Conversely IBS also does not always imply IBD. 

Calling IBD tracts requires an additional inference step, which is not trivial, and several 

tools (e.g. GERMLINE, dical-IBD, Haploscore, Relate-Admix, Refined-IBD, IBDseq); 

(Browning & Browning 2013a,b; Durand et al. 2014; Gusev et al. 2009; Moltke & 

Albrechtsen 2014; Tataru et al. 2014)) have been developed to identify IBD segments in 

the genome (see Ramstetter et al. (2017) for comparative accuracy between several IBD 

calling methods). By contrast, IBS is computed directly from the observed data, making 

it sensitive to several factors affecting data quality such as phasing errors, sequencing 

errors and missing data.  

IBD 

 IBD is informative about the demography of the population because population 

level-parameters directly influence IBD (Browning & Browning 2013b, 2015; Gusev et al. 

2012). The effective population size, Ne, under the neutral model is inversely related to 
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the time to the most recent common ancestor (TMRCA) between any randomly chosen 

pair of individuals in the population. Smaller population sizes would result in more 

recent TMRCAs. A population bottleneck would cause many loci to coalesce during the 

bottleneck (a high coalescence rate corresponding to a low population size), while 

periods of large population size would result in a low coalescence rate. The TMRCA can 

be estimated by knowing the level of IBD sharing between two individuals as it gives a 

direct readout of ancestry. Since shorter IBD segments correspond to longer TMRCAs, 

and longer IBD segments correspond to shorter TMRCAs, differences in the ancestral 

(old) population sizes have an effect on the overall level of sharing of short IBD 

segments between individuals, whereas more recent population size changes affect the 

level of sharing of long IBD (Gusev et al. 2012). Other demographic features, like 

increased probability of mating within a particular community, will increase IBD over 

baseline levels. Population expansions will lead to a faster exponential drop off in the 

distribution of lengths of shared IBD segments, because it corresponds to an increasing 

effective population size. However, IBD sharing can be higher than expected despite 

overall population expansion if there is population substructure (demes) with high levels 

of intra-population migration. In essence the high level of sharing within the smaller 

demes (smaller effective population size) is propagated to neighboring demes to increase 

overall sharing.  

 Geographic proximity and population substructure is more likely to result in 

higher IBD. For example, Ralph and Coop (2013) studied IBD sharing within and 
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between European human populations to look for trends with geography, and found that 

individuals from neighboring populations share considerable numbers of common 

ancestors (2-12) within the last 1500 years showing the high level of relatedness 

amongst Europeans.  

 To use IBD patterns for demographic inference, one first needs to define the tracts 

from the genetic variation data. This can be done using dense genotype data or whole 

genome sequencing data. Current methods to call IBD tracts tend to perform better at 

detecting longer IBD tracks (> 2 cM) and shorter tracts may be more likely to be called 

in error. IBD tracks provide valuable information about common genetic ancestry and 

recent evolutionary events because IBD tracks are broken up over time due to 

recombination.  

 There are methods to exploit long range IBD information shared between 

individuals and infer recent demographic events using large sample sizes. For example, 

Palamara et al. (2012) examined the relationship between the distribution of shared IBD 

segment lengths and demographic history, and show they can infer demographic events 

as recent as tens of generations ago. Intuitively, more recent common ancestry is 

associated with a smaller population size, and would result in a higher fraction of longer 

IBD segments between individuals. They inferred two expansion events in an Ashkenazi 

Jewish population interspersed with a founder event.  
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IBS 

Unlike IBD, the related IBS measure is computed directly from the observed data, 

making it easier to calculate but more prone to sequencing or phasing errors. In one 

application, Harris and Nielsen (2013) inferred complex demographic events such as 

divergence times, admixtures times and population size changes from the distribution of 

the lengths of IBS haplotypes between pairs of chromosomes. One advantage of using 

IBS instead of IBD is that IBS is directly observable while IBD needs to be inferred, and 

IBS can infer both ancient and recent demographic events. The IBS-based method works 

on phased whole genome sequencing data and has been successfully applied to human 

data sets from the 1000 Genomes project, Native American genomes and sequence data 

from polar bears (Harris & Nielsen 2013; Liu et al. 2014; Raghavan et al. 2015). 

To demonstrate the value of demographic inference from IBS distributions, Harris 

and Nielsen (2013) use coalescent simulations (and with their approximation formulas) 

to show that the IBS distribution is able to accurately determine admixture times 

between two populations, with more recent admixture leading to an increase in longer 

shared IBS tracts, as expected. The advantage of IBS, instead of the site frequency 

spectrum, is that IBS incorporates information from linkage between sites, and unlike 

most HMM-based methods (e.g. PSMC, to be discussed below) it can fit more complex 

demographic scenarios and use larger samples sizes. 
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2.4 PSMC type methods 

 The distribution of heterozygous and homozygous sites across the genome 

contains information about the set of genealogies that gave rise to the genome. Loci 

containing a large proportion of homozygous sites are inferred to have recent coalescent 

times, while regions with many heterozygous sites are inferred to have more ancient 

coalescence times. The resulting distribution of coalescent times inferred across even a 

single individual’s genome can provide insight into coalescence rates through time, and, 

more indirectly, past demographic events. 

 The Pairwise Sequentially Markovian Coalescent (PSMC) (Li & Durbin 2011) 

leverages this information to infer changes in Ne through time from a single genome. 

PSMC requires whole genome sequence data from at least one individual. Sequencing 

reads must be mapped to a reference genome and filtered for high-confidence sites. 

PSMC uses the presence of SNPs across 100bp windows of the genome to infer the 

distribution of coalescent times using a hidden Markov model (with the TMRCAs as the 

hidden states, recombination events as the transitions, and mutations as the emissions, 

Figure S2A), and, ultimately, the coalescence rate over a given number of time 

segments. The inverse of the coalescence rate can be rescaled by the user’s choice of 

mutation rate and generation time, to yield a trajectory of Ne over time (Figure S2B).  

 An extension of the method, the Multiple Sequentially Markovian Coalescent 

(Schiffels & Durbin 2014) (MSMC) uses the improved SMC' algorithm (Marjoram & Wall 

2006), which enables more accurate recombination rate estimation, to infer the 
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coalescence rate from the most recent time to coalescence between any two haplotypes 

across multiple genomes (up to eight phased haplotypes). The goal of using multiple 

genomes is to better infer recent demography. By including more genomes, there are 

more recent coalescent events which provide more information about recent population 

sizes. 

PSMC and MSMC are staples of de novo genome papers and are a reasonable 

option for an initial query into the history of coalescence rates for a population. 

However, caution should be used when interpreting the resulting demographic 

trajectories. Changes in gene flow can yield trajectories that mimic changes in population 

size, and PSMC/MSMC demographic histories have been shown not always to predict 

other summaries of the data, such as the SFS (Beichman et al. 2017; Chikhi et al. 2018; 

Mazet et al. 2016; Orozco-terWengel 2016). 

 Newer methods continue to leverage the distribution of coalescent rates while 

incorporating other summaries of genetic variation. MAGIC (Minimal Assumption 

Genomic Inference of Coalescence) (Weissman & Hallatschek 2017) uses a range of 

window sizes across the genome to infer the single-locus distribution of coalescent times 

from any number of genomes, without explicitly having to model recombination. MAGIC 

enables users to use simulations to test the resulting models against empirical summaries 

of the coalescent process. This allows the coalescent time distribution to be used as a 

summary of the data, rather than a literal record of demographic history. SMC++ 

(Terhorst et al. 2017) incorporates the SFS based on hundreds of genomes with the 
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distribution of coalescent times from a single genome. This enables information from 

many genomes to be incorporated without adding a major computational burden. While 

MAGIC and SMC++ can be run on a single genome, their real promise is in the 

incorporation of hundreds of whole genome sequences into demographic inference. 

While numerous whole-genome sequences may not yet be a reality for many non-model 

organisms, these approaches will become more accessible over time. 

2.5 G-PhoCS 

 Unlike the previously discussed approaches, a method called the Generalized 

Phylogenetic Coalescent Sampler or G-PhoCS uses the full sequence data from multiple 

individuals for demographic inference (Gronau et al. 2011). G-PhoCS is typically run on 

many independent short genomic fragments scattered throughout the genome, which 

could be generated from whole genome, sequence capture or RAD-Seq approaches. It is 

assumed that there is no recombination within each fragment. Several individuals are 

required for inference. G-PhoCS gains its ability to infer parameters from the mutational 

patterns at many independent loci across the genome. Because it uses the maximum 

amount of information possible from the available data, this approach is ideal from a 

statistical inference perspective. 

 The G-PhoCS method is a significant extension of previous full-likelihood 

programs for genomic data (Burgess & Yang 2008; Rannala & Yang 2003). G-PhoCS 

performs inference under a multi-population demographic model whose parameters 

consist of population split time(s), relative population sizes, and migration bands (i.e. 
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the migration rates between populations at specific time points). Genealogies are 

generated under particular demographic models, and then, conditional on that 

genealogy, the probability of the sequence data for each fragment is computed. 

Importantly, most genealogies have a very low probability of generating the observed 

sequence data. Thus, G-PhoCS does not sample genealogies at random. Instead, G-PhoCS 

uses Metropolis Hastings sampling in a Markov Chain Monte Carlo approach to 

preferentially sample genealogies that are likely to be compatible with the data, 

increasing efficiency of the inference. G-PhoCS provides posterior distributions of the 

demographic parameters of interest. 

 An advantage of G-PhoCS is that it makes use of the full information from the 

data. Additionally, it is designed for inference under complex demographic models, such 

as multi-population models with migration. The major disadvantage of G-PhoCS is that it 

is computationally demanding, often requiring weeks to run. Additionally, it is less able 

to infer recent population size changes compared to other approaches, which may be 

important depending on the goal of the inference. 

3. Demographic inference in non-model species 

3.1 Site Frequency Spectrum Based Methods  

The SFS based on whole genome resequencing has been used in numerous studies 

to infer the demographic history of non-human organisms, from model species (Garud et 

al. 2015), to wild populations (Zhan et al. 2014; Zhao et al. 2013), to domesticated 
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animals and crops (Lam et al. 2010; Lin et al. 2014; Qi et al. 2013; Shapiro et al. 2013; 

Wang et al. 2016). 

Douglas et al. (2015) used whole genome sequencing and the SFS to infer the 

demographic history of several species in the plant genus Capsella and used the resulting 

demographic history as the basis for inferring the distribution of fitness effects (DFE) and 

the impacts of polyploidy on selection. Capsella bursa-pastoris (shepherd’s purse) is a 

tetraploid species. Douglas et al. (2015) used whole genome sequencing of the C. bursa-

pastoris genome and comparison with its diploid relatives to determine that it has a 

hybrid origin from the ancestors of two modern diploid Capsella lineages with more 

restricted ranges. The authors then sequenced 9-13 additional genomes from each of the 

three species and built a joint SFS. Fastsimcoal2 (Excoffier et al. 2013) was used to infer 

demographic parameters for four different models of speciation, which included 

population size changes and different amounts of gene flow. They determined that a 

model of exponential growth with no gene flow was the best fitting model, and that the 

two diploid Capsella lineages had an ancient divergence ~900kya, with the hybrid C. 

bursa-pastoris occurring much more recently (100-300kya). 

RAD-Seq and other genotyping-by-sequencing (GBS) approaches allow 

researchers to sequence many individuals in a population affordably by generating 

sequences of short segments of DNA from across the genome (Andrews et al. 2016). 

While these segments may not be useful for studies of selection or gene function, they 

are a good way to build a SFS based on many individuals for use in demographic 
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inference (Egger et al. 2017; Filatov et al. 2016; Harvey et al. 2016; Kautt et al. 2016; 

Lanier et al. 2015; Le Moan et al. 2016; Lipshutz et al. 2017; Sovic et al. 2016; Tine et 

al. 2014; Trucchi et al. 2014). Sequence capture also can be used to generate enough 

data to build a SFS without having to resequence whole genomes (Crawford et al. 2017; 

Harvey et al. 2016; Laurent et al. 2016; Singh et al. 2013). Laurent et al. (2016) were 

interested in differential coloration between two species of White Sands lizards 

(Sceloporus cowlesi and Aspidoscelis inornata). In both species, lizards who live on pale 

colored sand at White Sands (WS) National Monument, New Mexico, have an adaptive 

pale coloration, while those living elsewhere across the range of the two species live on 

dark sands and have dark coloration. To explore the demographic history of these 

populations and detect a signature of selection underlying this phenotype, the authors 

sampled 24 individuals from each species across three populations (one white sand and 

two dark sand sites). They used a custom sequence capture approach to sequence the 

region around the candidate Mc1r coloration gene in addition to hundreds of loci 

scattered throughout the genome. For each species, they generated a joint SFS between 

the populations and inferred demographic parameters for six models using both 

fastsimcoal2 (Excoffier et al. 2013) and δaδi (Gutenkunst et al. 2009). In both species, 

they found recent divergence between the light soil and dark soil populations, which 

tallies with the geological history of the region (the light soil is the result of recent 

gypsum deposits 7000ya), with different light-soil colonization times between the 

species. 
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 RNA-Seq is another popular way to generate large amounts of data inexpensively. 

However, RNA-Seq also has numerous pitfalls, including issues with sample preservation 

and quality, the ability to call SNPs (Han et al. 2015), and a potential for linked selection 

to confound demographic inference (Gazave et al. 2014; McCoy et al. 2014; Schrider et 

al. 2016). Nevertheless, RNA-Seq data has been used to generate the SFS and infer 

demographic history in a number of species (Combosch et al. 2017; Edwards et al. 2016; 

McCoy et al. 2014; Stuglik & Babik 2016). McCoy et al. (2014) tested the viability of a 

joint SFS based on SNPs derived from RNA-Seq data for demographic inference in δaδi 

(Gutenkunst et al. 2009) by comparing the recorded history of the introduced Gillette’s 

checkerspot butterfly (Euphydryas gillettii) population to their inferred demographic 

parameters. The population parameters they estimated were concordant with the known 

history of the founding of the population, though they still recommend RAD-Seq as the 

preferable option for demographic studies as RAD-Seq is less likely to be confounded by 

linked selection in genic regions. 

3.2 Approximate Bayesian Computation (ABC) 

ABC approaches were originally used on limited loci – either a handful of nuclear 

loci, mitochondrial DNA, or microsatellites (Fagundes et al. 2007; Pritchard et al. 1999; 

Thornton & Andolfatto 2006). Now, whole genome sequencing yields genome-wide 

summary statistics that can be used for the inference of demographic parameters in an 

ABC framework (Boitard et al. 2016; Nater et al. 2017; Prado-Martinez et al. 2013; 

Robinson et al. 2014, 2016). Nater et al. (2017) sequenced 37 whole genomes to 
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identify a new orangutan species (Pongo tapanuliensis) in Sumatra, south of Lake Toba. 

They used the ABC approach of Beaumont et al. (2002) to infer demographic parameters 

using numerous summary statistics calculated within and between populations, including 

Watterson’s estimate of the population mutation rate (θ), nucleotide diversity (π), 

Tajima’s D, average sequence divergence, and others, calculated from putatively neutral 

loci throughout the genome. The authors explored their results further using MSMC 

(Schiffels & Durbin 2014) and G-PhoCS (Gronau et al. 2011). The resulting best-fit 

model had three deep lineages of orangutan and indicated that the fragile population 

(<800 individuals) south of Lake Toba is a distinct orangutan lineage, descended from 

an ancestral population that was the source for the northern Sumatra and Borneo 

orangutan species. 

Sequence capture and GBS lend themselves to ABC inference as summary 

statistics and can be generated for a reduced portion of the genome, making them useful 

approaches for surveying natural and domesticated populations lacking in large-scale 

sequencing resources (Combosch et al. 2017; Cornille et al. 2016; Shafer et al. 2015). 

Shafer et al. (2015) explored the utility of GBS data for ABC demographic inference 

using extensive simulations to develop a set of best-practices recommendations. They 

implemented their best practices to infer the demographic history of high Arctic and 

central Arctic Atlantic walrus (Odobenus rosmarus rosmarus) populations based on GBS 

sequencing of 30 walrus individuals. They inferred divergence between the walrus 

populations around the time of the last glacial maximum (LGM), with subsequent 
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population declines and asymmetric migration of individuals moving from the high 

Arctic population to the central Arctic. The population decline they detected was not 

found by previous microsatellite study (Andersen et al. 2009), indicating an 

improvement using GBS data, though they also acknowledged that ABC is underpowered 

to detect bottlenecks, especially bottlenecks followed by recovery. 

RNA-Seq data can also be used to generate the summary statistics necessary for 

ABC demographic inference. Nabholz et al. (2014) carried out RNA sequencing on 9 

domesticated (Oryza glaberrima) and 10 wild African rice (O. barthii) individuals and 

aligned them to the Asian rice (O. sativa) reference genome. They used a simple two-

population demographic model to estimate the timing and magnitude of the African rice 

domestication bottleneck. Using the number of SNPs, Tajima’s D and FST as summary 

statistics, they found that the domestication bottleneck in African rice was severe, 

resulting in a reduction of 98% of the ancestral population and twice as strong as that 

estimated in maize by Wright et al. (2005). 
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3.3 IBS/IBD Tracts 

 IBS/IBD tract methods have not been as widely employed in demographic 

inference of non-model species compared to other methods since they require many 

whole genome sequences or dense genotype data. However, in a notable use of the 

approach, Liu et al. (2014) used IBS tract information to infer the demographic history 

of polar bears (Ursus maritimus) and brown bears (U. arctos). They sequenced high 

coverage genome sequences from 18 polar bears and 10 brown bears, plus an additional 

61 low coverage polar bear genomic sequences. They then used the IBS tract approach of 

Harris & Nielsen (2013) to infer demographic parameters, including levels of gene flow, 

for both species. They found the divergence of polar bears to be more recent than that 

inferred by other studies, only 343-479kya, which they credit to inferring a complex 

demographic history with divergence, rather than a basic isolation-migration model that 

did not incorporate fluctuations in population size. They demonstrated that a simple 

model cannot recapitulate IBS tract patterns in the data while their best-fit model 

accurately predicts the distribution of IBS tracts in both species. 

3.4 PSMC 

 PSMC and MSMC have been widely used for the study of non-human species 

(Albert et al. 2013; Bosse et al. 2014; Fitak et al. 2016; Freedman et al. 2014; Groenen 

et al. 2012; Holliday et al. 2016; Hung et al. 2014; Ibarra-Laclette et al. 2013; Murray et 

al. 2017; Nadachowska-Brzyska et al. 2013, 2015, 2016; Prado-Martinez et al. 2013; 

Wang et al. 2016; Zhao et al. 2013). The relatively low barrier to entry (a single 
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genome) allows demographic inference in many species for which the other methods 

would be impossible, especially extinct species with only a few historical or ancient 

genome sequences available (Hung et al. 2014; Murray et al. 2017; Palkopoulou et al. 

2015; Prüfer et al. 2014; Schubert et al. 2014). Palkopoulou et al. (2015) sequenced two 

woolly mammoth (Mammuthus primigenius) genomes, one from ~4kya, the other from 

~45kya, to relatively high coverage of 17x and 11x, respectively. They carried out PSMC 

analyses on both mammoth genomes, and found that both individuals showed a 

concordant demographic history in the ancient past, with a steep decline in the more 

recent past in the trajectory of the less-ancient sample (representing the demographic 

history after the death of the older mammoth individual). 

3.5 G-PhoCS 

G-PhoCS has been used alone and in conjunction with other methods to infer 

demographic history from whole genomes (Carbone et al. 2014; Freedman et al. 2014; 

Hung et al. 2014; McManus et al. 2015; Wang et al. 2016) and RAD-Seq data 

(Harrington et al. 2018). Harrington et al. (2018) used both SFS-based inference in 

fastsimcoal2 and G-PhoCS on RAD-Seq data from 35 red diamond rattlesnake (Crolatus 

ruber) samples along the coast of Baja California. They found evidence for a 

phylogeographic break between populations that is concordant with existing subspecies 

taxonomy and morphological differences. To explain this break, they tested multiple 

models of divergence and admixture between populations using fastsimcoal2, then 

compared the parameters estimated from the SFS to those estimated in G-PhoCS under 
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an isolation-migration model. They found the best support for a model of isolation 

followed by secondary contact during the Pleistocene, with G-PhoCS and fastsimcoal2 

differing somewhat on the timing of divergence and ancestral population size. 

4. Recommendations 

4.1 Workflow and method choice 

Here we provide some guidelines to decide which approach to demographic 

inference is most appropriate for the research question being asked. However, we do not 

address the question of selecting the appropriate demographic scenario to be input into 

the inference procedure. Choosing the appropriate demographic scenario (e.g. 

bottleneck, growth, population substructure and combinations thereof) may not be 

trivial, since demography depends on the biology and ecology of the organism, research 

question, and the type of data that will be generated. Performing qualitative analysis for 

data exploration such as PCA (Price et al. 2006), Admixture (Alexander et al. 2009), or 

TreeMix (Pickrell & Pritchard 2012) can provide useful intuition about population 

structure or admixture, and therefore can help narrow down the choices of demographic 

models. However, while these approaches are informative ways to visualize the data, 

they do not provide estimates of population demography themselves, and are sensitive to 

different models that can give rise to similar patterns in a PCA, STRUCTURE or 

Admixture plot (DeGiorgio & Rosenberg 2013; Kalinowski 2011; Lawson et al. 2017; 

McVean 2009). 
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We summarize our guidelines for choosing methods of demographic inference in a 

decision tree (Figure 4). The tree first asks the researcher to consider what time frame of 

events they are interested in, either recent events within the last several hundred 

generations of a population (such as human-driven bottlenecks which are often the focus 

of conservation geneticists), or more ancient history such as ancient speciation or 

domestication events, response to climactic events, or pre-exploitation dynamics. The 

choice of method then depends on the type of genomic data and how many individuals 

have been sequenced (though note that the sample sizes given in the decision tree are 

very loose guidelines; for instance, an SFS approach could still be used with only eight 

individuals). While not pictured in the decision tree, within each method, the particular 

software to use depends on further considerations such as computational resources, 

number of populations under consideration, and necessity for extensive model testing. 

We have listed several popular software implementations of each approach when we 

discussed each method (summarized in Table S1), but as new software are constantly 

being developed, this list is not exhaustive. Importantly, Figure 4 can also be used to 

guide researchers on the type of data they should collect for their particular research 

questions. Below, we make several additional recommendations for demographic 

inference in non-model species. 
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4.2 Data quality 

Figure 4 assumes that the researcher’s sequence data are of sufficient coverage 

and quality to be used for demographic inference, and, for most methods, that putatively 

neutral loci can be identified. The data quality requirements vary across methods. 

 The data requirements for SFS-based inference are flexible, and if the number of 

individuals is large, the coverage can be low, as we only need accurate population allele 

frequency estimates, not individual genotypes. Software tools such as ANGSD infer the 

SFS and account for the uncertainty due to several factors (e.g. difference in sequencing 

coverage, sequencing error rates). Using simulations, Nielsen et al. 2012 show that even 

with 5MB of data, 10 diploid individuals and 1X coverage, their method leads to 

accurate inferences of the SFS with the method implemented in ANGSD. However, given 

higher levels of uncertainty in real data, we would recommend higher levels of coverage 

(> 3x) for low numbers of samples (~ 10 individuals), if possible. Note that some 

demographic scenarios such as rapid recent population growth ( < 200 generations in 

the past) create a signature of an excess of rare alleles in the SFS, and therefore large 

sample sizes ( > 1000 individuals) would be required to detect these rare variants. The 

SFS inference framework also assumes independence of sites, which will cause 

difficulties for demographic inference if the variant data are all confined to genomic 

regions in high LD.  

Nadachowska-Brzyska et al. (2016) found that genome-wide coverage, per site 

filtering, and amount of missing data can all alter the shape of PSMC trajectories, and 
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therefore recommend requiring genome coverage of greater than 18x and less than 25% 

missing data to carry out PSMC inference, with per-site filtering of more than ten reads 

per site. 

4.3 Natural selection 

 All of the methods for demographic inference discussed herein assume that the 

loci being considered are neutrally evolving. However, some loci in the genome also are 

affected by natural selection. Selection can occur in a number of different ways (i.e. 

positive, purifying, balancing) and each type can affect both the functional mutations 

themselves as well as linked neutral variation. There is considerable evidence that 

neutral sites in the Drosophila and human genomes located close to genes and in regions 

of low recombination have been affected by selection (Enard et al. 2014; Hernandez et 

al. 2011; Lohmueller et al. 2011; Sella et al. 2009). While the effects of selection in 

many non-model species remain to be studied, it is likely that they have had at least 

some impact on patterns of genetic variation. 

 The presence of selection can adversely impact demographic inference. For 

example, purifying selection will result in a reduction in genetic variation combined with 

a skew toward low-frequency variants. Such patterns can be interpreted as evidence of 

population bottlenecks and/or growth. In a rigorous simulation study, Schrider et al. 

(2016) examined the effect of selective sweeps on different methods of demographic 

inference. They found that sweeps can give false evidence of population size changes 

when using ABC and PSMC methods, and that specific demographic parameter estimates 
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may also be biased by sweeps. Further, they found that different inference methods are 

more sensitive to sweeps than others. Methods based on the SFS seemed to be slightly 

more robust than ABC or PSMC approaches, potentially because they use the average 

SFS across the genome, rather than the full distribution of a statistic across the genome 

which could contain outlier loci affected by selection. In another recent study, Murray et 

al. suggested that the passenger pigeon has experienced intense linked selection across 

the genome (Murray et al. 2017) and that this resulted in PSMC plots not reflecting 

population size changes over time. 

 In order to mitigate the effects of selection, one should focus on neutrally evolving 

loci as much as possible. The effects of selection on demographic inference are likely to 

be most problematic in compact genomes, where it is difficult to pick sites far from 

genes. Avoiding sites located in or near exons is a good first step. Second, if 

recombination rate information is available, then sites in regions of high recombination 

should be used. Schrider et al. (2016) also recommend not using the variances in 

summary statistics in ABC approaches as variance may be inflated by linked selection. 

Lastly, it is our hope that methods that allow joint inference of demography and 

selection will become available in the future, which will enable more accurate inferences 

of both processes. 

4.4 Limitations of model selection 

 The methods for demographic inference discussed herein excel at estimating the 

parameters of a particular demographic model from the data. However, these 
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approaches are less suited to determining the particular type of demographic model (e.g. 

bottleneck vs. structured population). In fact, assuming different types of demographic 

models can give vastly different parameter estimates and biological interpretations. For 

example, ABC approaches may falsely infer the presence of a bottleneck when fitting a 

population size change model if the true demography of the population involved 

population structure (Chikhi et al. 2010; Nielsen & Beaumont 2009), though newer 

approaches can explicitly test for this (Peter et al. 2010). Further, in the PSMC type 

framework, it has been shown that population structure can give false evidence of 

population size changes (Mazet et al. 2016). Unfortunately, there is not an obvious way 

to determine the optimal type of demographic model for every situation. Prior biological 

information and exploratory data analyses offer some ideas of which models to try. 

Ideally, researchers should try fitting different types of plausible models and conduct 

parameter inference under these models. Further, as discussed below, it is imperative the 

researchers assess model fit, especially using features of the data not utilized in the 

inference process (Beichman et al. 2017; Gutenkunst et al. 2009; Thornton & Andolfatto 

2006). 

4.5 Combining multiple approaches 

In the decision tree (Figure 4), nearly every scenario yields multiple methods that 

could be tried, with ABC as a catch-all that can be used in every situation. Since methods 

can be affected differently by un-modeled complexities of demography, we 

recommended comparing the results from multiple methods. While it can be a challenge 
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to carry out more than one kind of demographic inference in non-human populations, 

many studies have employed multiple approaches to strengthen their results (Carbone et 

al. 2014; Cornille et al. 2016; Freedman et al. 2014; Harrington et al. 2018; Hung et al. 

2014; Liu et al. 2014; MacLeod et al. 2013; McManus et al. 2015; Prado-Martinez et al. 

2013; Prates et al. 2016; Schubert et al. 2014; Shafer et al. 2015; Wang et al. 2016; 

Zhan et al. 2014).  

Even if multiple demographic inference methods cannot be used, we recommend 

examining the fit of a demographic model to multiple summaries of the data whenever 

possible (see the approach of Beichman et al. (2017)). Since features such as LD and the 

SFS can be affected differently by demographic events, combining the information 

contained by these different summaries of the genome has the potential to greatly 

improve demographic inference. New methods that combine several features of the data 

are highly promising (Boitard et al. 2016; Bunnefeld et al. 2015; Terhorst et al. 2017; 

Weissman & Hallatschek 2017), though few have yet been applied to non-human 

species. 
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Figures 

 
Figure 1. The locations of mutations on the coalescent genealogy (left) give rise to patterns of genetic 
variation data (top right). The site frequency spectrum (SFS) depicts the mutational patterns seen in the 
genetic variation data.  
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Figure 2. Population history influences the shape of genealogies and the SFS. The dark solid 
lines on the left denote the history of the population. These demographic histories give rise to the 
genealogies shown within each model. Red stars denote mutations that occur on the genealogies. 
The blue histograms denote the SFS for each model that is generated from the mutational 
pattern which occurred on the genealogy. 
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Figure 3. Workflow for an approximate Bayesian computation (ABC) approach to 
demographic inference. Here we wish to infer N, the current population size in the bottleneck 
model. The empirical data for this example consists of a region of the genome where S=4 and 
p=2.22. 
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Figure 4. Decision tree to determine which demographic inference methods are 
appropriate for the biological question and data. The choice of method depends on the time 
period the researcher is interested in (recent events occurring within the last ~100-1000 
generations of the population; ancient events happening in deeper time), the type of sequence 
data, and the sample size. Note that sample sizes are rough recommendations and not hard 
cutoffs. 
  



 

 

93 

Acknowledgments 

ACB was supported by a National Science Foundation Graduate Research Fellowship. 

EHS was supported by NSF grant NSF-DEB-1557151. KEL was supported by National 

Institutes of Health (NIH) grant R35GM119856. Many thanks to Dr. Bradley Shaffer, Dr. 

Kelsey Witt Dillon, Jesse Garcia, Bernard Kim, Chris Kyriazis, Dr. Clare Marsden, Jazlyn 

Mooney, Tanya Phung, and Dr. Ying Zhen for helpful comments on the manuscript.  

Author Contributions 

ACB prepared the sections on PSMC, demographic inference on non-model organisms, 

and recommendations to researchers, and coordinated the manuscript preparation. EHS 

prepared the sections related to IBS/IBD. KEL conceived the review and prepared the 

introduction, sections on the SFS, ABC and G-PhoCS and supervised the work. ACB, EHS, 

and KEL prepared and edited the manuscript.  

 
 



 

 

94 

References 

Adams AM, Hudson RR. 2004. Maximum-likelihood estimation of demographic parameters using 
the frequency spectrum of unlinked single-nucleotide polymorphisms. Genetics. 
168(3):1699–1712 

Albert VA, Barbazuk WB, Der JP, Leebens-Mack J, Ma H, et al. 2013. The Amborella genome and 
the evolution of flowering plants. Science. 342(6165):1241089 

Alexander DH, Novembre J, Lange K. 2009. Fast model-based estimation of ancestry in unrelated 
individuals. Genome Res. 19(9):1655–64 

Andersen LW, Born EW, Doidge DW, Gjertz I, Wiig Ø, Waples RS. 2009. Genetic signals of 
historic and recent migration between sub-populations of Atlantic walrus Odobenus 
rosmarus rosmarus west and east of Greenland. Endangered Species Research. 9(3):197–
211 

Andrews KR, Good JM, Miller MR, Luikart G, Hohenlohe PA. 2016. Harnessing the power of 
RADseq for ecological and evolutionary genomics. Nature Reviews Genetics. 17(2):81 

Beaumont MA. 2010. Approximate Bayesian Computation in Evolution and Ecology. Annual 
Review of Ecology, Evolution, and Systematics. 41(1):379–406 

Beaumont MA, Zhang W, Balding DJ. 2002. Approximate Bayesian computation in population 
genetics. Genetics. 162(4):2025–35 

Beichman AC, Phung TN, Lohmueller KE. 2017. Comparison of single genome and allele 
frequency data reveals discordant demographic histories. G3: Genes, Genomes, Genetics. 
7(11):3605–3620 

Bertorelle G, Benazzo A, Mona S. 2010. ABC as a flexible framework to estimate demography 
over space and time: some cons, many pros. Mol. Ecol. 19(13):2609–25 

Bhaskar A, Wang YXR, Song YS. 2015. Efficient inference of population size histories and locus-
specific mutation rates from large-sample genomic variation data. Genome Res. 
25(2):268–79 

Blum MGB, François O. 2010. Non-linear regression models for Approximate Bayesian 
Computation. Stat Comput. 20(1):63–73 

Boitard S, Rodríguez W, Jay F, Mona S, Austerlitz F. 2016. Inferring population size history from 
large samples of genome-wide molecular data-an approximate Bayesian computation 
approach. PLoS genetics. 12(3):e1005877 



 

 

95 

Bosse M, Megens H-J, Madsen O, Frantz LA, Paudel Y, et al. 2014. Untangling the hybrid nature 
of modern pig genomes: a mosaic derived from biogeographically distinct and highly 
divergent Sus scrofa populations. Molecular ecology. 23(16):4089–4102 

Browning BL, Browning SR. 2013a. Improving the Accuracy and Efficiency of Identity-by-Descent 
Detection in Population Data. Genetics. 194(2):459–71 

Browning BL, Browning SR. 2013b. Detecting Identity by Descent and Estimating Genotype Error 
Rates in Sequence Data. The American Journal of Human Genetics. 93(5):840–51 

Browning SR, Browning BL. 2015. Accurate Non-parametric Estimation of Recent Effective 
Population Size from Segments of Identity by Descent. The American Journal of Human 
Genetics. 97(3):404–18 

Bunnefeld L, Frantz LA, Lohse K. 2015. Inferring bottlenecks from genome-wide samples of short 
sequence blocks. Genetics. 201(3):1157–1169 

Burgess R, Yang Z. 2008. Estimation of hominoid ancestral population sizes under bayesian 
coalescent models incorporating mutation rate variation and sequencing errors. Mol. Biol. 
Evol. 25(9):1979–94 

Carbone L, Harris RA, Gnerre S, Veeramah KR, Lorente-Galdos B, et al. 2014. Gibbon genome 
and the fast karyotype evolution of small apes. Nature. 513(7517):195 

Chikhi L, Rodríguez W, Grusea S, Santos P, Boitard S, Mazet O. 2018. The IICR (inverse 
instantaneous coalescence rate) as a summary of genomic diversity: insights into 
demographic inference and model choice. Heredity. 120(1):13 

Chikhi L, Sousa VC, Luisi P, Goossens B, Beaumont MA. 2010. The Confounding Effects of 
Population Structure, Genetic Diversity and the Sampling Scheme on the Detection and 
Quantification of Population Size Changes. Genetics. 186(3):983–95 

Clark AG, Hubisz MJ, Bustamante CD, Williamson SH, Nielsen R. 2005. Ascertainment bias in 
studies of human genome-wide polymorphism. Genome Res. 15(11):1496–1502 

Coffman AJ, Hsieh PH, Gravel S, Gutenkunst RN. 2016. Computationally Efficient Composite 
Likelihood Statistics for Demographic Inference. Mol Biol Evol. 33(2):591–93 

Combosch DJ, Lemer S, Ward PD, Landman NH, Giribet G. 2017. Genomic signatures of 
evolution in Nautilus—An endangered living fossil. Mol Ecol. 26(21):5923–38 

Cornille A, Salcedo A, Kryvokhyzha D, Glémin S, Holm K, et al. 2016. Genomic signature of 
successful colonization of Eurasia by the allopolyploid shepherd’s purse (Capsella bursa-
pastoris). Mol Ecol. 25(2):616–29 



 

 

96 

Cornuet J-M, Pudlo P, Veyssier J, Dehne-Garcia A, Gautier M, et al. 2014. DIYABC v2.0: a 
software to make approximate Bayesian computation inferences about population history 
using single nucleotide polymorphism, DNA sequence and microsatellite data. 
Bioinformatics. 30(8):1187–89 

Cornuet J-M, Santos F, Beaumont MA, Robert CP, Marin J-M, et al. 2008. Inferring population 
history with DIY ABC: a user-friendly approach to approximate Bayesian computation. 
Bioinformatics. 24(23):2713–19 

Crawford JE, Alves JM, Palmer WJ, Day JP, Sylla M, et al. 2017. Population genomics reveals 
that an anthropophilic population of Aedes aegypti mosquitoes in West Africa recently 
gave rise to American and Asian populations of this major disease vector. BMC Biology. 
15:16 

Csilléry K, Blum MGB, Gaggiotti OE, François O. 2010. Approximate Bayesian Computation 
(ABC) in practice. Trends in Ecology & Evolution. 25(7):410–18 

DeGiorgio M, Rosenberg NA. 2013. Geographic sampling scheme as a determinant of the major 
axis of genetic variation in principal components analysis. Mol. Biol. Evol. 30(2):480–88 

Douglas GM, Gos G, Steige KA, Salcedo A, Holm K, et al. 2015. Hybrid origins and the earliest 
stages of diploidization in the highly successful recent polyploid Capsella bursa-pastoris. 
Proceedings of the National Academy of Sciences. 112(9):2806–2811 

Durand EY, Eriksson N, McLean CY. 2014. Reducing Pervasive False-Positive Identical-by-Descent 
Segments Detected by Large-Scale Pedigree Analysis. Mol Biol Evol. 31(8):2212–22 

Edwards T, Tollis M, Hsieh P, Gutenkunst RN, Liu Z, et al. 2016. Assessing models of speciation 
under different biogeographic scenarios; an empirical study using multi-locus and RNA-
seq analyses. Ecol Evol. 6(2):379–96 

Egger B, Roesti M, Böhne A, Roth O, Salzburger W. 2017. Demography and genome divergence 
of lake and stream populations of an East African cichlid fish. Mol Ecol. 26(19):5016–30 

Enard D, Messer PW, Petrov DA. 2014. Genome-wide signals of positive selection in human 
evolution. Genome Res. 24(6):885–95 

Excoffier L, Dupanloup I, Huerta-Sánchez E, Sousa VC, Foll M. 2013. Robust demographic 
inference from genomic and SNP data. PLoS Genet. 9(10):e1003905 

Fagundes NJR, Ray N, Beaumont M, Neuenschwander S, Salzano FM, et al. 2007. Statistical 
evaluation of alternative models of human evolution. PNAS. 104(45):17614–19 

Filatov DA, Osborne OG, Papadopulos AS. 2016. Demographic history of speciation in a Senecio 
altitudinal hybrid zone on Mt. Etna. Molecular ecology. 25(11):2467–2481 



 

 

97 

Fitak RR, Mohandesan E, Corander J, Burger PA. 2016. The de novo genome assembly and 
annotation of a female domestic dromedary of North African origin. Molecular ecology 
resources. 16(1):314–324 

Freedman AH, Gronau I, Schweizer RM, Ortega-Del Vecchyo D, Han E, et al. 2014. Genome 
sequencing highlights the dynamic early history of dogs. PLoS genetics. 10(1):e1004016 

Fu YX. 1995. Statistical properties of segregating sites. Theor Popul Biol. 48(2):172–97 

Fu YX, Li WH. 1997. Estimating the age of the common ancestor of a sample of DNA sequences. 
Mol Biol Evol. 14(2):195–99 

Garud NR, Messer PW, Buzbas EO, Petrov DA. 2015. Recent selective sweeps in North American 
Drosophila melanogaster show signatures of soft sweeps. PLoS genetics. 11(2):e1005004 

Gazave E, Ma L, Chang D, Coventry A, Gao F, et al. 2014. Neutral genomic regions refine models 
of recent rapid human population growth. PNAS. 111(2):757–62 

Griffiths RC, Tavaré S. 1998. The age of a mutation in a general coalescent tree. Communications 
in Statistics. Stochastic Models. 14(1–2):273–95 

Groenen MA, Archibald AL, Uenishi H, Tuggle CK, Takeuchi Y, et al. 2012. Analyses of pig 
genomes provide insight into porcine demography and evolution. Nature. 
491(7424):393–398 

Gronau I, Hubisz MJ, Gulko B, Danko CG, Siepel A. 2011. Bayesian inference of ancient human 
demography from individual genome sequences. Nature genetics. 43(10):1031–1034 

Gusev A, Lowe JK, Stoffel M, Daly MJ, Altshuler D, et al. 2009. Whole population, genome-wide 
mapping of hidden relatedness. Genome Res. 19(2):318–26 

Gusev A, Palamara PF, Aponte G, Zhuang Z, Darvasi A, et al. 2012. The Architecture of Long-
Range Haplotypes Shared within and across Populations. Mol Biol Evol. 29(2):473–86 

Gutenkunst RN, Hernandez RD, Williamson SH, Bustamante CD. 2009. Inferring the joint 
demographic history of multiple populations from multidimensional SNP frequency data. 
PLoS Genet. 5(10):e1000695 

Han Y, Gao S, Muegge K, Zhang W, Zhou B. 2015. Advanced Applications of RNA Sequencing 
and Challenges. Bioinform Biol Insights. 9(Suppl 1):29–46 

Harrington SM, Hollingsworth BD, Higham TE, Reeder TW. 2018. Pleistocene climatic 
fluctuations drive isolation and secondary contact in the red diamond rattlesnake 
(Crotalus ruber) in Baja California. J Biogeogr. 45(1):64–75 



 

 

98 

Harris K, Nielsen R. 2013. Inferring demographic history from a spectrum of shared haplotype 
lengths. PLoS genetics. 9(6):e1003521 

Hartl DL, Moriyama EN, Sawyer SA. 1994. Selection intensity for codon bias. Genetics. 
138(1):227–34 

Harvey MG, Smith BT, Glenn TC, Faircloth BC, Brumfield RT. 2016. Sequence Capture versus 
Restriction Site Associated DNA Sequencing for Shallow Systematics. Syst Biol. 
65(5):910–24 

Hernandez RD, Kelley JL, Elyashiv E, Melton SC, Auton A, et al. 2011. Classic selective sweeps 
were rare in recent human evolution. Science. 331(6019):920–24 

Holliday JA, Zhou L, Bawa R, Zhang M, Oubida RW. 2016. Evidence for extensive parallelism but 
divergent genomic architecture of adaptation along altitudinal and latitudinal gradients 
in Populus trichocarpa. New Phytologist. 209(3):1240–1251 

Hung C-M, Shaner P-JL, Zink RM, Liu W-C, Chu T-C, et al. 2014. Drastic population fluctuations 
explain the rapid extinction of the passenger pigeon. Proceedings of the National Academy 
of Sciences. 111(29):10636–10641 

Ibarra-Laclette E, Lyons E, Hernández-Guzmán G, Pérez-Torres CA, Carretero-Paulet L, et al. 
2013. Architecture and evolution of a minute plant genome. Nature. 498(7452):94–98 

Joyce P, Marjoram P. 2008. Approximately sufficient statistics and bayesian computation. Stat 
Appl Genet Mol Biol. 7(1):Article26 

Jung H, Marjoram P. 2011. Choice of summary statistic weights in approximate Bayesian 
computation. Stat Appl Genet Mol Biol. 10(1): 

Kalinowski ST. 2011. The computer program STRUCTURE does not reliably identify the main 
genetic clusters within species: simulations and implications for human population 
structure. Heredity. 106(4):625–32 

Kautt AF, Machado-Schiaffino G, Torres-Dowdall J, Meyer A. 2016. Incipient sympatric 
speciation in Midas cichlid fish from the youngest and one of the smallest crater lakes in 
Nicaragua due to differential use of the benthic and limnetic habitats? Ecology and 
evolution. 6(15):5342–5357 

Keinan A, Mullikin JC, Patterson N, Reich D. 2007. Measurement of the human allele frequency 
spectrum demonstrates greater genetic drift in East Asians than in Europeans. Nat. Genet. 
39(10):1251–55 

Kimura M. 1964. Diffusion models in population genetics. Journal of Applied Probability. 1:177–
232 



 

 

99 

Lam H-M, Xu X, Liu X, Chen W, Yang G, et al. 2010. Resequencing of 31 wild and cultivated 
soybean genomes identifies patterns of genetic diversity and selection. Nature genetics. 
42(12):1053–1059 

Lanier HC, Massatti R, He Q, Olson LE, Knowles LL. 2015. Colonization from divergent 
ancestors: glaciation signatures on contemporary patterns of genomic variation in 
Collared Pikas (Ochotona collaris). Mol Ecol. 24(14):3688–3705 

Laurent S, Pfeifer SP, Settles ML, Hunter SS, Hardwick KM, et al. 2016. The population genomics 
of rapid adaptation: disentangling signatures of selection and demography in white sands 
lizards. Mol Ecol. 25(1):306–23 

Lawson D, Dorp L van, Falush D. 2017. A tutorial on how (not) to over-interpret 
STRUCTURE/ADMIXTURE bar plots. bioRxiv. 066431 

Le Moan A, Gagnaire P-A, Bonhomme F. 2016. Parallel genetic divergence among coastal–marine 
ecotype pairs of European anchovy explained by differential introgression after secondary 
contact. Molecular ecology. 25(13):3187–3202 

Li H, Durbin R. 2011. Inference of human population history from individual whole-genome 
sequences. Nature. 475(7357):493–496 

Lin T, Zhu G, Zhang J, Xu X, Yu Q, et al. 2014. Genomic analyses provide insights into the 
history of tomato breeding. Nature genetics. 46(11):1220–1226 

Lipshutz SE, Overcast IA, Hickerson MJ, Brumfield RT, Derryberry EP. 2017. Behavioural 
response to song and genetic divergence in two subspecies of white-crowned sparrows 
(Zonotrichia leucophrys). Molecular ecology. 26(11):3011–3027 

Liu S, Lorenzen ED, Fumagalli M, Li B, Harris K, et al. 2014. Population genomics reveal recent 
speciation and rapid evolutionary adaptation in polar bears. Cell. 157(4):785–794 

Lohmueller KE, Albrechtsen A, Li Y, Kim SY, Korneliussen T, et al. 2011. Natural selection affects 
multiple aspects of genetic variation at putatively neutral sites across the human genome. 
PLoS Genet. 7(10):e1002326 

Lohmueller KE, Bustamante CD, Clark AG. 2009. Methods for human demographic inference 
using haplotype patterns from genomewide single-nucleotide polymorphism data. 
Genetics. 182(1):217–31 

Lopes JS, Balding D, Beaumont MA. 2009. PopABC: a program to infer historical demographic 
parameters. Bioinformatics. 25(20):2747–49 

Lukic S, Hey J. 2012. Demographic inference using spectral methods on SNP data, with an 
analysis of the human out-of-Africa expansion. Genetics. 192(2):619–39 



 

 

100 

MacLeod IM, Larkin DM, Lewin HA, Hayes BJ, Goddard ME. 2013. Inferring Demography from 
Runs of Homozygosity in Whole-Genome Sequence, with Correction for Sequence Errors. 
Mol Biol Evol. 30(9):2209–23 

Marjoram P. 2013. Approximation Bayesian Computation. OA Genet. 1(3):853 

Marjoram P, Molitor J, Plagnol V, Tavaré S. 2003. Markov chain Monte Carlo without 
likelihoods. Proc Natl Acad Sci U S A. 100(26):15324–28 

Marjoram P, Wall JD. 2006. Fast “coalescent” simulation. BMC Genet. 7:16 

Marth GT, Czabarka E, Murvai J, Sherry ST. 2004. The allele frequency spectrum in genome-
wide human variation data reveals signals of differential demographic history in three 
large world populations. Genetics. 166(1):351–72 

Mazet O, Rodriguez W, Grusea S, Boitard S, Chikhi L. 2016. On the importance of being 
structured: instantaneous coalescence rates and human evolution—lessons for ancestral 
population size inference? Heredity. 116(4):362–371 

McCoy RC, Garud NR, Kelley JL, Boggs CL, Petrov DA. 2014. Genomic inference accurately 
predicts the timing and severity of a recent bottleneck in a nonmodel insect population. 
Molecular ecology. 23(1):136–150 

McManus KF, Kelley JL, Song S, Veeramah KR, Woerner AE, et al. 2015. Inference of Gorilla 
Demographic and Selective History from Whole-Genome Sequence Data. Mol Biol Evol. 
32(3):600–612 

McVean G. 2009. A Genealogical Interpretation of Principal Components Analysis. PLOS Genetics. 
5(10):e1000686 

Moltke I, Albrechtsen A. 2014. RelateAdmix: a software tool for estimating relatedness between 
admixed individuals. Bioinformatics. 30(7):1027–28 

Murray GGR, Soares AER, Novak BJ, Schaefer NK, Cahill JA, et al. 2017. Natural selection 
shaped the rise and fall of passenger pigeon genomic diversity. Science. 358(6365):951–
54 

Nabholz B, Sarah G, Sabot F, Ruiz M, Adam H, et al. 2014. Transcriptome population genomics 
reveals severe bottleneck and domestication cost in the African rice (Oryza glaberrima). 
Mol Ecol. 23(9):2210–27 

Nadachowska-Brzyska K, Burri R, Olason PI, Kawakami T, Smeds L, Ellegren H. 2013. 
Demographic divergence history of pied flycatcher and collared flycatcher inferred from 
whole-genome re-sequencing data. PLoS genetics. 9(11):e1003942 



 

 

101 

Nadachowska-Brzyska K, Burri R, Smeds L, Ellegren H. 2016. PSMC analysis of effective 
population sizes in molecular ecology and its application to black-and-white Ficedula 
flycatchers. Molecular ecology. 25(5):1058–1072 

Nadachowska-Brzyska K, Li C, Smeds L, Zhang G, Ellegren H. 2015. Temporal dynamics of avian 
populations during Pleistocene revealed by whole-genome sequences. Current Biology. 
25(10):1375–1380 

Nater A, Mattle-Greminger MP, Nurcahyo A, Nowak MG, de Manuel M, et al. 2017. 
Morphometric, Behavioral, and Genomic Evidence for a New Orangutan Species. Current 
Biology. 27(22):3487-3498.e10 

Nielsen R. 2000. Estimation of population parameters and recombination rates from single 
nucleotide polymorphisms. Genetics. 154(2):931–42 

Nielsen R, Beaumont MA. 2009. Statistical inferences in phylogeography. Molecular Ecology. 
18(6):1034–47 

Nunes MA, Balding DJ. 2010. On optimal selection of summary statistics for approximate 
Bayesian computation. Stat Appl Genet Mol Biol. 9:Article34 

Orozco-terWengel P. 2016. The devil is in the details: the effect of population structure on 
demographic inference. Heredity. 116(4):349 

Palamara PF, Lencz T, Darvasi A, Pe’er I. 2012. Length distributions of identity by descent reveal 
fine-scale demographic history. Am. J. Hum. Genet. 91(5):809–22 

Palkopoulou E, Mallick S, Skoglund P, Enk J, Rohland N, et al. 2015. Complete genomes reveal 
signatures of demographic and genetic declines in the woolly mammoth. Current Biology. 
25(10):1395–1400 

Peter BM, Wegmann D, Excoffier L. 2010. Distinguishing between population bottleneck and 
population subdivision by a Bayesian model choice procedure. Mol. Ecol. 19(21):4648–60 

Pickrell JK, Pritchard JK. 2012. Inference of Population Splits and Mixtures from Genome-Wide 
Allele Frequency Data. PLOS Genetics. 8(11):e1002967 

Plagnol V, Wall JD. 2006. Possible ancestral structure in human populations. PLoS Genet. 
2(7):e105 

Polanski A, Kimmel M. 2003. New explicit expressions for relative frequencies of single-
nucleotide polymorphisms with application to statistical inference on population growth. 
Genetics. 165(1):427–36 



 

 

102 

Polanski A, Kimmel M, Chakraborty R. 1998. Application of a time-dependent coalescence 
process for inferring the history of population size changes from DNA sequence data. 
Proc. Natl. Acad. Sci. U.S.A. 95(10):5456–61 

Prado-Martinez J, Sudmant PH, Kidd JM, Li H, Kelley JL, et al. 2013. Great ape genetic diversity 
and population history. Nature. 499(7459):471–475 

Prates I, Xue AT, Brown JL, Alvarado-Serrano DF, Rodrigues MT, et al. 2016. Inferring responses 
to climate dynamics from historical demography in neotropical forest lizards. Proceedings 
of the National Academy of Sciences. 113(29):7978–7985 

Price AL, Patterson NJ, Plenge RM, Weinblatt ME, Shadick NA, Reich D. 2006. Principal 
components analysis corrects for stratification in genome-wide association studies. Nature 
Genetics. 38(8):904 

Pritchard JK, Seielstad MT, Perez-Lezaun A, Feldman MW. 1999. Population growth of human Y 
chromosomes: a study of Y chromosome microsatellites. Mol. Biol. Evol. 16(12):1791–98 

Prüfer K, Racimo F, Patterson N, Jay F, Sankararaman S, et al. 2014. The complete genome 
sequence of a Neanderthal from the Altai Mountains. Nature. 505(7481):43 

Qi J, Liu X, Shen D, Miao H, Xie B, et al. 2013. A genomic variation map provides insights into 
the genetic basis of cucumber domestication and diversity. Nature genetics. 45(12):1510–
1515 

Raghavan M, Steinrücken M, Harris K, Schiffels S, Rasmussen S, et al. 2015. Genomic evidence 
for the Pleistocene and recent population history of Native Americans. Science. 
349(6250):aab3884 

Ralph P, Coop G. 2013. The Geography of Recent Genetic Ancestry across Europe. PLOS Biology. 
11(5):e1001555 

Ramstetter MD, Dyer TD, Lehman DM, Curran JE, Duggirala R, et al. 2017. Benchmarking 
Relatedness Inference Methods with Genome-Wide Data from Thousands of Relatives. 
Genetics. 207(1):75–82 

Rannala B, Yang Z. 2003. Bayes estimation of species divergence times and ancestral population 
sizes using DNA sequences from multiple loci. Genetics. 164(4):1645–56 

Robinson JA, Vecchyo DO-D, Fan Z, Kim BY, vonHoldt BM, et al. 2016. Genomic Flatlining in the 
Endangered Island Fox. Current Biology. 26(9):1183–89 

Robinson JD, Bunnefeld L, Hearn J, Stone GN, Hickerson MJ. 2014. ABC inference of multi-
population divergence with admixture from unphased population genomic data. Mol Ecol. 
23(18):4458–71 



 

 

103 

Schiffels S, Durbin R. 2014. Inferring human population size and separation history from 
multiple genome sequences. Nature genetics. 46(8):919–925 

Schrider DR, Shanku AG, Kern AD. 2016. Effects of Linked Selective Sweeps on Demographic 
Inference and Model Selection. Genetics. 204(3):1207–23 

Schubert M, Jónsson H, Chang D, Der Sarkissian C, Ermini L, et al. 2014. Prehistoric genomes 
reveal the genetic foundation and cost of horse domestication. Proceedings of the National 
Academy of Sciences. 111(52):E5661–E5669 

Sella G, Petrov DA, Przeworski M, Andolfatto P. 2009. Pervasive natural selection in the 
Drosophila genome? PLoS Genet. 5(6):e1000495 

Shafer A, Gattepaille LM, Stewart RE, Wolf JB. 2015. Demographic inferences using short-read 
genomic data in an approximate Bayesian computation framework: in silico evaluation of 
power, biases and proof of concept in Atlantic walrus. Molecular ecology. 24(2):328–345 

Shapiro MD, Kronenberg Z, Li C, Domyan ET, Pan H, et al. 2013. Genomic diversity and 
evolution of the head crest in the rock pigeon. Science. 339(6123):1063–1067 

Sheehan S, Song YS. 2016. Deep Learning for Population Genetic Inference. PLOS Computational 
Biology. 12(3):e1004845 

Singh ND, Jensen JD, Clark AG, Aquadro CF. 2013. Inferences of Demography and Selection in 
an African Population of Drosophila melanogaster. Genetics. 193(1):215–28 

Sovic MG, Carstens BC, Gibbs HL. 2016. Genetic diversity in migratory bats: Results from 
RADseq data for three tree bat species at an Ohio windfarm. PeerJ. 4:e1647 

Stuglik MT, Babik W. 2016. Genomic heterogeneity of historical gene flow between two species 
of newts inferred from transcriptome data. Ecol Evol. 6(13):4513–25 

Sunnåker M, Busetto AG, Numminen E, Corander J, Foll M, Dessimoz C. 2013. Approximate 
Bayesian Computation. PLOS Computational Biology. 9(1):e1002803 

Tataru P, Nirody JA, Song YS. 2014. diCal-IBD: demography-aware inference of identity-by-
descent tracts in unrelated individuals. Bioinformatics. 30(23):3430–31 

Tavaré S, Balding DJ, Griffiths RC, Donnelly P. 1997. Inferring coalescence times from DNA 
sequence data. Genetics. 145(2):505–18 

Terhorst J, Kamm JA, Song YS. 2017. Robust and scalable inference of population history from 
hundreds of unphased whole genomes. Nature genetics. 49(2):303–309 



 

 

104 

Thornton K, Andolfatto P. 2006. Approximate Bayesian Inference Reveals Evidence for a Recent, 
Severe Bottleneck in a Netherlands Population of Drosophila melanogaster. Genetics. 
172(3):1607–19 

Tine M, Kuhl H, Gagnaire P-A, Louro B, Desmarais E, et al. 2014. European sea bass genome and 
its variation provide insights into adaptation to euryhalinity and speciation. Nature 
communications. 5:5770 

Trucchi E, Gratton P, Whittington JD, Cristofari R, Maho YL, et al. 2014. King penguin 
demography since the last glaciation inferred from genome-wide data. Proc. R. Soc. B. 
281(1787):20140528 

Wang G-D, Zhai W, Yang H-C, Wang L, Zhong L, et al. 2016. Out of southern East Asia: the 
natural history of domestic dogs across the world. Cell research. 26(1):21–33 

Wegmann D, Leuenberger C, Neuenschwander S, Excoffier L. 2010. ABCtoolbox: a versatile 
toolkit for approximate Bayesian computations. BMC Bioinformatics. 11:116 

Weiss G, Haeseler A von. 1998. Inference of Population History Using a Likelihood Approach. 
Genetics. 149(3):1539–46 

Weissman DB, Hallatschek O. 2017. Minimal-assumption inference from population-genomic 
data. eLife. 6:e24836 

Wiuf C. 2006. Consistency of estimators of population scaled parameters using composite 
likelihood. J. Math. Biol. 53(5):821–41 

Wollstein A, Lao O, Becker C, Brauer S, Trent RJ, et al. 2010. Demographic History of Oceania 
Inferred from Genome-wide Data. Current Biology. 20(22):1983–92 

Wright SI, Bi IV, Schroeder SG, Yamasaki M, Doebley JF, et al. 2005. The Effects of Artificial 
Selection on the Maize Genome. Science. 308(5726):1310–14 

Zhan S, Zhang W, Niitepold K, Hsu J, Haeger JF, et al. 2014. The genetics of monarch butterfly 
migration and warning colouration. Nature. 514(7522):317–321 

Zhao S, Zheng P, Dong S, Zhan X, Wu Q, et al. 2013. Whole-genome sequencing of giant pandas 
provides insights into demographic history and local adaptation. Nature Genetics. 
45(1):67–71 

 



 

 

105 

Chapter II: Aquatic adaptation and depleted diversity: a deep dive 
into the genomes of the sea otter and giant otter. 

 
Annabel C. Beichman1, Klaus-Peter Koepfli2,3, Gang Li4, William Murphy5, Pasha 
Dobrynin2,3, Sergei Kliver3, M. Tim Tinker6, Michael J. Murray7, Jeremy Johnson8, Kerstin 
Lindblad-Toh8,9, Elinor K. Karlsson8,10, Kirk E. Lohmueller†1,11,12, Robert K. Wayne†1 

Affiliations: 
 

1Department of Ecology and Evolutionary Biology, University of California, Los Angeles, CA 90095, USA. 
 
2Center for Species Survival, Smithsonian Conservation Biology Institute, National Zoological Park, 
Washington, D.C. 20008, USA. 
 
3Theodosius Dobzhansky Center for Genome Bioinformatics, Saint Petersburg State University, St. 
Petersburg 199034, Russian Federation. 
 
4College of Life Science, Shaanxi Normal University, Xi’an, Shaanxi, 710062, China 
5Department of Veterinary Integrative Biosciences, Texas A&M University, College Station, TX 77843, USA. 
 

6Department of Ecology and Evolutionary Biology, University of California, Santa Cruz, CA 95060, USA. 
 
7Monterey Bay Aquarium, Monterey, CA 93940, USA. 
 
8Vertebrate Genome Biology, Broad Institute of MIT and Harvard, Cambridge, MA 02142, USA. 
 
9Science for Life Laboratory, Department of Medical Biochemistry and Microbiology, Uppsala University, 
Sweden 
 
10Bioinformatics and Integrative Biology, University of Massachusetts Medical School, Worcester, MA 
01605, USA. 
 
11Interdepartmental Program in Bioinformatics, University of California, Los Angeles, CA 90095, USA. 
 
12Department of Human Genetics, David Geffen School of Medicine, University of California, Los Angeles, 
CA 90095, USA. 
 
†Contributed equally 
 
Originally published in Molecular Biology and Evolution (Oxford University Press): 
 
Beichman, Annabel C., et al. "Aquatic adaptation and depleted diversity: a deep dive into the 
genomes of the sea otter and giant otter." Molecular biology and evolution 36.12 (2019): 2631-
2655. 
 
Supplementary materials available online from MBE: 
https://doi.org/10.1093/molbev/msz101 



 

 

106 

Abstract 

Despite its recent invasion into the marine realm, the sea otter (Enhydra lutris) has 

evolved a suite of adaptations for life in cold coastal waters, including limb modifications 

and dense insulating fur. This uniquely dense coat led to the near-extinction of sea otters 

during the 18th-20th century fur trade and an extreme population bottleneck. We used the 

de novo genome of the southern sea otter (E. l. nereis) to reconstruct its evolutionary 

history, identify genes influencing aquatic adaptation, and detect signals of population 

bottlenecks. We compared the genome of the southern sea otter to the tropical 

freshwater-living giant otter (Pteronura brasiliensis) to assess common and divergent 

genomic trends between otter species, and to the closely related northern sea otter (E. l. 

kenyoni) to uncover population-level trends. We found signals of positive selection in 

genes related to aquatic adaptations, particularly limb development and polygenic 

selection on genes related to hair follicle development. We found extensive 

pseudogenization of olfactory receptor genes in both the sea otter and giant otter 

lineages, consistent with patterns of sensory gene loss in other aquatic mammals. At the 

population level, the southern sea otter and the northern sea otter showed extremely low 

genomic diversity, signals of recent inbreeding, and demographic histories marked by 

population declines. These declines pre-date the fur trade and appear to have resulted in 

an increase in putatively deleterious variants that could impact the future recovery of the 

sea otter. 
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Background 

Within the weasel family (Mustelidae), otters (Lutrinae) are a recent radiation that 

originated from terrestrial weasel-like ancestors and evolved into semi-aquatic hunters 

that thrive in freshwater and marine habitats. Among the 13 living species of otters, the 

sea otter (Enhydra lutris) and the freshwater-living giant otter (Pteronura brasiliensis) are 

the largest (up to 45 kg) and longest (up to 1.8m) species of mustelid, respectively 

(Duplaix 1980; Riedman and Estes 1990). The two otter species live in vastly different 

environments and face different evolutionary pressures. The sea otter is almost entirely 

aquatic, living in cold coastal marine environments of the North Pacific Ocean, from the 

northern Japanese archipelago and Kuril Islands to California and Mexico (Kenyon 1969; 

Riedman and Estes 1990) (Figure S1A), whereas the semi-aquatic giant otter lives along 

the freshwater streams, rivers and lakes of South America (Figure S1B). 

The sea otter is a recently derived marine species compared to the three other marine 

mammal lineages (cetaceans, sirenians and pinnipeds) which first entered the aquatic 

environment between 30-55 million years ago (Mya) (Berta 2012). Fossil evidence 

suggests Enhydra only entered the marine realm less than 2-3 Mya (Riedman and Estes 

1990; Boessenecker 2018). The three ancient marine mammal lineages have highly 

modified body plans and their genomes show dramatic adaptations to life in the sea (Yim 

et al. 2014; Foote et al. 2015). The sea otter has its own suite of unique marine 

adaptations, including webbed hind feet, large highly efficient kidneys for 

osmoregulation, increased lung and blood volumes for flotation and oxygen storage, 
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increased metabolic rate, unique eye structure, high tactile sensitivity, dense bones, and 

distinct behaviors, including tool use (Murphy et al. 1990; Fish and Stein 1991; Fujii et 

al. 2015; Ralls et al. 2017; Tinker et al. 2017; Strobel et al. 2018). Other marine 

mammals have evolved a thick layer of blubber as insulation, but sea otters instead rely 

on a pelt made up of dense interlocking underhairs that trap air for insulation, forming 

the densest fur of any mammal (Williams et al. 1992; Kuhn et al. 2010; Kuhn and Meyer 

2010a; Kuhn and Meyer 2010b; Liwanag et al. 2012). 

In contrast to the sea otter, freshwater otter species such as the giant otter do not 

have to confront the extreme challenges of marine life and instead are adept in both 

aquatic and terrestrial habitats. For example, freshwater otter species locomote relatively 

well on land and are able to move several kilometers across terrestrial habitats (Williams 

et al. 2002). Freshwater otters also have distinct morphological and behavioral 

adaptations to aquatic habitats. The giant otter has four webbed feet, a paddle-like tail, 

and an insulating pelt that has similar interlocking hair structure as the sea otter, but the 

fur is shorter and less dense (Duplaix 1980; Kuhn 2009; Kuhn and Meyer 2009). Given 

that the sea otter diverged from its freshwater relatives about 5 Mya (Koepfli et al. 

2008), the rapid evolution of its suite of adaptations to marine life is remarkable. 

Comparative analysis of whole genome sequences of the sea otter and giant otter will 

enable understanding of the genetic mechanisms underlying the morphological and 

physiological adaptations that are shared by or are unique to these two species.  
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In addition to adaptation, genes may also degenerate into pseudogenes during the 

transition to an aquatic environment as certain sensory functions become unnecessary. 

The loss of sensory genes, particularly those that encode proteins related to taste and 

olfaction, has been observed in multiple aquatic mammal lineages (Kishida et al. 2007; 

Hayden et al. 2010; Jiang et al. 2012; Sato and Wolsan 2012; Feng et al. 2014; Li and 

Zhang 2014; Kishida et al. 2015; Hughes et al. 2018). We therefore predict increased 

pseudogenization of sensory genes in the sea otter and giant otter compared to terrestrial 

mammals. Since sea otters spend more of their time in the water than the giant otter 

(Kenyon 1969; Estes 1989), we predict more pseudogenization in the sea otter lineage 

than the giant otter. However, since both otters are part of a relatively recent semi-

aquatic radiation (<10 Mya (Willemsen 1992; Wang et al. 2018)), we also predict that 

fewer sensory genes will be pseudogenized in the otter lineages than in more ancient 

and fully aquatic marine mammals such as pinnipeds, sirenians and cetaceans (Kishida et 

al. 2007; Hayden et al. 2010; Jiang et al. 2012; Sato and Wolsan 2012; Feng et al. 2014; 

Li and Zhang 2014; Kishida et al. 2015; Hughes et al. 2018). 

On a more recent timescale, the sea otter is marked by its near-extinction as a 

result of the fur trade that began in the mid-18th century and lasted until the early 20th 

century (Kenyon 1969; Riedman and Estes 1990). Specifically, all three recently 

diverged sea otter subspecies (Asian, northern and southern sea otters – see Figure S1A) 

were devastated by the fur trade, with only a handful of remnant populations surviving. 

The southern sea otter (E. l. nereis) was extirpated from Baja California and Oregon, and 
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the population in California was devastated, with only fifty individuals estimated to have 

survived into the 20th century from an ancestral population of 16-20,000 individuals 

(Riedman and Estes 1990). The population has been slowly recovering over the past 

century, reaching a current size of ~3000 individuals (Tinker and Hatfield 2017), well 

below the estimated ancestral population size (Riedman and Estes 1990) and occupying 

only a fraction of the historical range (Tinker and Hatfield 2017). The northern sea otter, 

which ranged from the Aleutian Islands to Washington state (Figure S1A), was 

extirpated from much of its range during the fur trade, with remnant populations 

surviving in the Aleutians and central Alaska. In the 1960s-70s, translocations were used 

to repopulate the sea otter populations of southeast Alaska and the Pacific northwest 

(Jameson et al. 1982). Translocated sea otters were drawn from two distinct northern 

sea otter populations from the Aleutian Islands and Prince William Sound (Figure S1A).  

Due to their history of extreme population decline, the genetic diversity and 

genomic health of remnant sea otter populations has been a concern for decades. Studies 

based on mitochondrial DNA and microsatellites found low diversity (Cronin et al. 1996; 

Bodkin et al. 1999; Larson, Jameson, Etnier, et al. 2002; Larson, Jameson, Bodkin, et al. 

2002; Aguilar et al. 2008; Larson et al. 2012; Gagne et al. 2018). We predict that this 

loss of diversity extends genome-wide, and the extreme population bottleneck of the 

California southern sea otter population may also have resulted in an increase in 

deleterious genetic variants (“genetic load”) due to the increased strength of genetic drift 

in small populations (Ohta 1973; Lynch et al. 1995; Kohn et al. 2006; Akashi et al. 
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2012). The giant otter has also experienced population fragmentation and decline due to 

habitat loss during more recent times (Carter and Rosas 1997; Pickles et al. 2012), but 

not to the same extent as the sea otter. Therefore, we expect the giant otter to harbor 

higher genome-wide diversity and a lower genetic load compared to the sea otter. 

Here, we provide an in-depth genomic comparison of the sea otter and giant otter. 

We first explore long-term evolutionary trends of positive selection and gene loss within 

an evolutionary framework. In both otter species, we found evidence for positive 

polygenic selection on genes related to hair follicle development and a substantial loss of 

genes underlying sensory systems. We found that the southern and northern sea otter 

populations both have extremely low levels of genomic diversity, demographic histories 

marked by multiple potential periods of population disruption, and elevated levels of 

deleterious variation. 

Results 

Genome sequencing, assembly, and annotation.  

We sequenced and assembled a 2.4Gb genome of a southern sea otter from the 

wild California population that was maintained at the Monterey Bay Aquarium. The 

genome was sequenced using high-coverage Illumina short read sequencing and Dovetail 

Genomics HiRise Scaffolding to join scaffolds (Putnam et al. 2016) (Table 1). The 2.6Gb 

giant otter genome was sequenced from a single PCR-free library and assembled using 

the DISCOVAR de novo assembly pipeline at the Broad Institute (Table 1). The southern 

sea otter genome assembly was much more contiguous than the giant otter genome due 



 

 

112 

to the use of HiRise scaffolding, with a scaffold N50 value of 6.6Mb compared to a contig 

N50 of 0.12Mb for the giant otter genome (DISCOVAR yields a contig-only assembly) 

(Table 1). We annotated both genomes using the MAKER2 pipeline (Holt and Yandell 

2011) (SI 1) and detected 21,909 and 23,665 protein-coding gene models for the 

southern sea otter and giant otter, respectively. The higher number of genes in the giant 

otter is likely due to the more fragmented genome, which can lead to multiple gene 

models being called for a single gene. We compared the genome assembly and 

annotation statistics of our southern sea otter and giant otter genomes to the domestic 

ferret (Mustela putorius furo) reference genome (Peng et al. 2014) and a northern sea 

otter genome (E. lutris kenyoni) from an individual from the translocated wild southeast 

Alaska population that was maintained at the Vancouver Aquarium (Jones et al. 2017) 

(Table 1). The northern sea otter genome had high contiguity (scaffold N50: 38.7Mb) 

due to linked-read 10x Genomics sequencing (Table 1). Our southern sea otter genome 

was used as the primary sea otter genome for the molecular evolution analyses, and the 

northern sea otter genome was included to investigate population-level differences in sea 

otter diversity and demographic history. 

 

Phylogeny and divergence. 

 To place our comparative analyses within a well-grounded evolutionary 

framework, we first reconstructed a phylogeny of the southern sea otter, giant otter and 

10 other species of the order Carnivora (Table S1) with RAxML 8.0 (Stamatakis 2014) 
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under the GTRGAMMA model using four-fold degenerate sites from 784 single-copy 

orthologous genes which was rooted with the Malayan pangolin (Manis javanica). The 

reduced number of 1:1 orthologs used in our phylogenomic analysis was due to the 

lower quality annotations of the giant panda (Ailuropoda melanoleuca) and tiger 

(Panthera tigris) genomes, resulting in more fragmented alignments relative to the other 

species. Therefore, the 784 1:1 orthologs we obtained represented the most complete 

and reliable gene alignments across the 12 carnivoran species and pangolin outgroup. 

The topology of the inferred phylogeny (Figure 1) is consistent with previous findings 

based on <10 kb (Eizirik et al. 2010) or <36kb of DNA sequences (Meredith et al. 

2011). We found that the cumulative branch length for the sea otter, giant otter and 

domestic ferret (Mustelidae) was significantly greater than for other species, suggesting 

a higher substitution rate (Figure S2). Consequently, we estimated divergence times 

among the 12 carnivoran species using MCMCTree (Yang 2007) under the independent 

clock model with six fossil and molecular calibrations (Table S2). We found that the 

southern sea otter and giant otter diverged 10.1 million years ago (6.6-15.4 Mya 95% 

credibility interval (CI)), and that the otters diverged from the domestic ferret and red 

panda 14.4 (95% CI: 10.4-20.1) and 30.7 (95% CI: 24.4-37.3) Mya, respectively (Figure 

1), a result consistent with previous studies (Koepfli et al. 2008; Sato et al. 2009).  

We used a single sea otter sequence (the southern sea otter) as representative of 

the sea otter lineage in the phylogeny because the split time between the northern and 

southern sea otter subspecies is too recent (<100,000 years) to reliably estimate 
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divergence time using phylogenetic methods and ancient fossil calibrations. The topology 

of (domestic ferret (giant otter (northern sea otter, southern sea otter))) was confirmed 

using the ABBA-BABA test (Green et al. 2010; Durand et al. 2011) which, as expected 

based on their divergent evolutionary history and widely separated geographic range, 

showed no significant evidence for any gene flow from the giant otter lineage into either 

of the two sea otter lineages (Patterson’s D-statistic: -0.00066, Z-test p-value: 0.9).  

 
The importance of reducing false positives in analyses of positive selection. 

To detect nonsynonymous sites under positive selection in the southern sea otter 

and giant otter lineages, we identified 15,317 single-copy orthologs in our two de novo 

genome assemblies and 13 additional mammal species (see Table S1 for species 

information). With these sequences, we performed the branch-site test using PAML’s 

codeml program (Yang 2007) using the southern sea otter, giant otter, and the joint 

lineage leading to both otter species as foreground branches.  

The branch-site test is highly sensitive to errors in sequence alignment (Wong et 

al. 2008; Mallick et al. 2009; Schneider et al. 2009; Fletcher and Yang 2010; Markova-

Raina and Petrov 2011; Jordan and Goldman 2012; Privman et al. 2012; Harrison et al. 

2014) and therefore alignments have the potential to be highly enriched for false 

positives. We therefore carried out extensive filtering of alignments using multiple 

filtering techniques to mitigate false positives. First, we aligned orthologous genes with 

the PRANK algorithm (Löytynoja 2014) and inconsistent residues were masked using 

GUIDANCE2 (Sela et al. 2015). The alignments were then further masked for 
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inconsistent regions using two different schemes. Specifically, Gblocks (Castresana 2000) 

was used to select conserved blocks of sequence or a sliding window approach (SWAMP) 

(Harrison et al. 2014) was used to mask regions of the alignment with excessive amino 

acid changes. We then visually inspected the alignments of genes identified as being 

under positive selection (p-value ≤ 0.01) by the branch-site test in each dataset, 

manually evaluating over 600 gene alignments. Genes were flagged as likely containing 

spurious signals of selection if the regions of the alignment containing the significant 

amino acid change were close to insertions or deletions, surrounded by large gaps in the 

sequence due to fragmented annotations or differences in exon structure across species, 

or near the start or end of the alignment where de novo annotations can sometimes 

include small amounts of non-genic sequence. 

We found that no filtering strategy could fully mitigate the false positives caused 

by alignment errors. SWAMP-filtered alignments led to a lower number of significant 

genes, only 13 prior to visual inspection, compared to 325 identified in the Gblocks-

filtered alignments. However, we found that 75-88% of alignments with a p-value ≤ 

0.01 from the Gblocks-filtered alignments were likely alignment artifacts, and 38-76% 

were artifacts under the SWAMP filtering scheme (Table S3; see Table S4A-C for all 

genes with p-value ≤ 0.01 passing visual inspection). The false positive rate was most 

extreme for the outlier alignments that passed genome-wide significance with a false 

discovery rate (q-value) of 10%. Of these outlier alignments, 88-98% failed visual 

inspection under the Gblocks filtering scheme, and 75-100% failed under SWAMP. 
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Gblocks overall had a higher number of putatively real genes passing inspection, with 18 

genes passing inspection compared to only one gene for SWAMP (which was also 

significant under Gblocks) (Table 2; Table S3). Thus, though the Gblocks filter is too 

liberal, yielding 307 false positives, the SWAMP filter may be too conservative, possibly 

missing 17 true positives found with Gblocks. 

By applying both filters independently, we found that the genes that had 

moderate likelihood ratio test (LRT) statistic scores under both filtering schemes tended 

to pass the visual inspection, whereas those with high LRT scores under only one 

filtering scheme tended to be artifacts (Figure S3-S5). Further, all significant outlier 

genes passing visual inspection contained multinucleotide changes in the codons 

identified as being under positive selection, which can inflate the signal of selection 

(Schrider et al. 2011; Venkat et al. 2018). We retained these gene alignments, but noted 

the presence of the multinucleotide changes in Table S4A-D. Finally, every southern sea 

otter amino acid change identified as possibly being under selection in the outlier genes 

(q ≤ 0.1) was confirmed to be present in the northern sea otter sequence as well (Table 

S4D). Overall, our rigorous examination yielded a relatively small set of 18 significant 

outlier genes (q ≤ 0.1) passing inspection that may represent real signals of positive 

selection (Table 2). 

Positive selection on single genes.   

 We used literature searches, gene ontology enrichment tests (Reimand et al. 

2016), and the Entrez Gene (Maglott et al. 2010), Uniprot (UniProt Consortium 2016), 
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International Mouse Phenotyping Consortium (IMPC) (Dickinson et al. 2016), RefSeq 

(O’Leary et al. 2015) and Online Mendelian Inheritance in Man (OMIM) (Hamosh et al. 

2005) databases to explore potential functions of the 18 genes we identified above as 

being under positive selection (Table 2). Since the set of significant genes is relatively 

small, tests of gene ontology enrichment yielded no significant results. Individually, 

several of these genes have interesting phenotypic associations. On the joint branch 

leading to both otter lineages, there were two significant genes. One of these (IQCD), 

could not be directly linked to a particular phenotype, whereas SIK2, which is thought to 

be involved in insulin regulation (Horike et al. 2003), is associated with the “enlarged 

heart” phenotype in mice (Dickinson et al. 2016). We found that the giant otter lineage 

had two genes showing significant signals of positive selection, PRSS35, a member of the 

serine protease family uniquely expressed in mouse ovaries, and WPB1, a transferase 

involved in protein glycosylation in yeast, but which could not be linked to a particular 

phenotype. The southern sea otter foreground branch showed the most intriguing 

phenotypic associations. There were 14 genes putatively under positive selection, six of 

which could not be linked to phenotypes (BEND7, HADHA, SLC18A3, CEP350, SWAP70, 

SLC7A4), and eight of which had interesting functional associations: FAM111A, is related 

to Kenny Caffey Syndrome and Gracile Bone Dysplasia in humans, disorders marked by 

short stature and shortening and cortical thickening of limb bones (Unger et al. 2013). 

RELN may be related to brain development and synaptic plasticity (Weeber et al. 2002; 

Tissir and Goffinet 2003). Two genes are related to immune function (ISG20, SLAMF7) 
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and four are related to reproduction (MAST2, PGR, TPGS1 and possibly ZNF200). MAST2 

is also associated with the following phenotypes in mice: “increased bone mineral 

content,” “increased mature B cell number,” “decreased total body fat amount,” and 

increased and decreased circulating iron levels (Dickinson et al. 2016).  

Polygenic selection. 

The complex aquatic adaptations of otters may be controlled by variants of small 

effect in many genes rather than a single gene. Under this scenario, no single gene may 

show significant evidence of positive selection using the branch-site test described above. 

A typical gene ontology enrichment approach such as g:Profiler (Reimand et al. 2016) 

tests for an enrichment of gene ontology categories in the set of significant genes. To 

detect polygenic selection, we instead employed a different approach, polysel (Daub et 

al. 2013; Daub et al. 2017), which tested particular gene ontology categories for 

enrichment of groups of genes showing a slight increase in nonsynonymous divergence 

based on the branch-site test. To reduce the impact of multiple testing on our results, we 

a priori chose a set of gene categories to test that are related to complex traits related to 

the unique aquatic transition that the otter lineage experienced (hypoxia resistance, 

thermoregulation, diet, sensory perception, osmoregulation, and hair growth), rather 

than testing every known gene ontology category for enrichment of genes under 

selection. Specifically: 1) hypoxia resistance which may enable otters to dive longer 

without being harmed by a lack of oxygen, and has been observed under positive 

selection in marine and high-altitude mammals (Zhang et al. 2014; Tian et al. 2016); 2) 
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thermoregulatory changes to withstand cold temperatures in aquatic environments; 3) a 

dietary shift to fish and invertebrates from small mammals and birds; 4) altered tactile 

senses, hearing and vision for underwater behavior (Murphy et al. 1990; Strobel et al. 

2018); 5) osmoregulation associated changes to kidney function to concentrate salt 

content as an adaptation for using sea water as a source of fresh water (Ortiz 2001); and 

6) genetic changes to hair development underlying the remarkable hair density of otter 

species  (Kuhn and Meyer 2010a). 

Because polysel has the most power to detect selection on the internal foreground 

branches of a phylogeny (Daub et al. 2013; Daub et al. 2017), we tested for polygenic 

selection on the lineage leading to the southern sea otter and giant otter. The branch-site 

likelihood ratio test scores were from the Gblocks-filtered gene alignments. The top-

scoring and only significantly enriched gene ontology category was “hair follicle 

development” (Figure 2B, Table S5A-B), a gene ontology category which contained 55 

genes that were found in our dataset, 10 of which had moderate-to-low (p-values 

ranging from 0.02 to 0.89) likelihood ratio test scores from the branch-site test (Table 

S5B). The fact that we only found a single GO term under putative polygenic selection 

could indicate a lack of power to detect subtle amino acid divergence in the other 

categories, or a lack of polygenic selection. Additional data from multiple individuals 

could improve power to detect sites under selection by comparing polymorphism and 

divergence. 
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To determine whether the signal of positive selection on hair follicle development 

might be influenced by false positives due to poor sequence alignments, we subjected the 

sequence alignments of the four top scoring genes in the category (AARS, TMEM79, SHH, 

LGR4) to the same visual inspection (described above) that we did for the genes passing 

genome-wide significance. The LGR4 gene alignment was highly fragmented, with large 

gaps in the southern sea otter sequence. The site identified as under positive selection 

was in a poorly aligned region of the sequence that was surrounded by large gaps. 

Removal of LGR4 increased the p-value on the “hair follicle development category” from 

0.0048 to 0.019, and the q-value from 0.099 to 0.33. However, it remained the top-

scoring and only significant gene category in the analysis. The fact that the signal 

persisted despite the removal of LGR4 is due to the fact that several genes contribute to 

the category’s signal, and so the removal of LGR4 does not dramatically alter the result. 

The remaining nine genes driving the signal of selection include genes involved in 

hair follicle organogenesis (SHH, SMO, SOX18, TNFRSF19 (TROY), RBPJ) and/or 

changes to hair or fur phenotype in humans or mice (AARS, APCDD1, FZD6, RBPJ, 

TMEM79) (Figure 2B-C). Although none show a strong selective signal individually, the 

cumulative effect of small changes across these genes may be responsible for the 

remarkable pelts of otter species. 

Pseudogenization in otter genomes. 

We identified genes that may no longer be functional after the transition to a 

marine or aquatic environment in the southern sea otter and giant otter. We labeled 
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genes as putative pseudogenes if they passed two criteria: 1) the protein sequence in the 

domestic ferret was not annotated in the southern sea otter and/or giant otter de novo 

genome assemblies due to insertions or deletions, premature stop codons, frame shifts or 

retrotransposition, identified using PseudoPipe (Zhang et al. 2006); and 2) the gene was 

also identified by Ensembl’s Variant Effect Predictor (VEP) (McLaren et al. 2016) as 

containing high impact variants (gain/loss of stop codon, loss of splice donor/acceptor, 

loss of start codon, frameshift) when southern sea otter and giant otter reads were 

aligned to the domestic ferret genome (Table S6A-B). Using this approach, 113 putative 

pseudogenes were found in the southern sea otter, 133 in the giant otter, and 45 in both 

otter species (Table S6A-B). The putative pseudogenes in each lineage were tested for 

enrichment of gene ontology terms. For each species, we found that all the significant (p 

< 0.005) categories were related to sensory perception of chemical stimuli (Table S6C). 

Notably, there were several olfactory receptor genes (ORGs) identified as pseudogenized 

in each otter lineage, as well as two bitter taste receptors (TAS2R38 pseudogenized in 

giant otter, and TAS2R40 in both otter species), as well as a gene involved in 

inflammatory response to pathogens (NLRC4) pseudogenized in both otter species, and a 

gene related to neuronal development of sensory organs (NAV2) pseudogenized in the 

southern sea otter (Table S6C). In sum, this pattern of pseudogenization suggests 

reduced selection on gustatory and olfactory genes in both otter lineages likely related to 

their evolution in aquatic environments. 

Loss of olfactory receptor genes (ORGs). 
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To further explore potential gene loss associated with sensory perception in the 

otter lineage, we characterized the functional and pseudogenized ORG repertoires using 

our de novo southern sea otter and giant otter genome assemblies and the domestic 

ferret reference genome. To account for difficulties with ORG detection and differences 

in genome assembly quality, we used the same procedures on the more contiguous 

northern sea otter genome (Jones et al. 2017) as an independent reference. We then 

combined this dataset with a larger ORG dataset that included the same set of species 

used to reconstruct the phylogenetic tree in order to generate a gene tree (Figure 1). 

We found that the sea otter and giant otter lineages had separately lost hundreds 

of ORGs since their split from the domestic ferret, their terrestrial relative (Figure 3, 

S6), but showed similar functional ORG repertoires between the otter lineages. The 

domestic ferret’s ORG repertoire of 816 functional genes and 377 pseudogenes had 

significantly more functional ORGs than the southern sea otter (524 functional ORGs, 

538 pseudogenes), the northern sea otter (569 functional ORGs, 589 pseudogenes), and 

the giant otter (584 functional ORGs and 671 pseudogenes; chi-squared test p-values for 

all comparisons < 2.2x10-16; Table S7A). Functional ORGs were classified as Class I and 

Class II based on their phylogenetic positions (Niimura 2013), and there were no 

significant differences between the domestic ferret and the otter species in the relative 

proportions of functional ORGs in the two classes, with Class I ORGs making up 16-18% 

of the functional repertoire in each species (chi-squared test; Table S7A). 
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We compared the functional ORG repertoires of other mammalian species 

(Hughes et al. 2018) to otters (Figure S7, Table S7B). The two otter species have 

intermediate-sized ORG repertoires that are smaller than the polar bear, a species that 

more recently became aquatic (524-584 functional ORGs in otters vs. 1029 in polar 

bear), but larger than those of pinnipeds and cetaceans which represent much older 

radiations and have very low numbers of functional ORGs (263-371 in pinnipeds and 58 

in bottlenose dolphin) (Hughes et al. 2018). 

When scaled by the branch lengths of the phylogenetic tree, the 

southern/northern sea otter branch lost 29-38 ORGs per million years (My) and the 

giant otter lost 29 per My (Figure 3). Although the limited taxonomic sampling makes 

direct rate comparisons difficult, these rates are elevated relative to most of the 

terrestrial species surveyed, particularly the related domestic ferret (18 genes lost per 

My), and the ancestral lineage leading to mustelids (15 genes lost per My) (Figure 3). 

Interestingly, the branch ancestral to the sea otter and giant otter has a high rate of 

ancestral ORG loss (losing 175 ORGs at a rate of 41 genes lost per My; Figure 3), which 

is comparable to the rate of loss in the ancestor of pinnipeds (36 genes lost per My).  

The moderate difference in the number of functional ORGs between the northern 

and southern sea otter (524 vs. 569) was not significant (chi-squared test p-value: 0.98; 

Table S7A) and is likely due to differences in the completeness and contiguity of the two 

genomes (southern sea otter scaffold N50: 6.6Mb, contig N50: 18.4kb, genome size: 

2,425.5Mb; northern sea otter scaffold N50: 38.7Mb, contig N50: 244.5kb, genome size: 
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2,455.2Mb; Table 1). The high contiguity of the northern sea otter genome may enable 

better detection of functional ORGs. For example, all Class I olfactory receptors are 

generally found on the same chromosome (chromosome 11 in humans), whereas Class II 

are spread throughout the genome (Niimura and Nei 2003). In the northern sea otter 

genome assembly, 99% of Class I ORGs were found on a single scaffold with only one on 

a different scaffold (Table S6), indicating that that region of the chromosome is fully 

assembled. In the southern sea otter assembly, 74% of Class I ORGs were also found on a 

single scaffold, but the rest were scattered across 25 other small scaffolds (Table S6). 

Some functional or pseudogenized Class I and Class II ORG sequences may therefore be 

missing due to incomplete assembly in the southern sea otter, likely making the northern 

sea otter ORG count the more accurate one for the sea otter lineage. 

Genomic diversity. 

 We next assessed patterns of genome-wide variation in the otter genomes. 

Specifically, we used the domestic ferret genome as an outgroup genome to avoid 

reference genome bias in our analyses. After mapping the southern sea otter, northern 

sea otter, and giant otter sequencing reads to the domestic ferret reference genome, we 

found that all three animals have very low genome-wide heterozygosity. The southern 

sea otter and northern sea otter had the same level of genome-wide heterozygosity 

(0.0003 heterozygous sites/basepair), which is 2x lower heterozygosity than the giant 

otter (0.0006 heterozygous sites/bp) (Figure 4A). Compared to values of genome-wide 

heterozygosity for other organisms gathered from the literature and modified from 
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Robinson et al. (2016) (see Table S8 for DOIs and species information), the sea otter 

genomes have extremely low heterozygosity. Their low levels of heterozygosity are 

comparable to hallmark low-diversity endangered species such as the cheetah (Dobrynin 

et al. 2015) and Tasmanian devil (Miller et al. 2011) (Figure 4A). We found that 

heterozygosity in sliding windows across the genome is generally lower for both sea 

otters than it is for the giant otter (Figure 4B).  

The sea otters and giant otter also show differences in the distribution of runs of 

homozygosity (ROH), calculated across all domestic ferret reference scaffolds >3Mb. 

Importantly, ROH were assessed using reads from both species aligned to the domestic 

ferret reference genome, so the relative lack of contiguity in the giant otter de novo 

genome is not a factor explaining the different distributions. We found that the southern 

and northern sea otters have considerably more sequence contained in long ROH 5-

10Mb in length than the giant otter (591 Mb in southern sea otter and 643 Mb in 

northern sea otter vs. 73 Mb in giant otter), and in extremely long ROH > 10 Mb (122 

Mb in southern sea otter and 169 Mb in northern sea otter vs. 0 Mb in giant otter). This 

pattern is an indication of more recent inbreeding in the bottlenecked sea otter 

populations than in the non-bottlenecked giant otter (Figure 4C). 

Historical demography. 

 We used MSMC (also known as PSMCʹ) (Schiffels and Durbin 2014) to infer the 

history of coalescent rate changes for the southern sea otter, northern sea otter, and 

giant otter. MSMC calculates the instantaneous inverse coalescence rate (IICR) (Schiffels 
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and Durbin 2014; Mazet et al. 2016) over a series of time intervals which when scaled 

by two times the mutation rate (2μ) is equivalent to the effective population size (Ne) in 

a panmictic population over time (Schiffels and Durbin 2014) (Figure 5A). We scaled 

each MSMC trajectory by three sets of mutation rates and generation times to assess the 

range of plausible timings for each part of the trajectory (Figure S8; Table S9, S10A-C). 

Beichman et al. (2017) showed that trimming off ancient events from MSMC curves can 

improve the fit to other summaries of the data. We therefore simulated data under the 

inferred demographic models with and without ancient events of greater than 

approximately 21,000 generations in the past (dotted line in Figure 5A) and compared 

the heterozygosity predicted by our simulations to empirical heterozygosity. As expected, 

removing the period of ancient high population size improved the fit to empirical 

heterozygosity in both species (Figure 5B). 

 Once the ancient events are trimmed, the giant otter’s MSMC trajectory shows a 

relatively constant IICR, followed by a steady decline in population size to the present 

day (Figure 5A). The southern and northern sea otters’ MSMC trajectories are much 

more dynamic, with a more ancient period of decline in IICR detected in both sea otters, 

followed by a period of increasing IICR, and a more recent dip in IICR in the southern 

sea otter population. These declines could represent population bottlenecks, which is the 

usual interpretation of dips in PSMC or MSMC curves. However, the fluctuations could 

also be caused by changes in population structure, admixture or migration (Mazet et al. 

2016; Beichman et al. 2017; Chikhi et al. 2018). The more ancient dip in IICR observed 
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in both northern and southern sea otter occurred ~9000-10,000 generations ago, or 

~35-45 kya assuming a four-year generation time (see Figure S8 and Table S10A-B for 

additional mutation rate and generation time scaling). The more recent dip observed 

only the southern sea otter trajectory occurred ~300-700 generations ago or ~1-3 kya 

assuming a four-year generation time (and therefore long before the 18th-20th century fur 

trade) and would correspond to a population effective size of ~800 individuals if the 

IICR is used as a proxy for Ne (see Figure S8 and Table S10A for other scalings). 

We used coalescent simulations to test whether the presence of the recent dip in 

IICR was consistent with a bottleneck in the southern sea otter population in California 

prior to the fur trade (marked by the pink arrow in Figure 5A). We found that 

simulations under the model with and without the bottleneck did not dramatically alter 

the fit of simulated heterozygosity to empirical heterozygosity. The simulated 

distributions of heterozygosity across 100kb windows were highly similar, mainly 

differing in the number of windows with zero heterozygous sites (Figure S9). This 

finding indicates that there is not sufficient information contained in a single genome to 

distinguish among models based on one, two, or three recent bottlenecks. Nonetheless, 

the fluctuations in the sea otter MSMC trajectories compared to the relatively stable 

trajectory of the giant otter points to a more dynamic population history, potentially 

influenced by multiple changes in population size or structure in the southern sea otter. 

 

Deleterious variation. 
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 We used VEP (McLaren et al. 2016) to classify the impact of coding variants in the 

southern sea otter, northern sea otter, and giant otter relative to the domestic ferret 

reference genome. We classified variants as synonymous (non-amino acid changing), 

missense (amino acid changing), or stop-gained (introducing a premature stop codon) 

and rescaled the counts by the number of called sites in coding regions for each species. 

We found that the southern sea otter, northern sea otter, and giant otter showed similar 

numbers of synonymous (putatively neutral) derived alleles relative to the domestic 

ferret (Figure 5C, Table S11), which is expected under neutral models (Simons et al. 

2014) (Z-test p-values for all comparisons > 0.6; Table S11). However, the southern 

and northern sea otters have significantly higher counts of missense-derived alleles, 1.4-

1.8% more than what is observed in the giant otter, indicating a potentially higher 

additive genetic load in small populations (Z-test p-values: giant otter vs. southern sea 

otter, 4.8x10-5; and giant otter vs. northern sea otter, 6.7x10-8; Figure 5C, Table S11). 

The number of missense derived alleles did not differ between the northern and southern 

sea otter populations (Table S11). We did not find significant differences in the number 

of stop-gained variants between the southern sea otter, northern sea otter, and giant 

otter suggesting that potentially highly deleterious variants are eliminated in sea otter 

populations despite past population bottleneck(s) (Z-test p-values for all comparisons > 

0.3; Figure 5C, Table S11). 

We also found that the southern and northern sea otters had more derived alleles 

in the homozygous state compared to the giant otter (Figure 5D, Table S11). For 
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synonymous homozygous derived genotypes the difference was not significant after 

correction for multiple testing (Table S11). However, the sea otters had 2.1-2.3% more 

missense homozygous derived genotypes than the giant otter, which was highly 

significant (Z-test p-values: giant otter and southern sea otter: 5.8x10-10, giant otter and 

northern sea otter: 2.7x10-12; Table S11). This difference is notable because recessive 

deleterious alleles that appear in the homozygous state would have a higher impact on 

fitness (Peischl and Excoffier 2015). However, we did not observe a significant difference 

between the southern sea otter, northern sea otter, and giant otter in the stop-gained 

homozygous-derived genotype category, implying that potentially highly deleterious 

variants are eliminated when they appear in the homozygous state regardless of 

differences in demography among these populations (Z-test p-values > 0.2 for all 

comparisons; Figure 5D , Table S11).  

Discussion 

We report a large-scale comparative genomic analysis of the marine-adapted sea 

otter from California and Alaska and the freshwater giant otter from South America, two 

highly diverged otter species. We found that these large, semi-aquatic mustelids diverged 

from each other 10.1 Mya and from the domestic ferret 14.4 Mya (Figure 1) and that 

the southern sea otter showed intriguing signals of positive selection on genes related to 

reproduction, immune function, memory and limb development (Table 2). Both species 

showed a signal of polygenic positive selection acting on genes related to hair follicle 

development (Figure 2). Each species also experienced considerable loss of sensory 
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genes, particularly olfactory receptors, consistent with patterns observed in other aquatic 

mammals (Figure S7A). At the population level, we compared the giant otter to the 

southern sea otter from California and its Alaskan relative, the northern sea otter, both 

of which experienced extreme population bottlenecks due to the fur trade. We found that 

the southern and northern sea otters had extremely low genetic diversity (Figure 4A-B), 

with long runs of homozygosity indicative of recent inbreeding (Figure 4C). The sea 

otters and the giant otter had differing demographic histories (Figure 5A) possibly 

reflecting the different climatic histories of the North Pacific and tropical South America 

and the impacts of indigenous hunting prior to the European fur trade. Due to this likely 

history of population declines, southern and northern sea otters showed elevated levels 

of putatively deleterious variants relative to the giant otter (Figure 5C-D) which could 

impact the capacity for the populations to recover. 

Phylogeny and divergence times. 

Our phylogeny and associated divergence times (Figure 1) are largely consistent 

with previous phylogenetic analyses of carnivoran (Eizirik et al. 2010; Meredith et al. 

2011; Nyakatura and Bininda-Emonds 2012) and, specifically, musteloid evolution 

(Koepfli et al. 2008; Sato et al. 2009; Harding and Smith 2009; Yu et al. 2011; Sato et 

al. 2012; Waku et al. 2016). Our estimate of sea otter and giant otter divergence of 10.1 

Mya (Figure 1) is slightly higher than earlier estimates based on a much smaller 

sampling of orthologous genes (Koepfli et al. 2008; Nyakatura and Bininda-Emonds 

2012), which place the divergence at 7-9 Mya, and lower than another estimate of 15 
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Mya based on the mitochondrial genome (Waku et al. 2016). However, the previous 

estimates fall into our 95% credibility interval of 6.6-15.4 Mya (Figure 1). Furthermore, 

our estimate of the age of divergence between the otter lineage and domestic ferret of 

14.4 (10.4-20.1) Mya (Figure 1) is concordant with past estimates of a divergence time 

of 10-17 Mya (Harding and Smith 2009; Sato et al. 2009; Yu et al. 2011; Nyakatura and 

Bininda-Emonds 2012; Sato et al. 2012; Waku et al. 2016) but higher than estimates 

which place the divergence around 9 Mya (Koepfli et al. 2008; Eizirik et al. 2010). In 

general, our results confirm the findings from previous studies that lutrines and other 

mustelids began to diversify during the Miocene epoch. 

The importance of reducing false positives in analyses of positive selection. 

A growing body of literature highlights the impact of alignment errors on false 

positive rates in the branch-site test for positive selection (Wong et al. 2008; Mallick et 

al. 2009; Schneider et al. 2009; Fletcher and Yang 2010; Markova-Raina and Petrov 

2011; Jordan and Goldman 2012; Privman et al. 2012; Harrison et al. 2014). Alignment 

errors can be exacerbated by evolutionary distance between species (Rosenberg 2005) 

and fragmented or incorrect gene annotations due to assembly errors (Schneider et al. 

2009; Markova-Raina and Petrov 2011). Our results serve as an empirical case study of 

the impact of alignment errors and different filtering methods on the results of the 

branch-site test for positive selection. Alignment with PRANK (Löytynoja 2014) and 

residue filtering using GUIDANCE2 (Sela et al. 2015) followed by conserved sequence 

selection using the more lenient Gblocks (Castresana 2000) or a sliding window mask 
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using the highly stringent SWAMP (Harrison et al. 2014) were each imperfect solutions 

to the problem of alignment error. Even after filtering, 75-100% of significant gene 

alignments failed visual inspection (Table S3). Though it is labor intensive, we 

recommend comparing multiple filtering schemes of varying levels of stringency through 

rigorous visual inspection of significant alignments. This approach can largely mitigate 

the impact of the extremely high false-positive rate of the branch-site test, while still 

retaining some genes that may be incorrectly excluded by the most stringent automated 

filters. 

Our results, and those of others, are also likely influenced by the presence of 

multinucleotide changes within a codon as the codeml branch-site test implemented in 

codeml assumes that nucleotide changes are successive not simultaneous which can 

inflate a signal of selection (Venkat et al. 2018). Every significant gene in our dataset 

showed the presence of at least one codon with multinucleotide changes. We still 

explored the functions of these genes, as they may be biologically relevant, but we 

caution that the presence of these changes may not represent successive nucleotide 

changes to the protein and could therefore be inflating the signal of positive selection. 

Nonetheless, our resulting set of 18 significant genes (Table 2, described below), 

although relatively small, is not inflated by spurious signals of selection caused by major 

alignment errors.  Therefore, these genes are likely to more accurately represent the role 

of positive selection during the evolutionary histories of the southern sea otter and giant 

otter. 



 

 

133 

Positively-selected genes. 

 The first evidence of aquatic adaptations in the otter lineage are found in lutrine 

remains from Middle Miocene deposits (Willemsen 1992; Wang et al. 2018) and fossils 

indicate that the sea otter (Enhydra lutris) entered the North Pacific Ocean in the 

Pliocene-Pleistocene, 1-3 Mya (Riedman and Estes 1990; Boessenecker 2018). We 

predicted that there would be detectable genomic signals of the transition to semi-

aquatic life, both in the ancestral lineage leading to sea otter and giant otter and in the 

sea otter lineage as it rapidly adapted to marine life. Using the southern sea otter 

genome assembly as a representative sequence for the sea otter lineage, we found 

several genes that may be related to morphological modifications and behavioral 

patterns that make them unique among the Lutrinae. In particular, sea otters have 

divergent forelimb and hindlimb bone shape, density and length compared to freshwater 

otters and terrestrial mustelids (Tarasoff 1972; Fish and Stein 1991; Willemsen 1992; 

Mori et al. 2015; Botton-Divet et al. 2016; Botton-Divet et al. 2018; Houssaye and 

Botton-Divet 2018). Changes in long-bone shape and compactness are observed between 

all otter species and terrestrial mustelids, with sea otters the most divergent (Botton-

Divet et al. 2016; Botton-Divet et al. 2018; Houssaye and Botton-Divet 2018). Sea otters 

have the shortest relative femur length, which is thought to reduce drag when swimming 

by bringing the limb closer to the body (Samuels et al. 2012; Mori et al. 2015). They 

have distinct forelimb bone shapes, as their forelimb is not used for locomotion, but 

primarily for manipulation of resources (Botton-Divet et al. 2018). Their long bones are 
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denser relative to body size, possibly to provide ballast that enables diving (Tarasoff 

1972; Fish and Stein 1991; Willemsen 1992; Mori et al. 2015). Freshwater otters show a 

trend toward compact long bones as well with thickened outer (cortical) bone and some 

spongy (trabecular) bone in the shaft of the long bone relative to terrestrial mustelids 

(Figure 2A) (Houssaye and Botton-Divet 2018). In sea otters this pattern is more 

extreme, with thick and compact bones that have trabecular bone spread throughout the 

entire shaft of the long bone (Figure 2A) (Houssaye and Botton-Divet 2018). Positive 

selection on FAM111A and MAST2 may be involved in these changes to sea otter limbs. 

FAM111A is related to Kenny Caffey Syndrome and Gracile Bone Dysplasia in humans, 

both of which involve the shortening and thinning of limbs and higher bone density, 

among other phenotypes (Unger et al. 2013). In particular, a clinical feature of Kenny 

Caffey Syndrome is cortical thickening of tubular bones (Unger et al. 2013). FAM111A 

may therefore play a role in the increased cortical thickness observed in sea otter long 

bones (Houssaye and Botton-Divet 2018) (Figure 2A). MAST2 is a kinase that functions 

as part of spermiogenesis (Lumeng et al. 1999) and may therefore be related to sea otter 

reproduction. However, it is also statistically associated with increased bone 

mineralization in mice (Dickinson et al. 2016) which may implicate it in the increased 

bone compactness and expansion of the trabecular network observed in sea otters 

(Houssaye and Botton-Divet 2018) (Figure 2A). 

We also found genes under selection in the southern sea otter that may be 

involved in brain development (RELN), reproduction (MAST2, PGR, TPGS1, ZNF200) and 
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immune function (ISG20, SLAMF7) (Table 2). Positive selection on RELN, which encodes 

the reelin protein, is particularly interesting, as it is involved in the regulation of synaptic 

plasticity in response to experience (Weeber et al. 2002; Tissir and Goffinet 2003). Sea 

otters display inter-individual variation in prey preferences and tool use that are 

transmitted along matrilines (Estes et al. 2003; Fujii et al. 2015) which may involve 

genetic adaptations for increased memory and learning abilities. 

 In addition to amino acid changes in single genes, adaptations in the southern 

sea otter and giant otter may be due to more evolutionarily rapid genetic changes, such 

as changes to gene regulation, copy number variants, or transposable elements which 

were not examined in this study. Mutations with individually weak effects spread across 

dozens of genes working in concert could also be responsible for complex adaptive 

aquatic traits in otters. Traditional gene ontology enrichment analysis that only considers 

genes showing a genome-wide statistically significant effect may miss cases of polygenic 

selection (Daub et al. 2017). We found that the “hair follicle development” gene 

ontology category was enriched for genes under moderate positive selection in the 

internal branch leading to the sea otter and giant otter. No single hair-related gene had a 

strong enough signal of selection to rise to genome-wide significance, demonstrating the 

increase in power using a polygenic approach on the full dataset. 

Several of the genes in the category that drive the signal of selection are directly 

involved in hair folliculogenesis (TROY, SHH, SMO, SOX18, RBPJ). TROY acts early in the 

ectodysplasin A (EDA) pathway to initiate follicle development and is expressed in early 
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development of the hair follicle (Millar 2002; Pispa et al. 2008). SMO and sonic 

hedgehog (SHH), a gene vital to embryonic development of everything from the brain to 

limbs, appear to be essential in the middle stages of hair follicle development, regulating 

the growth and proliferation of epithelial cells (St-Jacques et al. 1998; Chiang et al. 

1999; Karlsson et al. 1999; Reddy et al. 2001; Millar 2002; Gritli-Linde et al. 2007). 

Transcription factor SOX18 also may participate in the further development of the hair 

follicle (Pennisi, Bowles, et al. 2000; Pennisi, Gardner, et al. 2000; Millar 2002), and 

RBPJ, a regulator of the Notch signaling pathway, is associated with the differentiation of 

hair follicle cells (Yamamoto et al. 2003; Blanpain et al. 2006). Interestingly, most of 

these genes (SHH, SMO, SOX18, RBPJ) appear to be active in the later stages of hair 

follicle development, rather than the initial dermal signal (Millar 2002). Modifications 

that result in the remarkable underhairs of otters would be expected to occur during 

these later stages under von Baer’s laws of embryonic development, which predict that 

special characteristics of a species appear later in development and are less likely to have 

downstream effects on other structures that might reduce fitness (Baer 1828; Abzhanov 

2013).  

Knockouts or mutations in these genes can have dramatic impacts on hair 

phenotypes in mice and humans (Figure 2C). SHH knockout mice have a much lower 

density of hair follicles (St-Jacques et al. 1998; Chiang et al. 1999) (Figure 2C). 

Knockouts and mutations in AARS (Lee et al. 2006), RBPJ (Blanpain et al. 2006), 

APCDD1 (Shimomura et al. 2010), and TROY (Pispa et al. 2008) can lead to sparse or 
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patchy hair. TMEM79 is associated with the matted coat phenotype in mice (Saunders et 

al. 2013) (Figure 2C), FZD6 is associated with changes in hair orientation (Guo et al. 

2004; Wang et al. 2006; Wang et al. 2010) (Figure 2C) and SOX18 is associated with 

missing hair subtypes (Pennisi, Bowles, et al. 2000; Pennisi, Gardner, et al. 2000).  

Our findings may help to explain the extreme density of otter fur, since many 

phenotypes associated with the genes we found under moderate selection are related to 

hair density in mice and humans (Liwanag et al. 2012). There may also be a strong role 

for gene regulatory changes during folliculogenesis which could be further explored with 

studies of gene expression in skin cells of the sea otter and other mustelids. Finally, 

research on genetic markers and genes associated with pelt quality in mink (a related 

semi-aquatic mustelid) may benefit from our approach used to detect polygenic selection 

(Thirstrup et al. 2014; Cai et al. 2017). 

Patterns of pseudogenization in otter genomes. 

The sense of smell, used to detect prey, predators, and interact with conspecifics, 

and the sense of taste, used to forage and avoid toxins, are less critical for aquatic 

existence (Thewissen and Nummela 2008; Thewissen 2009). Aquatic mammals have 

reduced olfactory gene repertoires across independent evolutionary lineages (Hayden et 

al. 2010; Hughes et al. 2018). They have also been shown to have lost some or all their 

taste receptor genes, particularly sweet and bitter taste receptors, likely due to 

swallowing food whole (in the case of cetaceans) and a reduced need to avoid bitter 

plant toxins when foraging (Jiang et al. 2012; Sato and Wolsan 2012; Feng et al. 2014; 



 

 

138 

Li and Zhang 2014). We found that the sea otter and giant otter genomes both had 

significant enrichment of pseudogenized genes related to sensing stimuli and 

development of the sensory apparatus (Table S6C) including pseudogenization of two 

bitter taste receptors and hundreds of olfactory receptor genes (ORGs). The loss of one 

bitter taste receptor in the southern sea otter and two in giant otter suggest the pressure 

to avoid plant toxins may be reduced in semiaquatic carnivores. However, the sea otter is 

under strong pressure to avoid toxins which can induce paralytic shellfish poisoning and 

has been shown to be able to avoid contaminated shellfish (Kvitek et al. 1991). 

We observed a more profound loss of ORGs in the sea otter and giant otter 

lineages, which suggests reduced selection for olfactory acuity in otters as a consequence 

of aquatic or semi-aquatic life. Otter species may have reduced olfactory requirements 

compared to terrestrial mustelids due to their increased time underwater. Terrestrial 

mustelids use scent extensively, with complex scent profiles exuded from anal scent 

glands that can be used to distinguish between individuals, mark territory, and assess 

reproductive status (Burger 2005). Freshwater otters have retained anal scent glands 

and engage in territory marking and mate assessment using scent (Duplaix 1980; Kean 

et al. 2011). Sea otters have been observed sniffing the air, and are thought to rely on 

their sense of smell for interacting with conspecifics, assessing female reproductive 

status, and detecting threats. However, they lack anal scent glands, do not engage in 

territory marking (Riedman and Estes 1990; Thewissen 2009), and like pinnipeds, have 

reduced olfactory bulbs (Radinsky 1968; Gittleman 1991; Pihlström 2008) and olfactory 
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turbinate areas (Valkenburgh et al. 2011) compared to terrestrial mammals. These 

physiological changes indicate that olfactory sensing and signaling is reduced in sea 

otters relative to other mustelids as the marine environment makes olfactory acuity less 

advantageous, and other senses, such as sea otter’s highly acute tactile perception 

(Strobel et al. 2018), more important. We predicted a concomitant loss of ORGs in sea 

otter, and possibly the giant otter, associated with their ancestral aquatic radiation, and 

more recently, the invasion of the sea otter lineage into the marine environment. 

However, since both species are derived from semi-aquatic ancestors and are still 

observed using olfaction for some purposes, we also predicted that the reduction in 

ORGs would not be as extreme as that observed in ancient, fully aquatic, marine 

mammal lineages (Hayden et al. 2010; Jiang et al. 2012; Sato and Wolsan 2012; Feng et 

al. 2014; Li and Zhang 2014; Hughes et al. 2018). 

Hayden et al. (2010) and Hughes et al. (2018) compared the size of functional 

ORG repertoires across a large array of terrestrial and aquatic species. The number of 

functional ORGs roughly corresponds to the length of time a species has been aquatically 

adapted and how fully aquatic it is (Figure S7). The polar bear is the most recently 

adapted marine mammal (< 1.5 Mya) (Berta 2012). Since it spends a large amount of 

time foraging on ice, it retains an acute sense of smell (Thewissen 2009) and a 

correspondingly large functional ORG repertoire of ~1029 functional genes (Hughes et 

al. 2018) (Figure 3, S7). In contrast, cetaceans, one of the most ancient (~50 Mya) and 

highly modified marine mammal lineages, have the smallest set of functional ORGs (58 
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functional genes) (Kishida et al. 2007; Hayden et al. 2010; Hughes et al. 2018) (Figure 

S7). Cetaceans are entirely aquatic and have partially or entirely lost the olfactory bulb 

apparatus (Thewissen 2009). Pinnipeds are a more recent (30 Mya) marine mammal 

lineage that hunts underwater but interacts with conspecifics out of the water 

(Thewissen 2009). The pinnipeds have intermediate-sized ORG repertoires (263-381 

functional genes, Figure 3) that is reduced relative to terrestrial carnivores such as the 

domestic dog, but larger than that of cetaceans (Figure 3, S7). 

We found that the southern sea otter, northern sea otter, and giant otter have 

moderately sized ORG repertoires that are reduced compared to their terrestrial relative, 

the domestic ferret, but larger than that of the pinnipeds and cetaceans (Figure 3, S6-

S7). The rate of ORG loss in the ancestral otter lineage of 41 genes lost per My was high 

relative to the rate in other terrestrial carnivorans and was comparable to that observed 

in the ancestral pinniped branch of 36 genes lost per My (Figure 3). Our analyses 

revealed that ~175 ORGs were lost in the ancestor of the sea otter and the giant otter 

but that a greater number of genes were lost in the sea otter and giant otter lineages 

independently (>275 ORGs lost in each lineage) (Figure 3). This intriguing pattern 

indicates that there was an independent loss of functional ORGs in the sea otter and 

giant otter lineages over a timescale of ~10 My (Figure 3). These independent losses 

nevertheless yielded functional ORG repertoires of similar size in each species. This 

finding was surprising as we expected that the sea otter would have a smaller ORG 

repertoire than the giant otter given that the former is more fully aquatic. We did not 
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observe any significant differences between the relative proportions of Class I (fish-like 

receptors) or Class II (tetrapod receptors) olfactory receptor genes among the domestic 

ferret, sea otter, or giant otter, indicating that although their functional repertoires are 

different in size although they have similar distributions between classes in mustelid 

species. 

The reduced functional ORG repertoire we observed in otter species may reflect 

their relatively recent aquatic evolution. Although otters use olfaction to interact with 

conspecifics and sense threats (Duplaix 1980; Riedman and Estes 1990), selection to 

maintain a large ORG repertoire may be reduced once these behaviors occur underwater. 

Otter sensory genes may therefore be under relaxed selection leading to gene loss 

without an impact on fitness. The range or sensitivity of otter olfaction is likely reduced 

compared to terrestrial mustelids. 

Genomic diversity. 

At the population level, patterns of genetic diversity, demographic history, and 

deleterious variation differed between the sea otter and giant otter, both of which are 

endangered species. Both the southern sea otter and the northern sea otters appear to be 

at risk from extremely low levels of genetic diversity and an elevated burden of 

putatively deleterious genetic variants. Sea otters once numbered from 150,000 to 

300,000 individuals worldwide prior to the harvest for the fur trade that began in the 

mid-18th century (Johnson 1982). Following the fur trade, sea otter numbers are thought 

to have been reduced to 1,000-2,000 individuals worldwide and scattered across a 
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handful of small remnant populations. Some of these populations have now recovered to 

sizes of tens of thousands of individuals (Johnson 1982; Riedman and Estes 1990). The 

southern sea otter population in California has partially recovered from a population size 

estimated at less than 100 individuals to a current size of ~3000 individuals but well 

below its historical abundance (Riedman and Estes 1990; Tinker and Hatfield 2017). 

Northern sea otter populations in Alaska have recovered in many areas to historical 

abundance levels (Riedman and Estes 1990). 

Population bottlenecks can have a long-lasting imprint on overall genomic 

diversity (Nei et al. 1975). The extremely low genomic diversity we observe in the sea 

otters corresponds with findings of low mitochondrial haplotype (Cronin et al. 1996; 

Bodkin et al. 1999; Larson, Jameson, Etnier, et al. 2002; Larson, Jameson, Bodkin, et al. 

2002) and microsatellite diversity (Larson, Jameson, Etnier, et al. 2002; Larson, 

Jameson, Bodkin, et al. 2002; Aguilar et al. 2008; Larson et al. 2012) in sea otter 

populations. In fact, previous studies have suggested the California southern sea otter 

population has the lowest diversity of all sea otter populations (Aguilar et al. 2008; 

Larson et al. 2012). We found that both the southern and northern sea otters show 

extremely low levels of genome-wide heterozygosity comparable to that of the classic 

examples of low-diversity mammals such as the Tasmanian devil and the cheetah 

(Figure 4A). However, these comparisons need to be accepted with qualification as the 

choice of individual and differences in genotype calling and filtering could impact 

relative levels of diversity between studies. Although low heterozygosity does not always 
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imply an obvious decrease in fitness (e.g. DeWoody and DeWoody (2005), Robinson et 

al. (2016; 2018)), low levels of genetic diversity and inbreeding depression have been 

associated with low sperm quality, mortality and increased disease susceptibility in the 

cheetah, which experienced at least two bottlenecks ~100,000 and ~12,000 years ago 

(Dobrynin et al. 2015). Tasmanian devils are at risk of extinction due to a contagious 

cancer, which may be caused in part by their very low levels of genetic diversity in 

immune genes (Miller et al. 2011; Murchison et al. 2012). 

In addition to low heterozygosity, we also find greater evidence for recent 

inbreeding in sea otters based on the presence of long runs of homozygosity (ROH) in 

the two genomes sequenced (Figure 4C). This result may reflect the impact of recent 

small population sizes due to exploitation in the fur trade. The distribution of ROH has 

been shown to be skewed toward higher ROH in small, isolated populations that have 

experienced population bottlenecks and recent inbreeding (Brüniche-Olsen et al. 2018; 

Kardos et al. 2018). 

Historical demography. 

Although long ROH are indicative of recent inbreeding events, genome-wide 

heterozygosity is generally driven by more ancient demography (Tajima 1983). 

Therefore, the extremely low heterozygosity in sea otters may not only be the result of 

the relatively brief bottleneck induced by the 18th-20th century fur harvest. As suggested 

by others for the California population, ancient bottlenecks may also have contributed to 

low diversity (Aguilar et al. 2008; Larson et al. 2012). Our inferred demographic 
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trajectory in MSMC, although not a literal representation of changes in population size 

(Mazet et al. 2016; Beichman et al. 2017; Chikhi et al. 2018), also suggested past events 

of population instability occurred, particularly in southern sea otter (Figure 5A). The 

fluctuations in the trajectory could be due to changes in population size or population 

structure, a combination of both, or other more complex factors such as linked selection 

(Nadachowska-Brzyska et al. 2013; Mazet et al. 2016; Schrider et al. 2016; Beichman et 

al. 2017; Chikhi et al. 2018). 

Our best estimates for the more ancient demographic events seen in sea otter 

populations suggest they occurred ~30-40 kya, but conceivably they could have occurred 

as recently as 26 kya or deeper in time (>50 kya) if the demographic history is scaled 

using different mutation rates and generation times (see Figure S8 and Table S10A-C 

for alternate scalings). The last glacial maximum (LGM) was ~20 kya and global sea 

levels were ~140 meters lower than today, impacting coastal habitats in California and 

Alaska. In California, San Francisco Bay was dry and large amounts of estuarine habitat 

were eliminated (Hewitt 2000; Jacobs et al. 2004; Dolby et al. 2016; Dolby et al. 2018). 

In Alaska, changes in glaciation levels altered coastlines dramatically (Mann and Peteet 

1994). Although it would require extensive habitat modeling to understand how changes 

to sea level might have impacted sea otter population dynamics (Pyenson and Lindberg 

2011; Dolby et al. 2018), it is an intriguing finding that there is disturbance in both sea 

otter MSMC trajectories spanning this time period of climate change (Figure 5A, S8). 

The fact that these fluctuations are not observed in the giant otter population during this 
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time period lends credence to the impacts of the LGM, which, though it caused drying 

and restriction of the rainforest (Hewitt 2000), likely had less impact on the tropical 

habitat of the giant otter than on the coastal habitat of the sea otter. 

The more recent putative decline in the MSMC trajectory (~1-3kya) of the 

southern sea otter is much older than any bottleneck that might be caused by the fur 

trade. The decline could possibly relate to population depletion or fragmentation and 

gene flow limitation caused by indigenous Californians as previously suggested 

(Simenstad et al. 1978; Aguilar et al. 2008; Larson et al. 2012). Archaeological evidence 

of hunting of marine mammals begins ~9 kya on the coast of California (Hildebrandt 

and Jones 1992; Braje and Rick 2011) and a high level of exploitation of sea otters 

~750-2500 ya is consistent with the estimated timing of this decrease in population size 

(Hildebrandt and Jones 1992; Braje and Rick 2011). We found that information from a 

single genome lacks power to distinguish between a model with a recent bottleneck from 

one without it (Figure 5B, S9). However, the MSMC results are still useful as a 

preliminary reconstruction of the demographic history of the California southern sea 

otter population. Sequencing 10-20 additional individuals will allow multiple bottleneck 

models to be explicitly tested using a site frequency spectrum or approximate Bayesian 

computation approach (Beaumont 2010; Excoffier et al. 2013; Beichman et al. 2018). If 

the California southern sea otter population experienced multiple bottlenecks prior to 

the fur trade, it will be important to incorporate that demographic history into any 

studies of adaptation or deleterious variation at the population level. 
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Deleterious variation. 

The extremely low heterozygosity and known history of at least one fur-trade 

related bottleneck in southern and northern sea otters suggests they may have suffered 

fitness consequences from deleterious variation and inbreeding. Purifying selection is less 

effective at removing deleterious variants from a population during periods of small 

population size (Ohta 1973; Akashi et al. 2012) which can lead to an increase in 

putatively deleterious missense (nonsynonymous) derived variants (Lohmueller et al. 

2008; Henn et al. 2015; Marsden et al. 2016; Robinson et al. 2016; Robinson et al. 

2018). The increase of deleterious alleles can lower the overall fitness of the population, 

impeding recovery (Kohn et al. 2006; Harrisson et al. 2014). The fact that we observed 

similar numbers of synonymous derived alleles that are putatively neutral in the sea otter 

and giant otter but a dramatic increase in the number of possibly deleterious missense-

derived alleles suggests an increased burden of deleterious variants due to one or more 

historical bottlenecks (Figure 5C). The sea otters also had an increase of derived 

mutations in the homozygous state relative to the giant otter (Figure 5D). If some of 

these mutations are recessive and deleterious, the sea otter may be exposed to fitness 

impacts due to elevated homozygosity (Peischl and Excoffier 2015). Interestingly, we do 

not observe a significant difference between the numbers of homozygous loss of function 

mutations between the sea otters and giant otter, consistent with purging of highly 

deleterious recessive variants once they are exposed to selection in the homozygous state 

(Henn et al. 2016; Robinson et al. 2018).  
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These findings are relevant to conservation of rare and endangered species. The 

primary barriers to population recovery in the sea otter are population fragmentation, 

resource limitation, and predation by sharks and killer whales (Estes et al. 1998; U.S. 

Fish and Wildlife Service 2003; Tinker et al. 2016). However, the low genetic diversity 

and burden of putatively deleterious alleles have the potential to impact population 

recovery goals as well. The increased burden of deleterious variants coupled with 

extremely low genetic diversity may have long-term fitness impacts for sea otter 

populations, slowing recovery and limiting their genetic response to environmental 

challenges such as disease or climate change (Kohn et al. 2006; Harrisson et al. 2014). 

Although logistically challenging, long-term recovery goals of increasing genetic diversity 

and counteracting elevated deleterious variation through translocation and/or captive 

breeding programs may help to bolster sea otters’ persistence given future environmental 

threats. 

Methods 

See Supplementary Information for additional details on all analyses. 

Genome sequencing, assembly & annotation. We sequenced the southern sea otter 

genome from genomic DNA extracted using the Qiagen DNEasy kit from a blood sample 

taken from a female resident sea otter named Gidget at the Monterey Bay Aquarium, 

Monterey, California, during a standard veterinary examination (Permit #MA186914-2). 

We initially sequenced a standard Illumina TruSeq library on the HiSeq4000 (150bp PE). 

We then generated a preliminary contig assembly using Meraculous (Chapman et al. 
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2011). Next, sequencing of a single Chicago library (Dovetail Genomics, Santa Cruz, CA) 

was carried out on an Illumina HiSeq4000 (100bp PE), followed by HiRise scaffolding 

(Putnam et al. 2016). The de novo giant otter genome was sequenced at the Broad 

Institute (Cambridge, MA) from a tissue sample of a male giant otter from the Frankfurt 

Zoological Garden born and collected in 1994 (ID #1384). The genome was sequenced 

from a single PCR-free library and assembled into contigs using the DISCOVAR de novo 

assembly pipeline [https://software.broadinstitute.org/software/discovar/]. Genome 

completeness was assessed with BUSCO v2 (Simão et al. 2015), using the gVolante web 

interface (Nishimura et al. 2017).  

 The southern sea otter genome was annotated using five iterative rounds of the 

MAKER2 pipeline (Holt and Yandell 2011). Whole-blood RNA-Seq data from the 

southern sea otter and NCBI protein data from domestic ferret, domestic dog and 

domestic cat were used for training the AUGUSTUS gene predictor (Stanke and Waack 

2003). The giant otter genome was then annotated using AUGUSTUS trained on the sea 

otter data. The sea otter and giant otter annotations yielded 21,909 and 23,665 gene 

models, respectively (Table 1). Dovetail Hi-Rise scaffolding, although increasing scaffold 

contiguity, does not add additional sequence to the assembly, resulting in long scaffolds 

containing numerous gaps (0.073% percent of genome contained in gaps prior to Hi-Rise 

scaffolding; 0.411% after). These sequence gaps were disruptive to the gene predictor. 

For example, when they occur in the middle of the gene, the gene predictor cannot 

complete the gene model which results in the fragmentation of gene models even if 
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present on long scaffolds. This finding suggests future assemblies make use of long-read 

technologies in addition to Dovetail HiRise scaffolding to increase contig size and fill in 

gaps. Additional details in SI 1. 

Mapping to the domestic ferret reference genome. To directly compare genetic 

diversity between the southern sea otter and giant otter, the raw sequencing reads used 

for de novo genome assembly were also aligned to the domestic ferret (Mustela putorius 

furo) genome (Assembly Accession #GCF_000215625.1). To investigate population-level 

differences between sea otter populations, we also mapped sequencing reads from the 

northern sea otter genome (Jones et al. 2017) downloaded from Sequence Read Archive 

(SRA; Library SRX2967283) to the ferret reference genome. All otter species are 

equidistant from the domestic ferret. We chose this approach for several reasons. First, 

we wished to avoid potential reference bias that would come from aligning the reads 

used to generate the sea otter and giant otter assemblies against those same genomes. 

Second, we wished to avoid the confounding influence of variable de novo genome 

assembly quality (e.g. Lehri et al. (2017)). Third, we wanted to assess diversity between 

the otters at the same regions of the genome. Lastly, using an established reference 

genome enabled access to additional resources only available for such genomes such as 

the Ensembl Variant Effect Predictor (VEP) (McLaren et al. 2016). Additional details in 

SI 2. 

Phylogeny and divergence time estimation. We identified 784 high-confidence “one to 

one” (1:1) gene orthologs from the gene annotations of 12 carnivore species (southern 



 

 

150 

sea otter, giant otter, domestic ferret, red panda, polar bear, giant panda, Hawaiian 

monk seal, Weddell seal, walrus, domestic dog, tiger, and domestic cat; see Table S1 for 

accessions) and the Malayan pangolin as an outgroup using ProteinOrtho (Lechner et al. 

2011). All gene groups identified as single copy orthologs were then aligned in a codon-

aware manner in PRANK (Löytynoja 2014) and conserved blocks were selected using 

Gblocks (Castresana 2000). The phylogeny was reconstructed using RAxML 8.0 

(Stamatakis 2014) under GTRGAMMA model and divergence times were estimated with 

the MCMCTree tool from the PAML software package (Yang 2007). Additional details 

in SI 3. The topology of the domestic ferret, giant otter, southern sea otter and northern 

sea otter was confirmed using the number of shared vs. private derived alleles and the 

ABBA-BABA test. See SI 4 for details. 

Positive selection on single genes. To find orthologous genes for positive selection 

analyses, we compared genome annotations from a wide range of taxa in the 

Laurasiatheria (southern sea otter, giant otter, domestic ferret, giant panda, polar bear, 

Weddell seal, walrus, domestic dog, domestic cat, microbat, megabat, dolphin, domestic 

cow and domestic horse) and the human (Euarchontoglires) (Table S1 for accessions 

and Latin species names) using ProteinOrtho (Lechner et al. 2011). 

The nucleotide sequences corresponding to the orthologous protein sequences 

were aligned for each gene using GUIDANCE2 (Sela et al. 2015). We found that using 

genome assemblies and annotations that vary in quality in our alignments led to many 

spurious alignments, particularly due to assembly and annotation artifacts. We used two 
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filtering schemes in addition to masking of inconsistent residues with GUIDANCE2 to 

attempt to remedy these problems. First, we used the common alignment filtering 

approach Gblocks (Castresana 2000) with moderately stringent parameters to select 

conserved blocks of sequence,. Others have noted that Gblocks can still lead to many 

false positive results (Jordan and Goldman 2012; Harrison et al. 2014). Therefore, we 

separately employed a sliding window masking approach using the Sliding Window 

Alignment Masker for PAML (SWAMP) (Harrison et al. 2014) with stringent parameters 

to mask regions of the southern sea otter and giant otter sequences that have too many 

amino acid changes within a window. 

The codeml branch-site test for positive selection was run on every gene 

alignment under each filtering scheme for three foreground branches: southern sea otter, 

giant otter, and the internal branch leading to both otter species. Significance was 

calculated using the likelihood ratio test, and for each filter-type, a false discovery rate 

correction applied across all branch-genes combinations (all genes surveyed, across all 

three foreground branches).  

To assess the success of the different filters, the alignments of all 638 genes that 

had an uncorrected p-value ≤ 0.01 in any test were visually inspected and those with 

annotation and alignment artifacts that could yield false positives were excluded. Genes 

with high impact VEP mutations when aligned to the ferret were also excluded as they 

could be pseudogenized. Genes containing multinucleotide changes were noted, but not 

excluded. The genes passing inspection with p-values ≤ 0.01 were tested for gene 
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ontology enrichment with g:Profiler (Reimand et al. 2016). For the top outlier genes (q 

≤ 0.1), every amino acid change identified by the Bayes Empirical Bayes (BEB) method 

as putatively under selection in the southern sea otter or shared otter lineages, regardless 

of confidence level, was confirmed by BLASTing to the northern sea otter sequence 

(Table S4D). The only site that failed to match the northern sea otter sequence was a 

codon in CEP350, which in the southern sea otter was AGA (Arginine), whereas in the 

northern sea otter and domestic ferret was GGA (Glycine) (Table S4D). The remaining 

six BEB sites in CEP350 matched the northern sea otter sequence. Additional details in 

SI 5. 

Polygenic selection. We used a method to detect low levels of polygenic selection on the 

otters foreground branch (Daub et al. 2017). This method, called polysel (Daub et al. 

2017), uses information from all genes that went through the codeml branch-site test to 

detect subtle signals of polygenic selection in genes within a pathway. The user provides 

input gene pathways or categories to test and the method adds together the fourth root 

of the likelihood ratio test statistic (“LRT4,” used to down-weight outliers) of all genes in 

that pathway that are present in the dataset to generate a “SUMSTAT” score for each 

category. The method then generates a null distribution for each pathway by randomly 

sampling the user’s gene set to generate one million ‘pathways’ of the same size as the 

pathway being tested but composed of a random selection of genes whose association 

has no biological relevance and no expectation of being under selection. By examining 

how often the SUMSTAT statistic of the null pathways exceeds that of the true pathway, 
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the method generates a p-value which is then corrected for multiple testing. This 

statistical approach avoids the subjectivity of trying to choose gene sets that might not be 

under selection to act as a null set and instead generates the null sets through random 

sampling. 

Our input pathways were chosen to test broad a priori hypotheses about aquatic 

adaptation. GO pathways or categories containing the following terms in their 

description: “hair follicle”, “osmoregulation”, “thermoregulation”, “diet”, “hypoxia”, and 

“sensory perception” were selected. Our input gene set was filtered using the more 

moderate Gblocks filtering scheme. For the significantly enriched hair follicle 

development pathway, we tested the robustness of the result by removing a fragmented 

gene alignment (LGR4) from the input dataset and carrying out the full analysis without 

it, which raised the category’s p-value from 0.0048 to 0.019, and the q-value from 0.099 

to 0.33. We also performed the same polysel analysis on the codeml results for the genes 

filtered using the highly conservative SWAMP filtering scheme and did not observe any 

significantly enriched pathways. This finding suggests that alignment artifacts may have 

influenced the results or that SWAMP’s filtering is overly conservative. Additional 

details in SI 6. 

Detection of pseudogenes.  To find genes that have been pseudogenized, we employed 

the PseudoPipe program (Zhang et al. 2006) which uses query protein sequences from 

the species itself or a relative to detect pseudogenized versions of the query proteins in 

the genome. We used domestic ferret protein sequences as a query to search for 
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pseudogenized genes in the southern sea otter and giant otter genomes. We also used a 

second approach to identify loss-of-function genes that is independent of the quality of 

de novo genome assembly and annotation. Specifically, we used our alignments of 

southern sea otter and giant otter reads to the domestic ferret reference genome as a 

secondary measure of gene loss. We extracted all variants annotated by VEP as “HIGH” 

impact that occurred in a known protein domain in a canonical transcript, as these 

variants are the most likely to disrupt protein function. Additional details in SI 7. 

PseudoPipe yielded 1,060 (southern sea otter) and 1,132 (giant otter) genes that 

were classified as pseudogenized in the de novo genome assemblies. These counts 

included 649 genes which were classified as pseudogenized in both species. Our second 

approach using VEP yielded 1,619 (southern sea otter) and 1,503 (giant otter) genes 

that were characterized in Uniprot and potentially disrupted by a high impact SNP or 

indel in a protein coding domain relative to the domestic ferret sequence, 900 of which 

were putatively disrupted in both southern sea otter and giant otter. Most intriguingly, 

there was very little overlap between our two approaches, with only 113 putative 

pseudogenes found in common between PseudoPipe and VEP for southern sea otter, 133 

for giant otter, and 45 genes found in both species by both methods (Table S6A-B). The 

genes held in common were searched for enrichment of particular functions using 

g:Profiler (Reimand et al. 2016) using all domestic ferret genes as a background set. We 

also reviewed the literature to uncover associations between genes and phenotypes in 

mice and humans. 
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Loss of olfactory receptor genes (ORGs). We followed the protocols of Niimura (2013) 

and Montague et al. (2014) to detect putatively functional, truncated and pseudogenized 

ORGs in the domestic ferret, southern sea otter, northern sea otter, and giant otter 

genomes. ORGs were classified as Class I and Class II by phylogenetic position. To 

generate the gene tree, functional ORG sequences were aligned to a dataset of ORG 

sequences from six additional Caniformia species (Montague et al. 2014): red panda, 

walrus, Hawaiian monk seal, Weddell seal, polar bear, giant panda, and domestic dog 

with domestic cat, tiger and Malayan pangolin as outgroup species (see Table S1 for 

accessions). The gene tree was built using SATé (Liu et al. 2009; Liu et al. 2012) and 

Notung 2.6 (Durand et al. 2006; Vernot et al. 2008) was used for the reconciliation of 

ORG gene trees and the species tree. The per-branch counts of gained and lost ORGs 

from the reconciled gene tree and species tree (Figure S6) were scaled by the branch 

lengths of the phylogeny (Figure 1) to estimate rates of gain and loss per million years 

for each branch (Figure 3). For comparison, functional ORG counts based on genomic 

data of additional mammal species were gathered from the recent study by Hughes et al. 

(2018) (see Table S1 in Hughes et al. (2018) and Table S7B). Additional details in SI 8 

Genomic diversity. Genome-wide heterozygosity was calculated based on the reads 

mapped to the domestic ferret genome. Sliding window heterozygosity was calculated 

using a python script modified from Robinson et al. (2016). We calculated the 

distribution of runs of homozygosity using PLINK (Purcell et al. 2007). Additional 

details in SI 9.  
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Mutation rate inference. See SI 10 for mutation rate calculations the range of mutation 

rates used for scaling demographic inference.  

Historical demography. The Multiple Sequential Markovian Coalescent (MSMC) 

(Schiffels and Durbin 2014), also known as PSMC' when used on a single genome, was 

used to infer the distribution of coalescence rates (inversely proportional to effective 

population size under certain assumptions). Coalescent rates were scaled to estimates of 

population size and time intervals to generations and years using a range of mutation 

rates and generation times (Figure S8, Table S10A-C). 

To test whether trimming away ancient events, including the high inferred 

ancient population size, would improve the fit to empirical heterozygosity, we simulated 

data using MaCS (Chen et al. 2009) under the full demographic model inferred using 

MSMC and under a trimmed model that removed events greater than 16-17,000 

generations in the past (time index 33 for southern sea otter, 31 for northern sea otter, 

and index 20 for giant otter). To test whether a recent southern sea otter bottleneck was 

consistent with observed genome-wide heterozygosity, we carried out further 

simulations without the recent bottleneck indicated by the pink arrow in Figure 5A. The 

simulated distributions of heterozygosity with and without the bottleneck were highly 

similar, suggesting a lack of power to obtain greater resolution on that event from a 

single genome (Figure S9). Additional details in SI 11.  

Deleterious variation. To assess a proxy for the load of deleterious mutations, we 

examined the number of derived alleles in coding sequence between southern sea otter, 
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northern sea otter, and giant otter. Coding sequence was defined using the annotation 

from the ferret reference genome (MusPutFur1.0, Ensembl release 91), and variants in 

coding regions were annotated using Ensembl’s Variant Effect Predictor (VEP) (McLaren 

et al. 2016) against the 90_MusPutFur1.0 ferret database. We counted the number of 

sites per species annotated as “missense_variant,” “synonymous_variant,” and 

“stop_gained” in canonical transcripts as representing nonsynonymous, synonymous and 

putative loss of function sites, respectively. Since the southern sea otter and giant otter 

had differing numbers of sites passing all filters across the genome, we re-scaled these 

numbers by the total number of coding sites called in each species, then multiplied by 

the average number of coding sites called between species for each category of site 

(synonymous, missense, stop-gained). We also compared the total number of 

homozygous-derived genotypes in each species across the three categories which were 

rescaled in a similar manner.  

Bootstrapping of these rescaled estimates of the number of derived alleles per 

category and the number of homozygous-derived genotypes per category were carried 

out by randomly sampling with replacement of the average number of called coding sites 

from each species and recording the number of synonymous, nonsynonymous and stop-

gained sites in homozygous or heterozygous states in each of 1000 bootstrap replicates. 

We tested for differences in the number of derived alleles and homozygous-derived 

genotypes between southern sea otter and giant otter using a two-tailed Z-test. P-values 
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were then calculated based on the z-scores from a standard normal distribution. 

Additional details in SI 12.  

Abbreviations 

NCBI, National Center for Biotechnology Information; Mya, million years ago; kya, thousand 

years ago; bp, base pair; LRT, likelihood ratio test statistic; LRT4, fourth root of the likelihood 

ratio test statistic; VEP, Ensembl’s Variant Effect Predictor; PAML, phylogenetic analysis by 

maximum likelihood; SWAMP, sliding window alignment masker for PAML; ROH, run of 

homozygosity; MSMC, multiple sequentially Markovian coalescent; PSMCʹ, pairwise sequentially 

Markovian coalescent, using SMCʹ algorithm (the other name for MSMC when it is run on a 

single genome); IICR, instantaneous inverse coalescence rate (a proxy for effective size); ABC, 

approximate Bayesian computation; SFS, site frequency spectrum; ORG, olfactory receptor gene; 

IQCD, IQ motif containing D; SIK2, salt inducible kinase 2; PRSS35, protease, serine 35; WPB1, 

WW domain binding protein 1; BEND7, BEN domain containing 7; HADHA, hydroxyacyl-

Coenzyme A dehydrogenase/3-ketoacyl-Coenzyme A thiolase/enoyl-Coenzyme A hydratase 

(trifunctional protein), alpha subunit; SLC18A3, solute carrier family 18 (vesicular monoamine), 

member 3; CEP350, centrosomal protein 350; SWAP70, SWA-70 protein; SLC7A4, solute carrier 

family 7 (cationic amino acid transporter, y+ system), member 4; FAM111A, family with 

sequence similarity 111, member A; RELN, reelin; SLAMF7, SLAM family member 7; MAST2, 

microtubule associated serine/threonine kinase 2; PGR, progesterone receptor; TPGS1, tubulin 

polyglutamylase complex subunit 1; ZNF200, zinc finger protein 200; ISG20, interferon-

stimulated protein; AARS, alanyl-tRNA synthetase; TMEM79, transmembrane protein 79; SHH, 

sonic hedgehog; LGR4, leucine rich repeat containing G protein-coupled receptor 4; SMO, 

smoothened, frizzled class receptor; SOX18, SRY-box 18; TNFRSF19 (TROY), TNF receptor 

superfamily member 19; RBPJ, recombination signal binding protein for immunoglobulin kappa J 

region; APCDD1, APC down-regulated 1; FZD6, frizzled class receptor 6; TAS2R38, taste receptor 

2 group 38; TAS2R40, taste receptor 2 group 40; NLRC4, NLR Family CARD Domain Containing 

4; NAV2, Neuron Navigator 2; EDA, ectodysplasin A.
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Tables 

Table 1. Comparison of genome assembly statistics. Comparing the de novo genome assemblies of the southern sea otter and giant otter 

presented in this paper with the genomes of the northern sea otter and domestic ferret from NCBI (Peng et al. 2014; Jones et al. 2017). 
 

Genome 
Comparison Southern Sea Otter Giant Otter Northern Sea Otter Domestic Ferret 

Species Enhydra lutris nereis Pteronura brasiliensis Enhydra lutris kenyoni Mustela putorius furo 
Reference this paper / UCLA this paper / Broad Institute Jones et al. (2017) Peng et al. (2014) 
Assembly 
Accession 

QQQE00000000 GCA_004024605.1 GCF_002288905.1 GCF_000215625.1 

Group UCLA Broad Institute BC Cancer Agency Ferret Genome Sequencing 
Consortium 

Sequencing/Assem
bly Methods 

Illumina + 
Meraculous + 
Dovetail 

Illumina + DISCOVAR Illumina+10x 
Genomics/ABySS 
Supernova Hybrid 

Illumina/ALLPATHS-LG 

Raw Coverage 81x 44x 110.0x 90x 
Contig N50 18.4kb 99.9kb 244.5kb 44.8kb 
Scaffold N50 6.6Mb N/A (contig-only assembly) 38.7Mb 9.3Mb 
Number of 
scaffolds 

55,496 649,335 29,592 7,782 

Total Length 2,425.5 Mb 2,603.5Mb 2,455.2Mb 2,405.5 Mb 
BUSCO v2 Assembly Completeness Statistics 

(based on 4104 mammalian core BUSCOs) 
Complete genes 93.3% 85.2% 96.2% 95.25% 
Complete + Partial 96.9% 95.5% 98.0% 97.78% 
Missing 3.0% 4.5% 2.0% 2.2% 
Duplicated 0.99% 0.66% 1.09% 0.67% 
Annotation Method MAKER2 MAKER2 NCBI Eukaryotic Genome 

Annotation Pipeline 
NCBI Eukaryotic Genome 
Annotation Pipeline 

Protein coding 
gene models 

21,909 23,665 19,458 20,062 
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Table 2. Genes identified as putatively under positive selection. 18 genes under positive selection were detected using the branch-site 

test (Yang 2007) on the branches leading to the southern sea otter, giant otter, and the ancestral otter internal branch. Two different alignment 

filtering schemes were used: (1) GUIDANCE2 (Sela et al. 2015) plus sliding window filtering (SWAMP (Harrison et al. 2014)), or (2) GUIDANCE2 

plus conserved block filtering (Gblocks (Castresana 2000)). Genes with q ≤ 0.1 under either filtering scheme are shown. Additional details on 

these genes available in Table S4D. 
HGCN 

Symbol 
Foreground 

Branch 
(1) SWAMP1 

q-value 
(1) SWAMP1 

p-value 
(2) Gblocks2 

q-value 
(2) Gblocks2 

p-value 
Gene name 

BEND7* S. sea otter 2.36E-02 5.68E-06 1.80E-03 2.74E-06 BEN domain containing 7 
MAST2 S. sea otter 1.00E+00 4.32E-02 7.14E-03 2.53E-05 microtubule associated serine/threonine kinase 2 
RELN S. sea otter x3 x 1.30E-02 6.02E-05 reelin 

FAM111A S. sea otter x x 1.91E-02 9.85E-05 family with sequence similarity 111, member A 
SLC18A3 S. sea otter 1.00E+00 1.00E+00 2.83E-02 1.69E-04 solute carrier family 18 (vesicular monoamine), 

member 3 
CEP350 S. sea otter 1.00E+00 3.98E-03 2.90E-02 1.76E-04 centrosomal protein 350 
SWAP70 S. sea otter 3.75E-01 2.33E-04 3.73E-02 2.40E-04 SWA-70 protein 
SLC7A4 S. sea otter 3.42E-01 1.92E-04 4.02E-02 2.66E-04 solute carrier family 7 (cationic amino acid 

transporter, y+ system), member 4 
ZNF200 S. sea otter 1.00E+00 3.46E-03 4.55E-02 3.11E-04 zinc finger protein 200 
ISG20 S. sea otter 1.00E+00 6.85E-02 6.15E-02 4.49E-04 interferon-stimulated protein 
PGR S. sea otter x x 7.04E-02 5.27E-04 progesterone receptor 

TPGS1 S. sea otter x x 7.88E-02 6.14E-04 tubulin polyglutamylase complex subunit 1 
HADHA S. sea otter 6.26E-01 4.81E-04 7.90E-02 6.25E-04 hydroxyacyl-Coenzyme A dehydrogenase/3-

ketoacyl-Coenzyme A thiolase/enoyl-Coenzyme A 
hydratase (trifunctional protein), alpha subunit 

SLAMF7 S. sea otter 1.00E+00 8.75E-03 9.76E-02 8.20E-04 SLAM family member 7 
PRSS35 Giant otter x x 4.31E-02 2.91E-04 protease, serine 35 
WBP1 Giant otter 4.07E-01 2.64E-04 7.90E-02 6.25E-04 WW domain binding protein 1 
SIK2 Otters4 4.97E-01 3.52E-04 7.60E-02 5.83E-04 salt inducible kinase 2 
IQCD Otters 1.00E+00 1.33E-03 8.56E-02 6.93E-04 IQ motif containing D 

* BEND7 is the only gene with q-value ≤ 0.1 under both Gblocks and SWAMP filtering schemes. 
1 SWAMP: p and q-values based on codeml run on gene alignments filtered first using GUIDANCE2 then stringent SWAMP sliding window masking, with columns of the alignments 
containing any gaps removed. Genes with length <120bp after filtering were excluded. 
2Gblocks: p and q-values based from PAML’s codeml run on gene alignments filtered first using GUIDANCE2 then moderately stringent Gblocks conserved block selection filtering, with 
columns of the alignment with >50% of the sequences containing a gap removed. Genes with length <120bp after filtering were excluded. 
3 “x” denotes a gene that was excluded under one of the filtering schemes if its length post-filtering was <120bp.  
4 The branch leading to both otter lineages. 
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Figures 

 

 

Figure 1. Phylogenetic tree and divergence times of southern sea otter, giant otter and 10 
other carnivoran species. The phylogeny and divergence time estimation was based on four-fold 
degenerate sites across 784 1:1 orthologs and was time-calibrated using fossil- and molecular-derived 
priors. The Malayan pangolin served as the outgroup. Branch lengths represent time before present 
(million years ago (Mya)). The mean age of each node is shown, with 95% credibility intervals in 
parentheses and depicted as purple bars around each node. Geological periods are shown above the 
time axis. 
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Figure 2. Positive selection on single and many genes. A) Differences in long-bones between 
terrestrial mustelids (ferret), freshwater otters (giant otter), and the sea otter, modified from Houssaye 
and Botton-Divet (2018). Lateral views of the forelimb humerus and hindlimb femur based on high-
resolution tomography are shown (Houssaye and Botton-Divet 2018). Differences in long bone shape 
and compactness, including increased thickness of outer cortical bone and increased spongy bone 
throughout the bone shaft, are observed in both otter species, but are particularly extreme in the sea 
otter. The positive selection we detected on genes FAM111A and MAST2 may contribute to these 
skeletal differences (Table 2). B) The gene category identified as being under significant polygenic 
selection in the ancestral otter lineage. The y-axis shows the fourth root of the likelihood ratio test 
statistic score (LRT4) that is used to generate a cumulative score for the gene set. Genes in the category 
with the highest LRT4 scores are labeled. Upon visual inspection, LGR4 (marked by gray x) had a 
fragmented alignment that yielded a false signal of moderate selection, and so the cumulative score was 
recalculated without it. C) Mouse and/or human phenotypes associated with mutations or knockouts in 
the highest LRT4 score genes in the “hair follicle development” category. For the sparse/missing hair 
phenotype, the image shown is an SHH mouse knockout skin graft onto a wildtype mouse back showing 
limited hair growth compared to a control (adapted from Figure 3 in Chiang et al. (1999)). For the hair 
whorls phenotype, the image depicts the difference between wildtype (left) and FZD6 knockout (right) 
hair orientation patterns in mice (adapted from Figure 1E-F in Wang et al. (2006)). For the matted 
phenotype, wildtype and TMEM79 mutant mice with a patchy, matted coat are shown (adapted from 
Figure 3 in Saunders et al. (2013)). 
 
Permissions: Figure 2A modified from Houssaye & Botton-Divet, "From land to water: evolutionary changes in long bone 
microanatomy of otters (Mammalia: Mustelidae)." Biological Journal of the Linnean Society 125.2 (2018): 240-249, by 
permission of Oxford University Press and the Linnean Society of London. Figure 2C mouse skin graft image reprinted from 
Chiang et al. "Essential Role for Sonic hedgehog during Hair Follicle Morphogenesis." Developmental biology 205.1 (1999): 1-9, 
with permission from Elsevier. Figure 2C hair whorl image reprinted from Wang et al. "Order from disorder: Self-organization in 
mammalian hair patterning." Proceedings of the National Academy of Sciences 103.52 (2006): 19800-19805. Figure 2C matted 
phenotype image from Saunders, et al. "Tmem79/Matt is the matted mouse gene and is a predisposing gene for atopic 
dermatitis in human subjects." Journal of Allergy and Clinical Immunology 132.5 (2013): 1121-1129. 
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Figure 3. Rates of gain and loss of functional olfactory receptor genes (ORGs). Rates of ORG 
gain and loss per million years are shown for each branch of the phylogeny. These rates are calculated 
by dividing the counts of functional ORG gained or lost (Figure S6) by the branch lengths calculated from 
the mean node ages (Figure 1). Rates are shown for both the southern (“S.”) and northern (“N.”) sea 
otter genomes, with the latter in brackets. The total number of functional ORGs in each species is shown 
to the right of the phylogeny. 
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Figure 4. Genomic diversity in the southern sea otter and giant otter. A) Comparison of 
genome-wide heterozygosity in sea otter, giant otter and other mammals drawn from the literature, 
based on Robinson et al. (2016). Dots are colored by the endangered status according to the 
International Union for Conservation of Nature (IUCN) Red List for Threatened Species. A full table of 
values with references can be found in Table S8. B) Sliding window heterozygosity of the giant otter 
(green), southern sea otter (blue), northern sea otter (purple) sequencing reads mapped to the domestic 
ferret reference genome (220 scaffolds >3Mb). C) Runs of homozygosity (ROH) across the largest 220 
scaffolds (> 3Mb) of the domestic ferret reference genome. The ROH are binned by size of the run, and 
the y-axis depicts the amount of sequence contained in ROH of that size.  
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Figure 5. Demographic inference and the burden of deleterious variants. A) MSMC (Schiffels 
and Durbin 2014) inference of inverse coalescent rate (a proxy for effective size) through time for giant 
otter (green), southern sea otter (blue), and northern sea otter (purple). Fine lines denote bootstrap 
replicates. B) Empirical genome-wide heterozygosity (horizontal black line) for each individual compared 
to heterozygosity simulated under the full MSMC model and under the “No Ancient (Anc.)” model which 
trimmed away the ancient shaded area in (A). Southern sea otter heterozygosity was also simulated 
under the “No Bottleneck (Bot.)” model which excluded ancient events as in the “No Anc.” model and 
additionally excluded the bottleneck marked by the pink arrow in (A). C) The count of derived alleles 
(scaled down by 1000) that are annotated as synonymous (non-amino acid changing), missense (amino 
acid changing) or stop-gained (resulting in a premature stop codon) relative to domestic ferret. Black 
dots indicate the empirical count of derived alleles rescaled by the average number of genotyped sites in 
coding regions between giant otter, southern sea otter, and northern sea otter. The distribution around 
each point represents 1000 bootstraps in which the average number of genotyped coding sites was 
sampled with replacement from each individual. The southern sea otter and northern sea otter had 
significantly more missense derived alleles than the giant otter (p-values: giant otter vs. southern sea 
otter: 4.85x10-5, giant otter vs. northern sea otter: 6.74x10-8). D) The count of genotypes (scaled down 
by 1000) in coding regions that are in the homozygous-derived state relative to domestic ferret, rescaled 
and bootstrapped as described in (C). 
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Abstract 

Extinction or severe population contractions are rarely uniform across an entire 

species. However, because of the rapid onset of the fur trade in the 18th and 19th centuries, 

sea otters (Enhydra lutris) were systematically hunted to near extinction across their entire 

Northern Pacific range.1,2 Many sea otter populations were driven fully extinct, and the 

populations that survived suffered a rapid decline from several thousand individuals per 

population to fewer than one hundred survivors. Each surviving remnant sea otter 

population represents a replicate of an extreme population bottleneck event impacting 

genetic diversity and fitness into the future. Here, we designed sequence capture probes 

of the sea otter exome and neutral regions to examine the population structure and 

demographic history of five surviving sea otter populations from throughout the species’ 

former range, including three ancient Californian samples from ~1500 and ~200 years 

ago. We show that southern sea otters in California are the last survivors of a divergent 

lineage that has been isolated from northern and Asian populations for thousands of years, 

highlighting the need for their separate conservation. We detect a signal of extreme 

population decline in every surviving sea otter population and use simulations to 

demonstrate that these contractions may have lowered the fitness of recovering 

populations. However, we also infer historically low effective population sizes prior to the 

fur trade bottleneck which paradoxically could have led to the purging of highly 

deleterious mutations and mitigated the effects of population decline on the burden of 

harmful genetic variants, countering the conventional wisdom that large populations are 

most robust to decline. Nonetheless, future bottlenecks caused by existing external threats 

may act to maintain the negative genetic impacts of the fur trade for hundreds of 

generations, illustrating how human exploitation can leave a species vulnerable long after 

its nominal recovery.  
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Main Text 

Due to their dramatic global decline and ecological importance, sea otters have 

been the focus of previous studies based on mitochondrial and hypervariable 

microsatellite data.3–7 Here, we use genomic data to gain important new insights into sea 

otter diversity prior to the fur trade and the genomic legacies of the fur trade bottleneck, 

with broader implications for declining species world-wide, We designed probes to 

capture 50 megabases of exonic sequence and genomic regions distant from genes from 

122 sea otters from five populations that survived the fur trade: 12 individuals from 

California (CA), 24 from south central Alaska (AK), 22 from the Aleutian Islands (AL; 

consisting of Adak, Amchitka and Attu Islands), 49 from the Commander Islands (COM; 

consisting of Bering and Medny Islands), and 15 from the Kuril Islands (KUR) (Figure 

1a, SI Figure 1a-c, SI Table 1). All samples were taken as part of sea otter studies in the 

1970-90s (Methods). Two recent (2008-2011) sea otter samples were included from 

Baja California (BC) (SI Table 1; SI Figure 1d), a region whose sea otter population was 

declared probably extinct due to the fur trade,1 but which has had increasing numbers of 

isolated sea otter sightings.8,9 

We found that the genetic variation between sea otter populations mirrors their 

historic geography, and the distinction between northern and southern sea otters has 

been stable for thousands of years. Individuals from each sampling location clustered 

separately based on their genetic variation (Figure 1b-c) and values of Fst increased 

with distance between populations (SI Figure 2d, SI Table 4), agreeing with previous 

studies.4,5 The California sea otter population is the most divergent and represents the 

only surviving remnant of the southern sea otter subspecies (Enhydra lutris nereis) 

(Figure 1b, 1d). All other sea otter populations surveyed, which span the northern and 

Asian subspecies range, clustered according to geography once the California individuals 

were excluded (SI Figure 2a, SI Discussion 1a). The two modern samples from Baja 

California clustered with the California samples and seem to represent a recent 

southward expansion of California sea otters, rather than survival of the original Baja sea 
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otter population, a result with important conservation implications (SI Discussion 1b). 

These results show that much of the original, geographically driven, population structure 

of sea otter populations remains after the fur trade bottlenecks and that recovery was 

principally through an increase of pre-existing populations rather than long-distance 

dispersal.4,5 

California sea otters appear to have split from the northern and Asian populations 

before the latter populations differentiated from each other (Figure 1d). Inference of the 

population split time between California and Alaska using the joint site frequency 

spectrum (SFS) date the divergence to ~4000 generations ago (~28kya), with only low 

amounts of genetic exchange between the populations (SI Discussion 2a). Sea otters 

once existed along the entire west coast of North America, but were fully extirpated from 

southeast Alaska to Mexico, with California sea otters the only survivors (SI Figure 1a).2 

The north-south sea otter split may have occurred during the Last Glacial Maximum 

(~20-27kya) given that sea otters cannot tolerate extensive ice cover that restricts access 

to foraging habitat10 and much of the Alaskan and British Columbian coast was 

glaciated11 during that period, with low levels of gene flow occurring up and down the 

west coast subsequently. 
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Figure 1. Sea otter geography and genetic differentiation. a) Locations of sea otter 
samples used in this study. Sea otters were sampled from the Kuril Islands, Commander 
Islands (Bering and Medny Islands), Aleutian Islands (Attu, Amchitka and Adak Islands), south 
central Alaska, California, and Baja California. (See SI Figure 1 and SI Table 1 for detailed 
location information). Dashed lines indicate the previously-designated subspecies 
boundaries between southern, northern and Asian sea otters. Inset map (right) shows 
location and age of three ancient samples from California middens. b) Principal components 
analysis of modern sea otter samples. c) fastSTRUCTURE analysis of the samples with k=5 
(see SI Figure 3a for additional values of k). d) Bootstrapped Treemix analysis showing drift 
between populations, with migration events shown as orange lines. California was set as the 
root. Admixed south central Alaskan individuals are separated in the analysis (AK-Admix) 
from the non-admixed (AK). Baja California was excluded as it appears to be an expansion of 
the California population, rather than a distinct population. e) PCAngsd principal components 
analysis of three ancient California and modern sea otter samples based on genotype 
likelihoods. Each modern population was downsampled to three individuals. f) PCAngsd 
admixture analysis, based on genotype likelihoods, including the three ancient California 
samples (Anc-CA). 



 

 

188 

To examine continuity of the southern sea otter population, we sequenced DNA 

from three historical sea otter tooth roots sampled from prehistoric and historic shell 

middens along the California coast. The most ancient samples were from San Miguel 

Island, dating from 1610-1320 calibrated calendar years before present (cal BP), and the 

third was a more recent historical sample from Año Nuevo, dating from 290-70 cal BP 

(SI Table 2a). Using our DNA capture approach, the ancient samples were sequenced to 

1-4x read coverage of target regions. The three ancient samples cluster with modern 

Californian sea otter samples in the PCAngsd12 PCA (Figure 1e) and admixture (Figure 

1f) analyses based on genotype likelihoods (see SI Methods, SI Discussion 1c and SI 

Figure 4 for more detail). The similarity between the ancient and modern California 

samples indicates that the California population has not experienced substantial genetic 

turnover or population replacement for at least the last ~1500 years. Moreover, the Año 

Nuevo sample from northern California and the more ancient samples from southern 

California (San Miguel Island) are genetically assigned to the same cluster suggesting 

one continuous population along the California coast for this period (Figure 1e-f). Only 

30-50 California sea otters are thought to have survived the fur trade near Big Sur, CA, a 

minuscule fraction of their historic range (SI Figure 1a).2 However, the similarity 

between ancient and modern Californian samples indicates that the historical genetic 

profile of California sea otters was preserved through the extreme fur trade bottleneck. 

The northern and Asian sea otter populations appear to have a more complex 

history of connectivity. We inferred historical migration events between the northern and 

Asian sea otter populations using Treemix (Figure 1d) and individual ancestry profiles in 

fastSTRUCTURE (Figure 1b-c, SI Discussion 1d). We found that 12 individuals showed 

evidence of admixture, four of which, sampled from the Kenai Peninsula and Kodiak 

Island in south central Alaska (labeled “Admixed Alaska” in Figure 1b and “AK-Admix” 

in Figure 1d) notably have mixed Alaskan, Aleutian, Kuril, and Commander Island 

ancestry (Figure 1c). These findings indicate historical admixture and connectivity 

among sea otter populations on the Northern Pacific Rim from Japan to Alaska. Cycles of 
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connectivity driven by seasonal changes in sea ice or climate fluctuations may have 

altered the availability of coastal habitat for the northern and Asian sea otter 

populations.10,13 

 

Figure 2. Demographic history for each sea otter population inferred using the site frequency 
spectrum. For California (CA), Alaska (AK), Aleutian Islands (AL), and Kuril Islands (KUR), a 2-
Epoch contraction model with parameters inferred using ∂a∂i fit the SFS best. Nanc represents the 
inferred ancestral size, and Ncur is the inferred contraction size if the contraction duration is fixed to 
35 generations (to be concordant with the fur trade). Percentages of the population surviving the 
contraction are shown. Point sizes are proportional to population size. For the Commander Islands 
(COM), a 3-Epoch model with a bottleneck size (Nbot) and recovery size (Nrec) was a significantly better 
fit to the SFS (SI Table 6). 

Each sea otter population has extremely low neutral genetic diversity, ranging 

from 1.1-1.6x10-4 heterozygotes/base pair (SI Table 5), comparable to widely-known 

low-diversity species such as the Tasmanian devil14 and cheetah.15 This extremely low 

diversity likely preceded the fur trade16, as we estimate small ancestral effective sizes 

(Nanc) from the SFS for every sea otter population prior to the fur trade contraction, with 

the lowest in California (~3500 individuals), and the highest in the Aleutian Islands and 

Commander Islands (~4700-5000 individuals) (Figure 2), around ~20% of historical 

census sizes for these regions.2 These results show that sea otters have maintained low 

genetic diversity and small effective population sizes throughout the history of the 

species (SI Discussion 2b).  
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Remarkably, we found that the genetic diversity patterns of sea otter populations 

demonstrate an extreme recent decline across every surviving sea otter population, 

consistent with worldwide near-extinction by the fur trade. Using SFS-based 

demographic inference tools, we detected a strong signal of independent population 

collapse in every sea otter population. Single-size population models were strongly 

rejected in favor of two-epoch contraction models (Likelihood ratio test p-values < 

0.005; SI Figure 5b-f, SI Table 6). Since the duration and magnitude of a contraction 

are difficult to disentangle, we also used a grid search approach to explore the range of 

parameter combinations that best fit the data (SI Figure 6, SI Discussion 2a). To 

compare levels of decline across populations, we fixed the duration of contraction at 35 

generations, encompassing the 245 years since the advent of the fur trade in 17411 and 

the time of sampling ~ 1986, assuming a 7 year generation time.7,17 Analyzed 

independently, we infer each population had an extreme contraction at this fixed 

contraction duration, with only 2-13% of the population surviving the contraction 

(Figure 2). As predicted by Ralls, Ballou & Brownell17, this extreme bottleneck did not 

result in substantially lower heterozygosity (SI Figure 7a), but did shift the SFS toward 

intermediate frequency variants (SI Figure 7b). Models containing a recovery period did 

not improve the fit to the data for any population except the Commander Islands 

(Likelihood ratio test p-value = 5x10-7; SI Table 6), for which we had the largest sample 

size and therefore the most power to detect recent population growth. For the 

Commander Islands we inferred a recovery of the ancestral population size (Figure 2), 

but the inferred recovery duration is too long (500 generations) to be consistent with the 

time since the fur trade. The signal may still reflect a recent recovery, with recovery size 

and duration confounding each other, or indicate some more ancient event. For the 

California population, we found that a model that included an extreme recent bottleneck 

as well as an older contraction, possibly caused by overharvesting by Native Californians 

which has been suggested by previous studies,4,16,18 was consistent with the SFS and 

whole genome-based demographic models (SI Discussion 2c). Our detection of extreme 
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decline in every remnant sea otter population surveyed indicates that the fur trade may 

have had lasting impacts on sea otter genetic diversity. 

We used simulations to show that the extreme fur trade bottleneck, although 

brief, may have increased the genetic load of surviving sea otter populations due to the 

accumulation of high-frequency deleterious recessive alleles.19–22 We found that the 

contraction resulted in an increase in genetic load if mutations were recessive, but not if 

they are additive (Figure 3a). We simulated a variety of recovery models for sea otter 

populations, modeling partial recovery, serial bottlenecks, and translocations to 

determine their effects on genetic load (SI Discussion 3). We found that under a 

scenario of partial recovery, recessive genetic load did not return to pre-fur trade levels 

even after 400 generations (~2,800 years) (Figure 3b) and that serial bottlenecks 

further slowed this process (Figure 3c). Gene flow between populations has the 

potential to more quickly lower genetic load (Figure 3d), but may not be advisable due 

to concerns about loss of local adaptations in these long-diverged populations23–25 and a 

desire to preserve the distinct genetic profile of California sea otters. Encouragingly, we 

found that under more ecologically relevant simulations that allowed for population 

extinction due to genetic factors, the simulated sea otter population did not go extinct 

after its partial recovery from the bottleneck. This indicates that the genetic impacts of 

the fur trade were not severe enough to cause species extinction due to genetic factors 

alone.  
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Figure 3. Severe population contraction is predicted to increase genetic load. See SI Figure 5 for 
model diagrams. a) Simulations show an increase in genetic load (burden of deleterious variation) in 
California during the inferred population contraction (contraction occurs at generation 0), if all 
mutations are recessive (upper panel), or additive (lower panel). Contraction time was fixed at 35 
generations, with a contraction size of 200 individuals. The thick line represents the mean of 20 
simulation replicates, with individual replicates as faint lines. b) Simulations of the California 
population modeling the contraction described in (a) followed by a partial recovery to an effective size 
of 1000 individuals at the dashed line. c) Simulations of multiple declines in Alaska, showing the 
possible impacts of post-fur trade events such as the Exxon Valdez oil spill or orca predation. The 
population undergoes a contraction (starting at generation 0), followed by a brief recovery (starting 
at the second dashed line), then goes through another rapid contraction and partial recovery (third 
and fourth dashed lines). d) The theoretical benefits of gene flow between California and Alaska after 
the fur trade bottleneck. The simulated populations both experience contractions at generation 0, 
then partially recover (first dashed line), then experience varying levels of reciprocal gene flow 
(starting at second dashed line). Levels of gene flow range from no gene flow (black), one individual 
per generation (blue), a burst of 25 individuals exchanged for two generations (yellow), or sustained 
high levels of gene flow of 25 individuals per generation (pink). e) Non-Wright Fisher simulations of 
the impact of historical population size on genetic load, for a population with ancestral carrying 
capacity based on our demographic inference (yellow), and a theoretical population that has a 3x 
higher ancestral effective size (blue). Each population goes through an extreme bottleneck as in model 
(a), then partially recovers (at dashed line). 
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Finally, we explored the potential role of purging deleterious mutations prior to 

the fur trade due to the relatively small ancestral effective population size we infer for 

sea otter populations (3500-5000 individuals). Simulations of a hypothetical 3x larger 

historical population had a much greater gain in genetic load caused by the fur trade 

bottleneck (Figure 3e). This finding indicates that the genetic impacts of the fur trade 

could have been substantially worse had sea otters been at historically larger population 

sizes prior to the fur trade due to a higher number of heterozygous recessive deleterious 

mutations accumulating in the larger ancestral population. This finding is consistent with 

recent findings about the impacts of historical demography on extinction risk.26–28 Our 

simulation results question the conventional wisdom that large populations with high 

genetic diversity should be considered the most robust, and instead indicate that 

intermediate sized populations may be more efficient at purging recessive deleterious 

load.  

The genetic consequences of intense range-wide exploitation are rarely observed 

because declines are generally not uniform in space or time and population sampling is 

uneven. We provide a comprehensive genomic assessment of population structure, 

demography, and genetic load in the sea otter, an iconic keystone species that was 

rapidly driven to near extinction a century ago across its geographic range. As the 

primary predator of sea urchins, the loss of sea otters during the fur trade resulted in 

kelp forests being severely overgrazed and converted to urchin barrens.29 We show a key 

element of the successful restoration of sea otters was their survival and numerical 

increase from small remnant populations distributed throughout their geographic range. 

This fortuitous survival allowed both rapid range-wide restoration of former abundance 

and preserved the genetic structure and local specializations that enhanced survival.30 

The importance of these remnant populations is exemplified by the southern sea otter, 

whose former distribution likely spanned from Washington to Mexico but was fully 

eliminated, except for 30-50 individuals along the coast of California.2 The genetic legacy 

of this lineage, the most distinct of those we sampled, would have been lost if not for the 



 

 

194 

preservation of this last relict population. The California southern sea otter population, 

which may have experienced population fluctuations even prior to the fur trade4,16,18 (SI 

Discussion 2c, SI Figure 8), has yet to fully recover to its historical population size31 

and warrants special conservation attention both in the United States and Mexico (SI 

Discussion 4). 

Sea otter populations still confront numerous threats, particularly predation by 

sharks and orca, resource limitation and lack of habitat availability, habitat degradation 

and overuse by humans, and environmental catastrophes such as oil spills.32–35 Our 

demographic simulations indicate that a reduction in genetic fitness due to the extreme 

fur trade bottleneck, while not sufficient to drive a population extinct, may still be an 

additional factor in recovery and response to future challenges. Our genome- and 

species-wide analysis indicates the need for varied conservation strategies for each 

population that reflect region-specific genomic variation and demographic history (SI 

Discussion 4). By combining species-wide genetic surveys with demographic inference 

and modeling, we demonstrate a new model for enhancing the recovery of endangered 

species. 

 

Methods 

See SI Methods for additional details. 

Data Availability 

All sequencing data is available on the Sequence Read Archive (SRA), BioProject 
accession PRJNA629776. All data files are available on Dryad or by request. All custom 
scripts are available on Github 
(https://github.com/LohmuellerLab/SeaOtterSequenceCaptureProject). 
 

Sampling. 

Modern samples. Sea otter tissue samples collected during the 1970s-90s were loaned 

from the Smithsonian Collection of samples and from the collections of James Bodkin 

(Emeritus, Alaska Science Center, US Geological Survey) and Alexander Burdin (Russian 
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Academy of Sciences) (SI Table 1, SI Methods). In 2008 and 2011 tissue from two 

stranded individuals were recovered along the Baja California coast (Schramm et al. 

2014), a female in Bahía Todos Santos and a male in El Rosario (SI Figure 1d). 

 
Ancient samples. Samples were loaned from the collections of Dr. Mark Hylkema 

(California State Parks) and Dr. Douglas Kennett (University of California, Santa 

Barbara). The samples were excavated from coastal shell middens. The Año Nuevo 

sample is from site CA-SMA-238. The two San Miguel samples are from CA-SMI-528, a 

large shell midden located along the margins of a sea mammal rookery on the western 

end of the island.36 The three samples were radiocarbon dated at the W.M. Keck Carbon 

Cycle Accelerator Mass Spectrometer at the University of California, Irvine, and dated to 

290-70 calibrated calendar years before present (cal BP) (Año Nuevo) and 1620-1320 

cal BP (San Miguel).  

Sequence capture probe design.  

We designed the sequence capture based on the annotation of the southern sea otter 

genome from Beichman et al.16. 50Mb of sequence was captured, including all annotated 

exonic sequence passing custom filters (see SI Methods), 1kb regions upstream of genes, 

and 10Mb of neutral regions far from genes. KAPA Biosystems (Wilmington, MA) 

generated the custom sequence capture probe pool. 

Extraction, library prep, sequence capture, and sequencing. 

Modern samples. Blood and tissue samples were extracted using Qiagen’s DNEasy Blood 

and Tissue kit. Sequence libraries were generated and subjected to sequence capture 

following the KAPA SeqCap E Hyperflow workflow. Captures were sequenced on the 
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Novaseq 5000 (150PE) at Medgenome (Foster City, CA). An average of 6Gb of sequence 

was generated per sample, with 93% of bases ≥ base quality of 30.  

 

Ancient samples. Ancient samples were prepared in UCLA’s ancient DNA lab, in an aDNA-

specific clean room that is separate from all modern DNA labs, following standard aDNA 

decontamination protocols. DNA was extracted using the Gamba et al.37 protocol, with 

extraction blanks included. Arbor Biosciences (Madison, WI) prepared the sequencing 

libraries using the NEB Next Fast DNA library prep via Amicon columns. Two successive 

sequence captures were then carried out on the ancient samples, and they were then 

sequenced on a HiSeq3000 at the UCLA Technology Center for Genomics & 

Bioinformatics.  

Read mapping, genotype calling & filtering. 

Modern samples. Following the strategy of Beichman et al.16, we mapped reads to the 

domestic ferret reference genome (Mustela putorius furo, accession GCA_000215625.1) 

in order have an outgroup genome from all sea otter populations and to make use of the 

existing Ensembl Variant Effect Predictor (VEP) database. Read mapping was carried out 

using the PALEOMIX pipeline.38 Genotypes were called and filtered using GATK (v. 3.7) 

(SI Methods). On average, each sequenced individual had an average of 6.14 x 107 

called genotypes (61.4 Mb). Approximately 60,000 SNPs were discovered.  

Ancient samples. Adapter removal and read mapping to both the domestic ferret (Acc. 

GCA_000215625.1) and southern sea otter (Acc. GCA_006410715.1) reference genomes 
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were carried out using the PALEOMIX pipeline.38 Mapdamage39 was used to detect DNA-

damage profiles and to rescale the quality score of bases that are likely to be 

misincorporations. 

 We found that the modern samples mapped well to both the domestic ferret and 

sea otter genomes, which validates our choice to do the majority of modern analyses 

mapped to the domestic ferret genomes. However, the ancient samples showed a 

mapping preference, with more reads mapping to the sea otter genome (SI Table 2b), 

likely due to lower coverage and read quality. Therefore, analyses for the ancient 

samples are presented mapped to both genomes. 

Three modern samples from each population (California, Alaska, Aleutians, 

Commanders, Kurils) were selected to be analyzed alongside the ancient samples. 

Genotype likelihoods, genotype posteriors and per-site depths were determined using 

ANGSD.40 

Population structure. 

Modern samples. We used SNPRelate41 to carry out PCA on 5,864 LD-pruned SNPs with 

minor allele frequency cutoff of 0.06, with individuals colored by their geographic 

sampling area (Figure 1b). PCA was also carried out on particular groups of populations 

or sub-populations to assess local structure (SI Methods; SI Figure 2). We calculated Fst 

for each population-pair using SNPRelate41 (SI Table 4). We then analyzed population 

structure and detected admixed individuals using fastSTRUCTURE.42 FastSTRUCTURE 

was run using values of k from 1-10. The best value of k was chosen that maximized the 
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likelihood but did not add excess parameters (k = 5) (additional values of k are shown 

in SI Figure 3a). 

Treemix43 was run with California set as the root population to detect splits 

between populations and migration edges using the allele frequency covariance matrix. 

We generated 100 bootstraps by resampling the data over blocks of 100 SNPs and 

generated a consensus tree from the bootstraps using PHYLIP consense.44 When plotted, 

each node on the tree is marked with a shape corresponding to the number of bootstraps 

in which that node appears. The best number of migration events (m) was chosen as the 

one that maximizes the log-likelihood of the model (m = 3). Residuals of models with m 

= (1,2,3) are shown in SI Figure 3b. 

We constructed a Neighbor-Joining (NJ) phylogenetic tree to further explore the 

relationship between the Baja California sea otters and the California population. We 

built the NJ with APE45 using the “percentage” method to calculate the genetic distance 

between individuals. The Alaska individuals were used as outgroup and 1000 bootstrap 

replicates were run to obtain support for the tree nodes.  

Ancient samples. We used PCAngsd12 to carry out PCA and structure analyses for the 

three ancient samples and a subsample of three modern individuals from each 

population. PCA and structure analyses in PCAngsd were based on genotype likelihoods 

for transversion SNPs only. PCAngsd infers individual allele frequencies and is robust to 

missing data. Since the ancient data mapped better to the sea otter reference genome 
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than to the ferret reference genome, the analysis was done for each reference genome, 

with similar qualitative results (Figure 1e-f, SI Figure 4b-c). 

Generating site frequency spectra.  

ENSEMBL’s Variant Effect Predictor (VEP)46 classified SNPs as synonymous, missense or 

stop-gained based on the domestic ferret genome annotation. For the neutral SFS, 

putatively neutral regions >10kb away from ferret exon sequences were chosen. For 

each population, the neutral, synonymous and missense folded SFSs were generated 

using a hypergeometric projection to smooth over missing data. S (total segregating 

sites), π (average pairwise heterozygosity), Watterson’s ! (!W) and Tajima’s D were 

calculated from the projected folded site frequency spectra for each population. 

Demographic inference.  

The neutral site frequency spectra were then used for demographic inference in ∂a∂I 

(ref47) and fastsimcoal2 (ref48) for the following models (described forward in time; 

model diagrams in SI Figure 5b-f): 

1-Epoch model: no size changes, infers the ancestral size (Nanc) of the population.  

2-Epoch model: a single size change from Nanc to the current size (Ncur) occurring T 

generations ago.  

3-Epoch model: two sizes changes from Nanc to a bottleneck (Nbot) followed by recovery 

(Nrec) that lasts T generations. The duration of the bottleneck is set to 20-30 generations.  

Isolation-migration (IM) model: a two-dimensional model of the split between the 

California and Alaska populations. The populations start at an ancestral population size 
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(Nanc), then split Tsplit generations ago, resizing to their own population sizes N1 and N2 

with symmetrical migration between them (m).  

Isolation-migration-contraction (IMC) model: a two-dimensional model of the split 

between the California and Alaska populations that includes the recent contractions of 

the populations occurring 35 generations ago to sizes 250 (Alaska) and 200 (California). 

For each model, 50 inference replicates with permuted starting parameters were carried 

out, and the maximum likelihood estimate (MLE) chosen from among them.  

Combining Whole-Genome and SFS-based demographic models.  

We compared a series of models based on previous demographic inference from single 

whole genomes16 to our SFS-based demographic inference. We used ∂a∂i to generate the 

expected SFSs under the whole-genome models, following the methods of Beichman et 

al.49, and coalescent simulations to explore how well SFS-based models can be inferred 

using the whole-genome approaches of MSMC.50 

Forward Simulations. 

Wright-Fisher Simulations. We designed models based on the inferred demographic 

parameters for the California and Alaska populations to determine the impacts of 

population contractions on fitness (model diagrams in SI Figure 5g-j). The parameters 

were chosen by fixing the time of contraction at 35 generations based on historical 

information, and choosing the corresponding population size from the ridge of grid 

points that are within one log-likelihood unit of the MLE resulting from the ∂a∂i grid 

search, as described above. We simulated neutral and coding sequence using forward-in-



 

 

201 

time Wright-Fisher simulations in SLiM 2 (ref51). Missense mutations were either 

recessive (h=0) or additive (h=0.5), which strongly affects the genetic load dynamics. 

The selection coefficients of missense mutations were drawn from the distribution of 

fitness effects inferred by Kim et al.52. Genetic load (L) was calculated every two 

generations of the model: 

" = 	%2ℎ(!)!*! + (!*"
#

!$%
 

,-./	012/-((	(45 ) = 	-&' 

7-/-218	9:.;	(9) = 1 − 	45  

Where M is the total number of sites containing derived alleles, h is the dominance 

coefficient (h = 0.0 for recessive or h=0.5 for additive), p is the frequency of the 

ancestral allele in the sample, q is the frequency of the derived SNP in the sample (q = 1 

– p), and s is the selection coefficient of the SNP. 

 

Non-Wright-Fisher Simulations. To explore the extent to which the California otter 

population may be threatened by extinction due an accumulation of deleterious 

mutations, we conducted simulations with the non-Wright-Fisher (nonWF) models in 

SLiM 3 (ref53). These models aim to facilitate more ecologically-realistic population 

genetic simulations by relaxing many of the assumptions of the Wright-Fisher model. In 

short, population size (N) is modeled as an emergent property of the absolute fitness of 

the individuals in a population and a user-defined carrying capacity (K), rather than 

being predetermined. More specifically, individuals in the simulation survive from one 



 

 

202 

generation to the next as a function of their absolute fitness, which is scaled by the ratio 

N/K to model density dependence. As a result, there are overlapping generations in these 

simulations and the simulated populations can go extinct when fitness decreases. The 

general approach for these simulations followed Kyriazis et al.27 with some modifications 

detailed in SI Methods. We incorporated environmental stochasticity by modelling the 

carrying capacity of the post-bottleneck otter population as an Ornstein-Uhlenbeck 

process. 
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Supplementary Discussion 

SI Discussion 1. 

a) Fine scale population structure. In the main text, we generally treat the Aleutian 

Islands and Commander Islands each as a single population. However, each set of 

samples is drawn from multiple islands within these areas. For the Aleutians, the samples 

were obtained from Adak, Amchitka and Attu Islands (SI Figure 1b). When analyzed 

alone, we found that the three islands clustered separately in PCA (SI Figure 2b), 

though this fine-scale structure was negligible when compared to other populations 

(Figure 1b, SI Figure 2a). Fst values between the Aleutian Islands were very low, 

indicating high degrees of gene flow or recent isolation between the island sub-

populations. Fst was ~0 between Amchitka and Attu (approx. 400km apart), 0.009 

between Amchitka and Adak (approx. 300km apart), and 0.02 between Adak and Attu 

(approx. 700km apart) (SI Table 4). These results indicate that the populations among 

the islands are highly connected, but there may be fine-scale structure between them 

(particularly the more distant pair of Adak and Attu). 

 We did not observe similar fine-scale structure between the two Commander 

Islands (Bering and Medny Islands) (SI Figure 1b). In the PCA, the two islands are 

overlapping (SI Figure 2c), and the Fst between the two islands is ~0 (approx. 100km 

apart) (SI Table 4). This low value of Fst could indicate enduring high levels of gene 

flow between the islands and is also consistent with the theory that the Bering Island 
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colony was fully extirpated during the fur trade and recolonized by otters from Medny 

Island (Bodkin et al. 2000).  

 

b) Baja California sea otters. The sea otter population in Baja California, Mexico was 

declared ‘probably extinct’ in the late 1960s (Kenyon 1969) based on aerial surveys. 

From the mid 1970s to the beginning of the 2010s, fishermen and scientists have 

reported sporadic sightings of the species (Rodriguez-Jaramillo and Gendron 1996; 

Gallo-Reynoso and Rathbun 1997), and the population is currently classified as 

endangered (Nom 2010). During 2008 and 2011 tissue from two stranded individuals 

were recovered along the Baja California coast (Schramm et al. 2014). A previous study 

that analyzed 318-bp of the mitochondrial control region (Schramm et al. 2014) did not 

have the resolution to determine if these otters were recent migrants California or were 

survivors of the historic population (Rathbun et al. 2000; Hatfield 2005; Schramm et al. 

2014). We found that the two individuals we sampled are likely migrants or the 

descendants of migrants from California, representing a southward expansion of the 

population. These two individuals clustered with California in the PCA (Figure 1b) and 

fastSTRUCTURE (Figure 1c) analyses. They also had an Fst of ~0 compared to the 

California sea otters (SI Table 4), and clustered within the California clade in a 

neighbor-joining tree (SI Figure 2e). Finally, we observed moderate levels of kinship 

(0.08 – 0.15) between the two Baja California individuals and individuals in our 

California samples (SI Table 3, SI Discussion 1e), indicating that they may be close 
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relatives of the California individuals. Although additional sampling will be needed to 

confirm our findings, these initial results suggest the Baja California population is 

derived from recent migration from California.   

Our results on the Baja California sea otters have important conservation and 

management implications for the southern sea otter subspecies. First, our results suggest 

binational efforts to protect sea otters in California and Mexico have to be increased to 

assure that the California population remains the source of individuals for Baja California 

with the objective that in the long term, a permanent self-sufficient Baja California 

population would be reestablished. Second, the protection of the few individuals in the 

Mexican Pacific and their habitat is key to increase the southern subspecies’ population 

numbers which would facilitate the recolonization of their old geographic range and 

provide redundancy (Eisaguirre et al.) for regional extinctions should they occur. Finally, 

protecting the southern subspecies could help restore kelp forest ecosystems (Wilmers et 

al. 2012), which is critical for coastal fisheries in both the US and Mexico. 

 

c) Ancient DNA reference genomes and continuity. The three ancient sea otter 

samples in our study provide insights into the long-term genetic continuity of the 

California sea otter population. Sequenced to 1.5-3.5x coverage of exonic and neutral 

capture regions, the aDNA samples were not high enough in coverage to explore levels of 

heterozygosity, but were sufficient to be part of population structure analyses. Given the 

impact of reference genome bias on ancient samples (Günther and Nettelblad 2019), we 
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analyzed the ancient samples mapped both to the domestic ferret reference genome and 

to the southern sea otter genome (see SI Methods). We sampled three individuals from 

every modern population, including California, to analyze with the ancient samples. We 

found the structure results qualitatively similar for both reference genomes, though more 

ancient reads mapped to the sea otter genome than the domestic ferret genome (SI 

Table 2b). Both sets of results show the ancient California samples clustering with the 

modern California samples, forming a distinct group separate from all northern and 

Asian populations (Figure 1e-f, SI Figure 4b-c).  

 Interestingly, we do not observe genetic turnover through time in the California 

population, nor structure between the northern and southern parts of the state. The 

samples from San Miguel are from 1620-1320 calibrated calendar years before present 

(cal BP) and are from southern California, whereas the Año Nuevo sample is much more 

recent (290-70 cal BP) and is from the northern part of the state. Although the number 

of historical samples is small, temporal or geographic structure between our ancient 

California sea otter samples from the northern and southern parts of the state and 

modern sea otters is not evident. The lack of genetic turnover through time from ~1500 

years ago to the present indicates that the California sea otter population has been 

relatively genetically constant through time, even after an extreme recent population 

bottleneck. 
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d) Admixed Individuals. We observed four PCA outliers that were sampled in south 

central Alaska from the outer islands near the Kenai Peninsula and Kodiak Island (SI 

Figure 1c) that clustered with the other northern and Asian populations (labeled as 

admixed in Figure 1b, SI Figure 2a, and SI Table 1a). These individuals show clear 

signs of mixed ancestry in the fastSTRUCTURE analysis (south central Alaskan 

individuals with a mixture of orange, purple (Aleutian), green (Kuril Island) and pink 

(Commander Island) ancestry, Figure 1c). Interestingly, the highly admixed Alaskan 

samples all were sampled from Kodiak Island (SI Figure 1b), suggesting it may have 

been a historical migration sink. We also observed mixed ancestry in five Kuril Island 

individuals, which were PCA outliers (SI Figure 2a) and which had a portion 

Commander Island ancestry in fastSTRUCTURE (the Kuril Island individuals with green 

(Kuril) and pink (Commander) ancestry, Figure 1c). Historical migration events (orange 

arrows in Figure 1d) were also inferred between northern and Asian sea otter 

populations using Treemix (Pickrell and Pritchard 2012) based on the covariance of 

allele frequencies. Treemix showed migration into the admixed Alaskan group from the 

Aleutian Islands and from the common ancestor of the Kuril/Commander/Aleutian 

populations (Figure 1d). Treemix also detected migration from Alaska into the Aleutian 

Islands, indicating that migration may have occurred in both directions along the island 

chains of the north Pacific. 
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e) Relatedness. We found low levels background relatedness among most sea otter 

individuals within a population. This finding may reflect the family structure of remnant 

sea otter populations which are likely descended from a small number of individuals and 

may therefore be interrelated. However, low levels of relatedness may also reflect the 

nature of sampling which could disproportionately sample members of the same 

pedigree. The average kinship within each population sample ranged from 0.07-0.1. Due 

to this level of background relatedness we could not simply exclude any individuals with 

relatedness > 0, but to avoid having family structure confound our analyses we excluded 

one individual from any pair that had kinship greater than 0.2. 
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SI Discussion 2. 

a) Demographic inference. Demographic inference based on the site frequency 

spectrum revealed a signal of extreme decline in every sea otter population we surveyed 

(Figure 2; SI Table 6). The precise timing of demographic events should be regarded 

with caution, as estimates of the sea otter mutation rate and generation time are only 

approximations. The ratios between ancestral and current size from ∂a∂i provide insight 

into the demography of a population free from the uncertainty introduced by estimating 

the mutation rate (SI Figure 6). Additionally, the correlation between contraction size 

and duration yields a range of possible scenarios that could predict the site frequency 

spectrum (SFS), ranging from old and shallow contractions to recent and extreme 

events. For this reason, we report results with the contraction time fixed at 35 

generations ago (the approximate duration of the fur trade), but also explored other 

scenarios with ∂a∂i and fastsimcoal2 (SI Table 6, SI Figure 6). 

 Using the two-dimensional site frequency spectrum considering a pair of 

populations for the inference about population history, we focused on the split between 

southern sea otters in California and northern sea otters represented by the Alaska 

population. Treemix indicated that the relationship between the northern and Asian 

populations may be more appropriately fit by complex multi-dimensional models that 

include multi-way migration (Figure 1d). These joint models are too complex for use 

with our limited sample. We therefore explored isolation-migration (IM) models between 

California and Alaska that also included the recent contraction we inferred from the 
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single-population (1-Dimensional) SFS. We found that the best fit model was one which 

included the recent contraction and had low levels of historical migration. ∂a∂i 

converged on an estimate of the split time of ~4,000 generations (~28Kya with a 7-year 

generation time). The fit to the joint SFS was good, and model residuals were low and 

centered around zero (SI Figure 6b). We also repeated this analysis using a different 

software program, fastsimcoal2, that uses coalescent simulations, rather than diffusion 

equations, to predict the two-dimensional SFS for a given demographic model. 

Fastsimcoal2 did not converge on a split time, yielding estimates that ranged from 3,000-

11,000 generations that were within one log-likelihood unit of the MLE. We report the 

fastsimcoal2 estimate that was closest to the parameters inferred using ∂a∂i (SI Table 

7). If the estimate of 4,000 generations is correct, then the estimate of ~28Kya places 

the splitting event at the time of the Last Glacial Maximum, when much of the Alaskan 

and British Columbian coasts would have been glaciated and unsuitable for sea otter 

habitat (Mann and Hamilton 1995), effectively isolating the southern sea otters from the 

northern and Asian populations. 

 

b) Census versus Effective Population Size. The low ancestral effective population 

sizes we infer (3000-5000 individuals per population) are ~20% of the historical census 

sizes of these populations, which range from 10-20,000 individuals (Riedman and Estes 

1990). This low census:effective ratio is expected (Nunney 1993; Frankham 1995; 

Nunney 1996), and may be due several factors. Resource availability may set biological 

limits on the amount of successful reproduction for each population (Davis et al. 2019; 
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Tinker et al. 2019), which may explain similar ancestral sizes across all populations. 

Overlapping generations and high variance in reproductive success between males and 

females due to sea otters’ highly polygynous mating system may have limited successful 

breeding to a smaller fraction of the census population size (Nunney 1993; Nunney 

1996). The linear structure of sea otter populations along coastlines or around islands 

may increase local structure which could further decouple census and effective 

population sizes (Gagne et al. 2018). Finally, hunting by aboriginal peoples may have 

kept otter population numbers low or caused local depletions prior to the fur trade 

(Simenstad et al. 1978; Hildebrandt and Jones 1992; Aguilar et al. 2008; Braje and Rick 

2011; Larson et al. 2012). Our estimates of effective size provide insight into long-term 

levels of genetic diversity and adaptive potential of these populations, showing that sea 

otters have maintained low genetic diversity throughout the history of the species. 

 

c) Combining SFS and whole-genome based inference. We compared our SFS-based 

demographic models to those previously obtained from single whole genome sequences 

(Beichman et al. 2019) and found that the fit of the whole-genome models to the 

empirical SFS was improved by including the recent decline that we detect with the SFS. 

The combination of these demographic methods increases our confidence in our SFS-

based inference of an extreme decline in recent time occurring for every sea otter 

population (SI Figure 8). For California, we found that a model that included a shallow 

pre-fur trade decline in population size in addition to the recent extreme bottleneck was 
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more consistent with the whole-genome inference than the simpler two-epoch model 

inferred using the SFS. Several studies have raised the possibility of multiple declines in 

the California sea otter population, possibly caused by hunting by Native Californians 

(Aguilar et al. 2008; Larson et al. 2012; Beichman et al. 2019), and we demonstrate how 

a model incorporating multiple declines could incorporate both whole-genome and SFS-

based inferences for California sea otters (SI Methods). 

 

SI Discussion 3. 
 
Simulations of deleterious variation. To explore how changes in population size could 

affect deleterious variation we used forward-in-time Wright-Fisher simulations in SLiM 

(Haller and Messer 2017; Haller and Messer 2019) to assess genetic load before and 

after the inferred fur trade bottleneck. We simulated coding sequence under the inferred 

demography for the California population. Our simulations showed that the population 

contractions we inferred, while brief, increase the genetic load of the population by 68% 

if all mutations are recessive (Figure 3a). This increase in load is due to deleterious 

recessive mutations that were shielded from selection in the larger ancestral population 

being exposed as homozygotes in the contracted population, allowing them to reduce 

fitness (Figure 3a, upper panel; SI Figure 7b). The shift in frequency of missense 

mutations can also be seen in the shift of variants from low to intermediate frequency in 

the post-contraction and empirical missense SFSs compared to the simulated pre-

contraction SFS (SI Figure 7c). The change in load is much less dramatic if mutations 
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are additive (Figure 3a, lower panel), due to these mutations being subject to selection 

in the ancestral population, and consistent with theoretical studies suggesting that recent 

demography may only have a limited impact on load (Lohmueller 2014; Simons et al. 

2014; Do et al. 2015). Although in reality, mutations are a mixture of recessive and 

additive, some studies have shown that the most deleterious mutations are likely the 

most highly recessive (Simmons and Crow 1977; Agrawal and Whitlock 2011; Huber et 

al. 2018), making the recessive-mutation scenario reasonable for simulations of genetic 

load. These simulations indicate that the fur trade contraction likely impacted the fitness 

of sea otter populations. 

Many sea otter populations quickly recovered after their protection in 1911 under 

the International Fur Seal Treaty (Kenyon 1969; Riedman and Estes 1990). California, 

however, has yet to recover beyond one third of its pre-fur trade levels, with a current 

census size ~3000 individuals (Hatfield et al. 2019), down from an estimated ancestral 

size of 10,000-20,000 individuals (Riedman and Estes 1990). Populations in Alaska and 

the Aleutian Islands have also suffered serial bottlenecks due to cataclysms such as the 

Exxon Valdez oil spill in Prince William Sound in 1989 or due to predation by orca in the 

Aleutian Islands (Ballachey et al. 1994; Estes et al. 1998). We therefore carried out 

simulations based on several models of sea otter recovery to assess the possible long-

term genetic impacts of the fur trade and subsequent bottlenecks and to explore the 

potential benefits of translocation. We found that even with partial recovery, recessive 

genetic load did not return to pre-fur trade levels even after 400 generations (2,800 
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years) (Figure 3b). Thus, the legacy of the fur trade bottleneck could affect sea otter 

population fitness for centuries to come. Subsequent declines in population size further 

slowed the reduction in genetic load (Figure 3c), highlighting the critical importance of 

protecting sea otter populations from further bottlenecks due to human activity or 

environmental catastrophe as robust populations are needed to erode the gains in 

genetic load caused by to the fur trade.  

Translocations between populations could decrease genetic load more quickly by 

breaking up fixed deleterious variants and return sea otter populations to pre-fur trade 

levels of fitness more quickly (Figure 3d) (Whiteley et al. 2015; Frankham 2016; 

Hedrick and Garcia-Dorado 2016). To explore the potential consequences of restoring 

gene flow between otter populations, we simulated a scenario in which there are varying 

levels of gene flow between the bottlenecked Alaska and California populations. We 

found that genetic load decreases more swiftly than in the no-gene flow scenario if at 

least one migrant is reciprocally exchanged per generation, or is equivalently decreased 

if a single burst of 25 individuals are reciprocally exchanged for just two generations and 

then gene flow ceases (a translocation-like scenario). However, genetic load is still slow 

to return to pre-fur trade levels in each population except in the case of high gene flow 

of 25 individuals per generation, which is also highly impractical in reality. 

Translocations of northern sea otters to California may not be advisable due to concerns 

of local adaptation between these long-diverged populations (Edmands 2007; Waller 

2015; Bell et al. 2019) and the desire to preserve the distinct genetic profile of California 
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sea otters. Genetic exchange between southern and northern sea otters may occur 

naturally in the future if northward migrants from California overlap in range with 

southward migrants from the translocated northern sea otter population in Washington. 

Our simulations also illustrate the potential benefits of increased gene flow among any of 

the bottlenecked sea otter populations, and suggest that the translocated populations of 

mixed south central Alaskan and Aleutian ancestry in southeast Alaska and British 

Columbia, which were not analyzed in this study, could have benefitted from the mixing 

of populations (Jameson et al. 1982; Bodkin et al. 1999) through translocation. 

To explore whether the increase in genetic load could cause the extinction of sea 

otter populations, we made the simulations more ecologically relevant by relaxing 

assumptions of the Wright-Fisher model, following the approach of Kyriazis et al. 

(2019). In these non-Wright Fisher simulations, population size (N) is modeled as an 

emergent property of the absolute fitness of the individuals in a population and a user-

defined carrying capacity (K), rather than being predetermined (Haller and Messer 

2019). Individuals survive from one generation to the next as a function of their absolute 

fitness and the ratio between K and N to model density dependence. As a result, there 

are overlapping generations in these simulations and the simulated populations can go 

extinct when fitness decreases. We found that the simulated California population did 

not go extinct at any point during its 400 generation-long partial recovery from the 

bottleneck. This is encouraging, as it indicates that the genetic impacts of fur trade were 

not severe enough to cause species extinction due to genetic factors. 
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Recent work by Robinson et al. (2018) and Kyriazis et al. (2019) has suggested 

that long-term low population size can actually lead to decreased extinction risk due to 

purging of recessive strongly deleterious variants. We therefore hypothesized that the 

relatively small (~3500-5000) historical effective population sizes we inferred for all 

surviving sea otter populations (Figure 2) may be contributing to their apparent low risk 

of extinction due to genetic factors. To explore the consequences of a larger historical 

population, we ran non-Wright-Fisher simulations with an ancestral population size that 

was three times larger than our empirically-inferred size, with all other parameters the 

same as above. The historically-larger population had a much more substantial increase 

in recessive genetic load due to the recent contraction compared to a historically smaller 

population size as we inferred (149% vs 79% increase; Figure 3d), a direct consequence 

of the higher number of recessive deleterious in the larger ancestral population. 

Nevertheless, the historically-larger population remained did not go extinct for 400 

generations in all simulation replicates, suggesting that the recovery of the population 

has been substantial enough to stave off extinction even when genetic load is 

significantly increased. Finally, we also explored these dynamics when assuming additive 

mutations and found little to no impacts of the bottleneck on genetic load (Figure 3d). 
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SI Discussion 4. 

Conservation and management implications. Defining management units for sea 

otters, whether at fine- or broader scales, remains a challenge to conservation efforts 

(Davis et al. 2019). Genetic structure as defined by PCAngsd (Meisner and Albrechtsen 

2018) PCA and admixture analyses can provide insight into natural genetic groupings, 

but does not provide insight into micro-scale structuring of sea otter familial groups 

(Bodkin 2015; Gagne et al. 2018; Davis et al. 2019; Tinker et al. 2019). Our results show 

how each sampling location forms its own genetic cluster, leading to five broad 

geographic groupings in our sample: the Kuril Islands, Commander Islands, western 

Aleutian Islands, south central Alaska and California (Figure 1). These results are 

consistent with historic isolation of these populations or past isolation-by-distance. Since 

many intermediate populations are now extinct or not sampled we cannot easily 

differentiate the two demographic models. We also found evidence for local substructure 

in the Aleutian Islands (SI Figure 2a), indicating that fine-scale genetic structure may 

exist between sea otters separated by 100s of km (SI Discussion 1a). Our finding of 

admixed individuals sampled near Kodiak Island indicates that there is a complicated 

history of connectivity and divergence between northern and Asian sea otter populations 

(SI Discussion 1d). Further, we infer that the conservation of remnant populations was 

successful in preserving historic population structure, and that perhaps each genetic 

grouping of sea otters should be managed with respect to their particular demographic 

histories and current challenges such as predation or lack of habitat availability. 
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However, genetic diversity and long-term adaptive potential could also be increased if 

isolated populations, especially those that have been only separated for relatively short 

time spans, were merged through natural dispersal or translocation efforts (Frankham 

2016; Ralls et al. 2018). Demonstrating this idea, the sea otter population in southeast 

Alaska was restored through translocation from geographically isolated source 

populations (Larson et al. 2002; Davis et al. 2019). 

Our finding that California is a unique and divergent otter population that has 

experienced only low levels of historic gene flow with the northern and Asian 

populations lends support to current management strategies that aim for population 

recovery without translocations from northern sea otter populations. The protection of 

southern sea otters as they expand northward toward Oregon and southward to Mexico 

(SI Discussion 1b) could eventually lead to the natural recolonization of their historic 

geographic range and restoration of their ecosystem services. Our simulations do show 

that increasing gene flow between northern and southern sea otters using translocations, 

which have been successful for northern sea otter populations (Jameson et al. 1982; 

Bodkin et al. 1999; Larson et al. 2002), could be beneficial in mitigating recessive 

genetic load in southern sea otters (Figure 3d). However, since our simulations indicate 

that genetic load is not likely to cause the extinction of southern sea otters from genetic 

factors, the benefits of a genetic rescue restoration strategy must be weighed against 

concerns of losing local adaptations or genetic profiles unique to southern sea otters 

(Edmands 2007; Waller 2015; Ralls et al. 2018; Bell et al. 2019). 
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Supplementary Figures 

SI Figure 1. Sea otter range and sampling maps. a) Map of North Pacific showing current 
distribution of the three sea otter subspecies according to IUCN. Populations sampled in this 
study are in bold. Red “X”s designate regions where sea otters were fully extirpated by the fur 
trade. In southeast Alaska and British Columbia, sea otters were translocated from the Aleutian 
Islands and Prince William Sound after the fur trade and now exist as translocated colonies. On 
San Nicolas Island in southern California, sea otters from the surviving remnant population in 
Northern California were translocated. b) Closeup map of the Commander and Aleutian Islands. 
Samples in this study are from Bering and Medny Islands (Commanders), and from Adak, Attu 
and Amchitka along the Aleutian Archipelago. c) Closeup map of Kenai Peninsula and 
surrounding islands in central Alaska. Shapes indicate the approximate sampling location of sea 
otters in our study, and the shape/color indicates the presence of admixture in the sample based 
on fastSTRUCTURE analysis. Red open circles indicate samples that showed no admixture, green 
targets indicate the two samples that showed small amounts of admixture from the Aleutian 
Islands structure groups (the orange and purple Alaskan individual columns in Figure 1d), and 
blue targets indicate the four samples which showed Kuril/Commander/Aleutian admixture (the 
orange, green, pink and purple Alaskan individual columns in Figure 1d). d) Closeup map of 
California and Baja California, Mexico. Arrows indicate the location of the translocated sea otter 
colony at San Nicolas Island, and the sites where two stranded sea otters were found in Baja 
California (Schramm et al. 2014): Bahía Todos Santos (female sea otter) and El Rosario (male 
sea otter).  
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SI Figure 2. Fine-scale population structure and migration. a) PCA for northern and Asian 
populations only (California and Baja California samples excluded), showing that each 
geographic locality forms a distinct cluster. Exceptions are individuals sampled in central Alaska 
(SI Figure 1b) that and from the Kuril Islands that had admixed ancestry (Figure 1c). b) PCA 
between the Aleutian Islands (Adak, Amchitka, Attu), indicating low levels of population 
structure between the islands, though they do not separate in fastSTRUCTURE (Figure 1c), even 
for values of k beyond 5. c) Lack of structure between Bering and Medny Islands in the 
Commander Islands, possibly due to one island recolonizing the other after the fur trade, or high 
levels of gene flow between the islands. d) Fst between pairs of populations versus the 
approximate distance between them. (SI Table 4 for all Fst values). e) Neighbor-joining tree 
showing that the two samples from Baja California, Mexico cluster within the California sea otter 
clade, indicating that they are part of a southern expansion of the California sea otter population, 
rather than being from a distinct Baja California population that predated the fur trade. 
Bootstrap values are shown on the nodes. 
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SI Figure 3. Additional fastSTRUCTURE and Treemix analyses. a) fastSTRUCTURE analyses 
with different numbers of groups (k = 2, 3, 4). k = 5 is shown in Figure 1c. Each column is a 
single individual, and colors indicate different genetic ancestry groups. Additional groups did not 
improve the fit to the data. b) Treemix residuals with 1, 2, and 3 migration edges (resulting 
Treemix tree with three migration edges shown in Figure 1d). Positive residuals indicate 
population pairs for which covariance is underestimated by the model, indicating that the model 
could potentially be improved by adding a migration edge between those populations (Pickrell 
and Pritchard 2012). Note that residuals start at +- 5 standard errors (s.e.) with one migration 
edge, and are reduced to 0.5 s.e. with three migration edges. Additional migration edges did not 
improve the fit to the data. 
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SI Figure 4. Ancient DNA damage curves and influence of reference genome. a) MapDamage 
(Jónsson et al. 2013) curves showing DNA damage characteristic of ancient DNA at the 5’ (left 
curve with positive numbers) and 3’ (right curve with negative numbers) of the sequencing 
reads. The red line indicates the fraction of C-T substitutions relative to the reference genome 
(southern sea otter or domestic ferret), and the blue line indicates the fraction of G-A 
substitutions. These substitutions are caused at higher rates in ancient samples due to cytosine 
deamination at the edges of DNA fragments. b) PCA using genotype likelihoods from reads 
mapped to the southern sea otter reference genome (version using reads mapped to outgroup 
ferret reference genome in Figure 1e). c) PCAngsd structure (Meisner and Albrechtsen 2018) 
analysis using genotype likelihoods from reads mapped to the southern sea otter reference 
genome (version using reads mapped to outgroup ferret reference genome in Figure 1f). 
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SI Figure 5. Site frequency spectra and demographic models. a) The site frequency spectrum 
for each population for neutral sites far from genes (grey), synonymous variants (blue) and 
missense variants (red). The frequency of the allele in the sample is shown on the x-axis, and the 
y-axis shows the total number of variants at that frequency. (b)-(f) show the demographic 
models used for inference: b) Single epoch model used in demographic inference. c) Two-
epoch model used in demographic inference. d) Three-epoch model used in demographic 
inference.  Contraction time was fixed at 20-30 generations. e) Isolation-Migration model used in 
demographic inference. f) Isolation-Migration as in (e), but with a recent contraction added to 
each population with fixed parameters. (g)-(j) show the demographic models used for 
simulations: g) Simulated model of California contraction. Sizes are in diploids individuals and 
times are in generations. h) A model of partial recovery for the California population. i) A model 
of serial bottlenecks for the Alaska population. j) An isolation-migration model for the California 
and Alaska populations to model the possible benefits of translocations that begin 14 generations 
after the populations have partially recovered from their respective bottlenecks.  
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SI Figure 6. Demographic inference grid search for the two-epoch model. a) Grid search 
carried out in ∂a∂i for each population for which the two-epoch model was the best-fit 
demographic model (all except the Commander Islands). Values for nu (the ratio of current to 
ancestral size), and T (in units of 2*ancestral size generations) are spaced evenly along a log10 
scale, and difference between the log-likelihood for the expected SFS under each pair of 
parameters from the maximum likelihood estimate (indicated by a red star) is shown as a 
heatmap (green is within one log-likelihood unit of MLE). Red squares indicate the MLE based 
on ∂a∂i optimization, and red triangles indicate the MLE based on fastsimcoal2. Each population 
shows a green ridge of equally likely parameter pairs, ranging from a recent and extreme 
contraction (lower left corner of ridge), to a more ancient and mild contraction (upper right 
corner of ridge). b) Comparison of the empirical neutral SFS (gray) for each population to the 
expected SFS under the best fit model (red) for each population and the expected SFS for the 1-
Epoch model (blue). Note that the 1-Epoch model does not match the data as well as the best-fit 
model. For California (CA), Alaska (AK), Aleutian Islands (AL) and Kuril Islands (KUR), the best-
fit model was a 2-Epoch contraction model. For the Commander Islands (COM) it was a 3-Epoch 
model. Demographic parameters are from the grid search in (a) with contraction duration fixed 
at 35 generations. c) Fit of the Isolation-Migration-Contraction Model (SI Figure 5f) inferred in 
∂a∂i between California (CA) and Alaska (AK) to the joint SFS (inferred parameters in SI Table 
7). The empirical folded joint SFS (‘data’) is shown in the upper left panel, and the expected SFS 
under the model is shown in the upper right panel. Both are heat maps in which color indicates 
the number of sites in each bin. The log-likelihood of the model is shown below the expected 
joint SFS (-278). The lower left bin shows the residuals between the two SFSs, and the lower 
right panel shows the distribution of residuals, which is centered around zero, indicating good 
model fit. 
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SI Figure 7. Fit of California population simulations to empirical data. a) Average pairwise 
heterozygosity (π) and Watterson’s #	from the empirical neutral SFS for California (gray line) 
compared to the values from 10 neutral simulation replicates of the inferred California demographic 
history, sampled pre- (blue boxplots) and post-contraction (red boxplots). The pre-contraction 
(ancestral) values of π and Watterson’s #	are higher than post-contraction values, but are still relatively 
low, indicating long-term small population size. The simulated values post-contraction fit the empirical 
data well. b) Fit of the simulations to the empirical California synonymous and missense SFSs (gray) to 
SFSs simulated before (blue) and after (red) a population contraction. Simulated SFSs are based on 
models with either   recessive or additive missense mutations. For missense, both additive and recessive 
models are shown. For synonymous, only the recessive case is shown as the dynamics did not change 
dramatically for synonymous mutations between the two dominance coefficients. c) Simulations 
showing the change in the average number of recessive homozygous derived genotypes per individual 
during the decline and partial recovery of the California population. Sites are stratified by their impact of 
fitness, ranging from neutral (s=0), weakly deleterious (0 > s ≥ -0.001), moderately deleterious (-0.001 > 
s ≥ -0.01), to strongly deleterious (-0.01 > s ≥ -1). The solid green line is the average of 20 simulation 
replicates, which are shown as fine lines. The increase in deleterious homozygous derived genotypes 
causes an increase of recessive genetic load. d) Simulations showing the change in the average number 
of additive derived alleles per individual during the decline and partial recovery of the California 
population. Sites are stratified as in (c). The solid green line is the average of 20 simulation replicates, 
which are shown as fine lines. We do not observe an increase in deleterious derived alleles that would 
cause an increase in additive genetic load. 
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SI Figure 8. Combining whole-genome and SFS based demographic models. a) Whole genome-based 
demographic models generated using MSMC for a southern sea otter from California (left), and a 
translocated northern sea otter from southeast Alaska (originally either from the Aleutian Islands or 
central Alaska) (right) from Beichman et al. (2019). The y-axis is the inverse instantaneous coalescence 
rate (IICR), scaled by two times the mutation rate, which is equivalent to effective population size under 
panmixia. The x-axis is the time before present in generations. Dashed lines indicate a trim-point for the 
model, where everything to the right of the dashed line is excluded to improve the fit to genome-wide 
heterozygosity, as recommended by Beichman et al. (2017) (original pre-trimmed models are shown as 
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the inset figures). The southern sea otter trajectory to the left of the dashed line shows a decline in the 
IICR from approximately 5500 down to 1000 over the past 1000-2000 generations (7-14 kya), which 
could represent a pre-fur trade decline. The northern sea otter shows a more steady population size, 
fluctuating around 4000 individuals, which may reflect a more stable population size. Note that humps 
in MSMC trajectories do not necessarily represent changes in population size (Mazet et al. 2016; 
Beichman et al. 2017), and can represent changes in population structure or statistical artifacts. b) A 
table of log-likelihoods of the fit of the expected SFS under a series of models based on whole-genome 
data and/or the SFS compared to the empirical SFS for California and the empirical SFS for the Aleutian 
Islands (the northern sea otter’s MSMC trajectory was compared to both central Alaska and the Aleutian 
Islands, but fit the Aleutian Islands better). “Untrimmed MSMC” refers to the full MSMC trajectory; 
“Trimmed MSMC” refers to MSMC models trimmed at the dashed lines shown in (a), which dramatically 
improves the fit to the SFS; “Trimmed+No Recent Dip MSMC” is a model that excludes the sudden drop 
in population size between 300 and 1000 generations in the southern sea otter trajectory, as the 
simulations in Figure S8b show that the recent drops are spurious; “Trimmed+ Simplified MSMC” refers 
to a version of the MSMC trajectory that is highly simplified and includes only a single size change for 
each population (for the southern sea otter, a drop from 4500 to 2000, 1000 generations ago; for the 
northern sea otter, a drop from 4500 to 4000, 1000 generations ago); “Trimmed+ Simplified MSMC + 
recent contraction inferred in ∂a∂i” is a model in which the simplified MSMC trajectory is fixed as the 
ancestral history of the population, and ∂a∂i is then allowed to infer an additional size change in more 
recent time. For both populations, the model was improved when ∂a∂i inferred a recent contraction in 
addition to the size changes predicted by MSMC; “SFS-based MLE (recent contraction)” is the fit of the 
best-fit model from the demographic inference in ∂a∂i based on the SFS, with no regard for the MSMC 
models. c) MSMC run on simulated data. The model simulated is depicted in the background purple 
boxes, with the black lines showing the trajectories from MSMC run on 10 simulated whole genome 
replicates under the purple model. This model represents a pre-fur trade decline from 4500 individuals 
down to 2000, taking place 1000 generations ago. d) As in (b), MSMC run on simulated data. The model 
is based on the recent contraction we infer using the SFS (Figure 2). MSMC cannot infer very recent 
events, so the extreme recent contraction is missed, and MSMC shows a relatively flat trajectory. e) as in 
(b) and (c), MSMC run on simulated data. The simulation model combines the pre-fur trade contraction 
in (b) and the recent contraction in (c). Overall, this figure demonstrates that including the recent 
contraction inferred using the improves the fit of models based on MSMC to the empirical SFS. 
However, the shape of the MSMC trajectory for the southern sea otter indicates that an older 
contraction may have occurred as well and that California sea otters may have experienced an 
additional population decline prior to the fur trade. 
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Supplementary Methods 

Sampling 

Modern samples. Sea otter tissue samples were obtained from several sources. Eighteen 

(18) samples from Prince William Sound, Kodiak Island and surrounding areas were 

obtained through tissue loans from the University of Alaska Museum of the North (UAM 

Loan #2000.019; n = 16) and the Museum of Vertebrate Zoology at the University of 

California, Berkeley (MVZ Loan # 4793; n = 2). Samples from California (n =12) were 

collected from sea otters between 1987-1989 by Robert Brownell, Jr. (NOAA Southwest 

Fisheries Science Center, La Jolla, CA) and Glenn VanBlaricom (US Geological Survey, 

University of Washington), formerly of the US Fish and Wildlife Service. Samples from 

the Kuril Islands (n = 15) and Commander Islands (n = 49) were loaned from the 

collection of Alexander Burdin (Russian Academy of Sciences) and samples from south 

central Alaska (n = 6) and the Aleutian Islands (n = 22) were loaned from the collection 

of James Bodkin (Emeritus, Alaska Science Center, US Geological Survey). All samples 

are now stored in the frozen biorepository of the Smithsonian National Museum of 

Natural History. In 2008 and 2011 tissue from two stranded individuals were recovered 

along the Baja California coast (Schramm et al. 2014), a female in Bahía Todos Santos 

and a male in El Rosario (SI Figure 1d, SI Table 1).  

Ancient samples. The three ancient samples were radiocarbon dated at the W.M. Keck 

Carbon Cycle Accelerator Mass Spectrometer at University of California, Irvine. Bone 

samples were decalcified in 1N HCl, gelatinized at 60°C and pH 2, and ultrafiltered to 
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select a high molecular wt fraction (>30kDa). ẟ13C and ẟ15N values were measured from 

ultrafiltered collagen using a Fisons NA1500NC elemental analyzer/Finnigan Delta Plus 

isotope ratio mass spectrometer. Sample quality was evaluated by %C, %N and C/N 

ratios. C/N ratios were 3.2 for all three samples and indicate good collagen preservation 

(van Klinken 1999). Collagen samples were combusted for 3 h at 900° C in vacuum-

sealed quartz tubes with CuO and Ag wires. Sample CO2 was reduced to graphite at 550° 

C using H2 and a Fe catalyst, with reaction water drawn off with Mg(ClO4)2. Sample 

preparation backgrounds were subtracted, based on measurements of 14C-free whale and 

mammoth bone. Results were corrected for isotopic fractionation (Stuiver and Polach 

1977), with ẟ13C values measured on prepared graphite using the AMS spectrometer. All 

calibrated 14C ages were computed using OxCal version 4.3 (Ramsey 2017) with the 

Marine13 calibration curve (Reimer et al. 2013). Marine reservoir corrections (DR) were 

applied to the San Miguel (261±21; Brendan Culleton, Personal Communication, 2020) 

and Año Nuevo samples (297±20; 14CHRONO Marine Reservoir Database 

(http://calib.org/marine/) (SI Table 2a). The two samples from San Miguel were dated 

to 1620-1430 and 1510-1320 calibrated calendar years before present (cal BP), 

respectively (SI Table 2a). The sample from Año Nuevo was dated to 290-70 cal BP (SI 

Table 2a). 

Sequence capture probe design 

The capture array was based on the annotation of the southern sea otter genome from 

Beichman et al. (2019). Proteinortho (Lechner et al. 2011) was used to identify sea otter 
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gene models that are 1:1 orthologs of proteins in the domestic ferret genome (Mustela 

putorius furo, accession GCA_000215625.1; Peng et al. (2014)) based on sequence 

conservation and synteny information (E-value cutoff 1e-05). The sea otter gene models 

were also BLASTed (Altschul et al. 1990) against the NCBI ferret protein database 

(Maglott et al. 2010), Swissprot/Uniprot database (UniProt Consortium 2016) and 

protein domains were identified based on the Pfam database (Finn et al. 2016) using 

InterProScan 5.19-58 (Jones et al. 2014). 

Gene models were included if they were identified as 1:1 ferret orthologs, or if they 

were not a 1:1 ortholog, but nevertheless had an identified Pfam domain and BLASTed 

to the ferret NCBI protein database and/or the Swissprot/Uniprot database. For each of 

the chosen gene models, the coordinates for all exons within each gene model were 

selected, including 5’ and 3’ UTRs. Additionally, in an effort to capture upstream 

regulatory regions for each gene, 1kb of sequence upstream of the start of the gene was 

selected. Upstream regions containing any gaps (“N”s in the sequence) were excluded, 

and those that overhung the beginning or end of the scaffold were truncated.  

To find putatively neutral regions far from genes, repeat regions and any annotated 

feature in the genome plus a 10kb buffer on either side were hard masked. 1kb regions 

were then located on the genome that did not overlap any masked region (and are thus 

>10kb from any annotated feature), did not overlap a repeat region, and are within 2 

standard deviations of average GC content. These regions were then BLASTed against 

the zebrafish genome (Acc # GCA_000002035.4) using blastn with a highly liberal e-



 

 

236 

value cutoff of 10 to look for sequence conservation. Any region that BLASTed to the 

zebrafish was then excluded, as it may represent conserved (and therefore not neutral) 

sequence. 10,000 of the remaining 1kb regions were then selected at random to be 

included in the capture as 10Mb of putatively neutral sequence, far from genes.  

 The custom sequence capture was made based on the coordinates of these regions 

by KAPA Biosystems (Wilmington, MA), to generate a custom sequence capture probe 

pool. 

Extraction, library prep, sequence capture, and sequencing 

Modern samples. Blood and tissue samples were extracted using Qiagen’s DNEasy Blood 

and Tissue kit, following the manufacturer’s instructions. Samples were quantified using 

gel electrophoresis, Qubit fluorometer (Thermo-Fisher) and Nanodrop 

spectrophotometer (Fisher Scientific). Samples with low 260/280 ratios as determined 

by the NanoDrop were purified using KAPA Pure Beads and re-quantified. Libraries were 

prepared using the KAPA HyperPlus library preparation kit, with custom uniquely dual-

indexed adapters from the Vincent J. Coates Genomic Sequencing Laboratory at the 

University of California, Berkeley, to prevent barcode-hopping. DNA was fragmented 

using enzymatic fragmentation for 30 minutes for non-degraded samples, and 20 

minutes for degraded samples (as determined by gel electrophoresis). Fragment size 

selection was carried out using KAPA Pure Beads, and the resulting library was amplified 

over 8 PCR cycles following the KAPA SeqCap protocol. Library quality and 

quantification was assessed using the Agilent Bioanalyzer and Qubit. Sequence capture 
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was carried out, with 12-13 samples per capture pool, using the KAPA SeqCap EZ 

Hyperflow workflow kit. Capture success was evaluated using the Agilent Bioanalyzer 

and Qubit. Captures were sequenced on the Novaseq 5000 (150PE) at Medgenome 

(Foster City, CA). An average of 6Gb of sequence was generated per sample, with 93% of 

bases ≥ base quality of 30. 

Samples from Baja California were extracted at the Autonomous University of 

Baja California, Ensenada, Mexico, and library preparation and sequence capture was 

carried out using the KAPA Hyper Prep / SeqCap EZ Hyperflow workflow and sequenced 

on the NextSeq 500 at the National Laboratory of Genomics for Biodiversity in Mexico 

(LANGEBIO-CINVESTAV, Irapuato, Mexico). 

Ancient samples. Ancient samples were prepared in UCLA’s ancient DNA lab, a clean 

room that is separate from all modern DNA labs. The room was cleaned and exposed to 

UV light for 24 hours prior to sample processing. All materials were washed with bleach, 

ethanol and DNAaway, and exposed to UV light prior to use. Sample preparers wore full 

coverage (surgical gowns, booties, hair nets, masks, goggles, and double-gloves). 

Samples were prepared individually, first wiped down with bleach and exposed to UV 

light for 20 minutes, then the outer layer of the bone or tooth root was sanded away 

using a Dremel sanding band. The tooth root or small chunk of bone was cut off using a 

Dremel sanding disk, and was then ground into powder with a sterile mortar and pestle. 

DNA was extracted using the week-long Gamba et al. (2014) protocol, with extraction 
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blanks included. Extracted DNA was quantified using the Qubit fluorometer. The 

extraction blanks showed no or negligible DNA concentrations.  

The ancient samples with the highest concentration were chosen for library 

preparation at Arbor Biosciences (Madison, WI) using the NEB Next Fast DNA library 

prep via Amicon columns. Amplifications which contained KAPA HiFi Uracil+ 

polymerase were monitored, resulting in 8-10 cycles for all samples. Reactions were then 

terminated and purified with a high ratio of SPRI beads. Sequence capture was then 

carried out on the ancient samples. The best success was had using two successive 

captures on a single aDNA library. Sequence captures were then sequenced on a 

HiSeq3000 at the UCLA Technology Center for Genomics & Bioinformatics.  

 

Read mapping, genotype calling & filtering 

Modern samples. Sequence quality was assessed using FastQC (Andrews 2010). 

Following the strategy of Beichman et al. (2019), reads were then mapped to the 

domestic ferret reference genome (Mustela putorius furo, accession GCA_000215625.1) 

in order to have a reference genome that is an outgroup from all sea otter populations 

and to make use of the existing Ensembl Variant Effect Predictor database for the 

domestic ferret genome. Adapter removal and read mapping were carried out using the 

PALEOMIX pipeline (Schubert et al. 2014), with BWA-MEM (Li and Durbin 2009) as the 

alignment algorithm, with a minimum mapping quality of 30. PCR duplicates were 

removed. Mapping statistics were generated using PALEOMIX. 
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 Regions of the ferret genome covered by at least five reads, with a minimum base 

quality of 20 and a minimum mapping quality of 30 were identified using GATK (v. 3.7). 

Qualimap (Okonechnikov et al. 2016) was used to assess the quality of these regions. 

GATK’s HaplotypeCaller (Van der Auwera et al. 2013) was then used to call SNPs and 

carry out local re-assembly of haplotypes in the covered regions ± 100 basepairs. All 

sites were emitted, including monomorphic sites. Joint genotyping across all individuals 

was carried out using GATK’s GenotypeGVCFs, with all sites emitted including non-

variant sites. 

To set hard-filtering thresholds, the distribution of QD (quality-by-depth) and DP 

(depth) were extracted from the genotype VCF file and plotted. Alternate alleles that did 

not appear in any individuals after joint genotype calling were trimmed. Sites with a 

minimum of 500 DP across all individuals were selected as an initial filter to remove sites 

with a high degree of missing data. Biallelic SNPs were selected and filtered using the 

following hard-filters: FS > 60.0, MQ < 40.0, MQRankSum < -12.5, ReadPosRankSum 

< -8.0, SOR > 3.0, as recommended in the GATK hard-filtering documentation. Sites 

with QD < 8.0 (determined by looking at the distribution of QD scores) were also 

removed. Filters per individual genotype were also applied, with genotypes with a 

genotype quality < 20 or a per-individual read depth <10 being marked as missing 

(“./.”). 
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 Sites that became non-variant after genotype filtering were removed from the SNP 

VCF file and added to the invariant site VCF file. Clusters of SNPs in which 3 SNPs 

appeared in a window of 10bp were removed.  

 Invariant sites were filtered to exclude sites with QUAL < 30, and to set 

genotypes with RGQ < 1 or per-individual DP < 10 as missing.  

 After filtering, the invariant and variant VCF files were combined and the amount 

of missing data per individual was calculated. Individuals that had more than one 

standard deviation above the mean missingness were excluded from downstream 

analysis. 

 After removal of 19 individuals with a high degree of missing data, a final custom 

filtering script was applied to check for any remaining oddities in the data (script 

available on project Github). The script checked for reference and alternate alleles that 

were longer than a single letter, unexpected genotypes, sites without QUAL scores, sites 

that were not labeled as “PASS” after filtering, and sites missing DP, AN, GT, AD, DP or 

GQ/RGQ annotations. The script then updates the AN and AC annotations for each site 

based on the final set of genotype calls afterwards. All remaining biallelic SNPs from this 

filtered dataset were then selected for downstream analysis. A 20% per-site missingness 

filter was applied and the subsequent SNP set was used for relatedness and population 

structure analyses (below). After these filters were applied, the average coverage per 

individual of sites was 36x (based on sites with at least 10x coverage). Each individual 

had an average of 6.14 x 107 called genotypes (61.4 Mb). Approximately 60,000 SNPs 
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were discovered (or 1.6 million if sites that are fixed for the alternate allele across all sea 

otter individuals relative to the domestic ferret reference genome are counted). 

 

Ancient samples. Adapter removal and read mapping to both the domestic ferret (Acc. 

GCA_000215625.1) and southern sea otter (Acc. GCA_006410715.1) reference genomes 

were carried out using the PALEOMIX pipeline (Schubert et al. 2014), with the BWA 

backtrack (Li and Durbin 2009) alignment algorithm with the seed disabled and a 

minimum mapping quality of 30. The BWA aln options were set to -n: 0.01 (maximum 

edit distance) and -o: 2 (maximum number of gap opens), as recommended by Kircher 

(2012). PCR duplicates were removed. Mapdamage (Jónsson et al. 2013) was used to 

detect DNA-damage profiles and to rescale the quality score of bases that are likely to be 

misincorporations. Preseq (Daley and Smith 2013) and Picard HS Metrics 

(http://broadinstitute.github.io/picard) were used to determine the library complexity 

and enrichment of target regions in the sea otter genome (SI Table).  

 We found that the modern samples mapped well to both the domestic ferret and 

sea otter genomes, which validates our choice to do the majority of modern analyses 

mapped to the domestic ferret genome. However, the ancient samples showed a 

mapping preference, with more reads mapping to the sea otter genome (SI Table 2b), 

likely due to lower coverage and read quality. Overall, the total number of bases covered 

by at least 1x coverage (after carrying out the filtering in ANGSD described below) was 

56-78Mb when mapped to the southern sea otter genome, and 16-28 Mb when mapped 
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to the domestic ferret genome. However, mapping to an ingroup genome from one sea 

otter population can cause reference biases. Therefore, analyses are presented mapped to 

both the domestic ferret genome (Figure 1e-f) and to the southern sea otter genome (SI 

Figure 4b-c). 

Three modern samples from each population (California, Alaska, Aleutians, 

Commanders, Kurils) were selected to be analyzed alongside the ancient samples. 

Genotype likelihoods, genotype posteriors and per-site depths were determined using 

ANGSD (Korneliussen et al. 2014). The following parameters for ANGSD were used: -GL 

2 -doMajorMinor 4 -doMaf 1 -beagleProb 1 -doPost $posterior -remove_bads 1 -uniqueOnly 

1 -C 50 -baq 1 -trim 7 -minQ 20 -minMapQ 25 -doGlf 2 -doCounts 1 -dumpCounts 2 -

SNP_pval 1e-06 -rmTrans 1, which refer to the following:  

  

- GL 2: Use GATK style likelihoods 
- doMajorMinor 4: pre-specify major allele based on reference genome (the 

‘major’ allele may therefore not necessarily be the highest frequency allele, 
but will consistently be the reference allele to maintain formatting 
consistency with the original .vcf file) 

- doMaf 1: calculate allele frequencies with major/minor fixed based on 
reference genome 

- beagleProb 1: calculate beagle format posterior probabilities 
- doPost 1: do genotype posterior likelihood calculation, using allele 

frequencies calculated from the data as the prior 
- remove_bads 1: remove bad reads 
- uniqueOnly 1: discard reads that don’t map uniquely 
- baq 1: adjust base quality around indels 
- trim 7: trim the first and last 7 bp from each read (where misincorporation 

is likely to occur based on MapDamage plots)  
- minQ 25: min base quality 
- minMapQ: min mapping quality 
- doGLF2: output beagle format genotype likelihoods file 
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- doCounts 1 -dumpCounts 2: output coverage information for each 
individual and site 

- SNP_pval 1e-06: output SNPs with p-value < 1e-06 
- rmTrans 1: remove transitions, leaving only transversions which are less likely 

to be affected by ancient DNA damage 
This resulted in an average of 8,000 transversion SNPs covered by at least 1 read 

(after filtering) in the ancient samples when mapped to the domestic ferret genome, 

and 14,000 when mapped to the sea otter genome. The modern samples, which did 

not show significant mapping preference, had ≥1x coverage at 31,500-32,000 

transversion SNPs when mapped to either genome. 

 

Structure analyses  

Modern samples. 

Relatedness. SNPRelate (Zheng et al. 2012) was used to convert the .vcf file with the 

20% missingness filter to gds format (snpgdsVCF2GDS) and to carry out LD pruning 

(snpgdsLDpruning) with an r2 cutoff of 0.2. For each population separately, relatedness 

between individuals was assessed using PLINK’s identity-by-descent method of moments 

approach (snpgdsIBDMoM) (Purcell et al. 2007), with a minor allele frequency cutoff of 

0.05 (SI Table). Pairs of individuals with a kinship coefficient > 0.2 had one individual 

retained and the other removed from downstream analyses (SI Discussion 1e).  

 

Principal components analysis (PCA). SNPRelate (Zheng et al. 2012) was used to 

convert the .vcf file with the 20% missingness filter to gds format (snpgdsVCF2GDS) and 

to carry out LD pruning (snpgdsLDpruning) with an r2 cutoff of 0.2. PCA was carried out 
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(snpgdsPCA) based on 5,864 SNPs after applying a minor allele frequency cutoff of 0.06 

across the whole dataset. Individuals were colored by their geographic sampling area 

(Figure 1b). PCA was also carried out on subsets of the data. First, excluding the 

California and Baja California individuals to better assess the northern and Asian 

populations (SI Figure 2a), then focusing on specific islands alone: the Aleutian Islands: 

Attu, Adak, and Amchitka (SI Figure 2b), and the Commander Islands: Bering and 

Medny (SI Figure 2c), to detect subtle substructure within populations. 

 

Fst. Weir & Cockerham’s (1984) Fst was calculated for each population-pair using 

SNPRelate (Zheng et al. 2012) (snpgdsFst, method="W&C84"), based on the .gds file 

with the 20% missingness cutoff and monomorphic sites removed. Approximate 

longitude and latitude were obtained for each geographic sampling location, and the 

approximate great-circle (geodesic) distance was obtained using the geosphere package 

in R (https://CRAN.R-project.org/package=geosphere) to plot Fst vs. distance (SI Figure 2d, 

SI Table 4). Note that the distance between populations for a sea otter to swim could be 

considerably higher than the geodesic distance, as the migrating otters would have to 

stay along coastlines rather than cross large areas of open ocean (Kenyon 1969; Ralls et 

al. 1996; Kage 2004). 

 

Faststructure. The vcf file with the 20% missingness filter was converted to PLINK bed 

format with a minor allele frequency cutoff of 0.05 applied and the order of alleles 
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maintained from the original vcf file (plink --make-bed --keep-allele-order --const-fid 0 --

allow-extra-chr --maf 0.05). To avoid bias due to the excess sample size of the 

Commander Islands, that population’s sample was randomly downsampled to 20 

individuals. Faststructure (Raj et al. 2014) was then run using values of k from 1-10. 

Results for each value of k were plotted, and the best value of k was chosen that 

maximized the likelihood but did not add excess parameters (k = 5) (additional values 

of k shown in SI Figure 3a). 

 

Treemix. The .vcf file with the 20% missingness filter was converted to PLINK bed 

format and grouped by population cluster. Relatives were removed and the highly 

admixed Alaskan individuals were defined as their own population cluster, and the Baja 

individuals were excluded. The bed file was converted to Treemix (Pickrell and Pritchard 

2012) input format using Treemix’s plink2treemix.py script.  

The BITE wrapper (Milanesi et al. 2017) was used to generate Treemix trees and 

bootstraps. Treemix (Pickrell and Pritchard 2012) was run with California set as the root 

population and the -global rearrangement flag. For each possible number of migration 

edges (1-5), 100 bootstraps were generated by resampling the data over blocks of 100 

SNPs (-bootstrap -k 100). A consensus tree was generated from the bootstraps using 

Phylip consense (Felsenstein 2005), and then Treemix was run a final time with that 

consensus tree supplied in Newick format (-tf) to get the final topology and migration 

edges. When plotted, each node on the tree is marked with a shape corresponding to the 
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number of bootstraps in which that node appears. The best number of migration edges 

(m) was chosen as the one that maximizes the log-likelihood of the model (m  = 3). 

Residuals of models with m = (1,2,3) are shown in SI Figure 3b.  

 

Neighbor-Joining tree. Using the APE package in R, we constructed a Neighbor-Joining 

(NJ) phylogenetic tree to further explore the relationship between the Baja California sea 

otters and the California population. From the final .vcf file we extracted variant 

information only for individuals from California, Baja California and Alaska and put it 

into a new .vcf file using bcftools v.1.9. These variants were filtered for MAF and LD as 

previously described for the PCa and fastSTRUCTURE analyses, which resulted in a final 

dataset of 5,004 variants that were used for the phylogenetic analysis. We built the NJ 

tree with APE using the “percentage” method to calculate the genetic distance between 

individuals. The Alaska individuals were used as outgroup and 1000 bootstrap replicates 

were run to obtain support for the tree nodes.  

 

Ancient samples  

PCAngsd. PCAngsd (Meisner and Albrechtsen 2018) was used to carry out PCA and 

structure analyses for the three ancient samples and a subsample of three modern 

individuals from each population. PCA and structure analyses in PCAngsd were based on 

genotype likelihoods for transversion SNPs only. PCAngsd infers individual allele 

frequencies and is robust to missing data. A range of minor allele frequency cutoffs 
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(0.025, 0.05, 0.12, 0.2) were used to examine the impact of rare variants. Results based 

on a minor allele frequency of 0.05 are shown (Figure 1e-f). Other minor allele 

frequency cutoffs (not shown) showed qualitatively similar results with the ancient and 

modern California samples always clustering together. Since the ancient data mapped 

better to the sea otter reference genome than to the ferret reference genome, the analysis 

was done for each reference genome, with similar qualitative results (Figure 1e-f, SI 

Figure 4b-c). 

 

Diversity and demographic analyses (modern samples only) 

Classifying variants. ENSEMBL’s Variant Effect Predictor (VEP) (McLaren et al. 2016) 

was used to classify SNPs as synonymous, missense or stop-gained based on the domestic 

ferret genome annotation database (mustela_putorius_furo). The --pick option was used 

to pick the most consequential variant prediction per site based on VEP’s internal 

hierarchy, and variants were labeled as canonical using the --canonical flag. To detect 

putatively neutral regions, the putatively neutral regions included in the sea otter 

capture design (described above) were BLASTed against the ferret reference genome, 

with --max_target_seqs 5 enabled and an e-value cutoff of 1e-10. Hits greater than 

500bp in length that were >10kb away from ferret exon sequences were chosen. 

 

Projected Site Frequency Spectra. The SNP .vcf file with no missingness filter applied 

(any amount of missing data allowed per site) was split into each population (California, 
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Alaska, Aleutian, Commanders, Kurils) and into each category of variants (neutral, 

synonymous and missense). Relatives, admixed individuals and PCA outliers were 

removed (see SI Table 5 for resulting sample sizes). Sites that had an excess of 

heterozygous genotypes (≥ 75%) within the population were excluded. A modified 

version of EasySFS (https://github.com/isaacovercast/easySFS), a wrapper for ∂a∂i’s 

SFS projection (Gutenkunst et al. 2009), was used to determine the optimal number of 

haploid individuals to maximize the number of SNPs based on a hypergeometric 

projection that can average over missing data (projection values in SI Table 5). 

A folded SFS for each population was generated using a ∂a∂i’s hypergeometric 

projection approach (SI Figure 5a). Separate SFSs were generated from neutral regions 

far from genes, synonymous coding sites, and missense coding sites (SI Figure 5). For 

the neutral SFS used for demographic inference, the number of monomorphic sites were 

added into the SFS projection’s 0-bin by counting the number of those sites that 

appeared in neutral regions and were called in at least the number of diploid individuals 

in the projection. This number of monomorphic sites was then added to the number of 

sites that already appeared in the projected SFS’s monomorphic “0” bin due to the 

projection. EasySFS also generated two-dimensional (2D) projected SFSs between all 

population pairs. The number of monomorphic sites for the 2D SFSs were calculated as 

the number of monomorphic sites that are called in at least X diploid individuals in the 

first population in the pair, and in at least Y diploid individuals in the second population 
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in the pair, where X and Y are the diploid projection values (haploid projection value / 

2) for each respective population. 

 

Diversity. S (total number of segregating sites), π (average pairwise heterozygosity), 

Watterson’s !	(!W) and Tajima’s D (Tajima 1989) were calculated from the projected 

folded site frequency spectra for each population based on Wakeley (2009). 

S =  ∑ C!
(/"
!$%  (Wakeley 2009, Equation 1.3) 

D = 	 %
*("+

∑ 1(/ − 1)C!
(/"
!$%  (Wakeley 2009, Equation 1.4) 

!, = '
-!  (Watterson 1975) 

E.F1G..(	H = 	 /&0"
12-3(/&0")

 (Tajima 1989) 

Where n is the haploid sample size, C! is the count of sites in the ith bin of the folded SFS, 

and a1 is the (n-1)th harmonic number. 

To find the value of π and !W per site (SI Table 5), each value was then divided 

by the total number of sites in the projection, including monomorphic sites (counted as 

described above). 

 

Demographic inference. The neutral site frequency spectra were then used for 

demographic inference in ∂a∂i (Gutenkunst et al. 2009) and fastsimcoal2 (Excoffier et al. 

2013) for the following models (described forward in time): 

• 1-Epoch model: no size changes, infers the ancestral size (Nanc) of the population.  
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• 2-Epoch model: a single size change from Nanc to the current size (Ncur) occurring 
T generations ago. 

 
• 3-Epoch model: two sizes changes from Nanc to a bottleneck (Nbot) followed by 

recovery (Nrec) that lasts T generations. The duration of the bottleneck is set to 20-
30 generations.  

 
• Isolation migration (IM) model: a two-dimensional model of the split between 

the California and Alaska populations. The populations start at an ancestral 
population size (Nanc), then split Tsplit generations ago, resizing to their own 
population sizes N1 and N2 with symmetrical migration between them (m).  

 
• Isolation-migration-contraction (IMC) model: a two-dimensional model that 

includes the recent contractions of the populations occurring 35 generations ago 
to sizes 250 (AK) and 200 (CA). 

 

Fastsimcoal2. Parameters for 1-Epoch, 2-Epoch, and 3-Epoch demographic models were 

inferred using Fastsimcoal2 (Excoffier 2011). The program was run using the following 

command line: 

fsc26 -t {file}.tpl -n100000 -m -e {file}.est -M -L 50 -q 

Best fitting parameters for each replicate were estimated (-M) based on 50 ECM cycles (-

L 50) each with 100,000 coalescent trees (-n 100,000) using a minor allele frequency 

site frequency spectrum (-m). Template files (-t) and estimation files (-e) for each model 

were supplied, and minimum console output was required (-q). Starting parameters 

were chosen from a specified distribution with an absolute minimum value and 

maximum value serving as a flexible upper boundary. The expected SFS under the 

fastsimcoal2 parameters was compared to the empirical SFS and the log-likelihood was 

calculated. 50 replicates of the inference were carried out to confirm that both 

parameters and log-likelihoods converged and parameters with the maximum log-
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likelihood were chosen. All population parameter values were given as the number of 

haploids and converted to diploids. Time parameters were inferred as the number of 

generations before present day. Migration rates were scaled to population size during 

inference and estimated as the number of migrants per generation from the source 

population backwards in time. To compare with ∂a∂i, this migration rate was divided by 

the ancestral population size to find the probability of migration.  

 

∂a∂i. Inference was carried out in ∂a∂i (Gutenkunst et al. 2009) for the 1-Epoch, 2-

Epoch, and 3-Epoch models. The extrapolation grid points were set as the haploid 

sample size of the SFS, plus 5, 15 and 25. Starting parameter values were permuted for 

each of 50 replicates of ∂a∂i’s inference. The multinomial log-likelihood was calculated 

for the expected SFS under ∂a∂i’s optimized parameter values compared to the empirical 

SFS. The best-fit I for each replicate’s model parameters was inferred using ∂a∂i, and 

scaled by the total sequence length (L) and otter mutation rate, (J = 8.64x10-9 

mutations/basepair/generation from (Beichman et al. 2019)) to calculate the ancestral 

size in diploids (Nancestral): 

K-(67893-: =
I
4J9 

Optimal parameter values were then scaled by Nancestral, with population sizes scaled by 

Nancestral into units of diploids, and times scaled by 2*Nancestral into units of generations. For 

each model, the maximum likelihood estimate (MLE) for the set of 50 runs was selected.  
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Models were compared using the likelihood ratio test (LRT). The LRT is not 

appropriate when SNPs are not independent. However, we detected such large LRT 

statistic values that, with the possible exception of the Kuril Islands, the rejection of the 

1-Epoch Model is unlikely to be affected by linkage (SI Table 6). The assumption of 

independence is strengthened by the fact that the SNPs we detected are widely spread 

throughout the genome: within a population, 1kb windows of the genome that contained 

at least one SNP contained an average of only 1.2 SNPs per window and were a median 

200kb apart. 

 Since population size and time of contraction are correlated in the 2-Epoch 

model, we carried out a grid search approach to find the range of plausible parameter 

pairs that were within one log-likelihood point of the MLE. We spaced 100 grid points 

for population size (nu) and contraction time (T) evenly along a log-10 scale, so that 

there were more fine-scale points in recent time. ∂a∂i was used to obtain the expected 

SFS for each of the 10,000 parameter-pairs, and the multinomial log-likelihood of that 

expected SFS relative to the empirical SFS was calculated. The grid search revealed a 

ridge of likelihoods that were within one log-likelihood unit of the MLE of the grid 

search (SI Figure 6). Both the ∂a∂i and fastsimcoal2 MLEs fell along this ridge, with ∂a∂i 

toward the lower end, and fastsimcoal2 toward the upper end. The range of these 

parameter pairs is reported (SI Table 6). For simulations related to the fur trade 

bottleneck, a contraction time corresponding to historical records of the fur trade was 

chosen (35 generations), and the corresponding contraction size for that time was 



 

 

253 

selected from the ridge of equally likely parameter pairs. These bottleneck parameters 

are not meant to be taken as literal parameters of the fur trade bottleneck, but represent 

a demographic scenario consistent with our empirical data which could be used for 

simulations. 

 

Combining Whole-Genome and SFS-based demographic models. We compared our 

models inferred here using the SFS to those we previously inferred from a single 

southern sea otter genome from California, and a northern sea otter genome from the 

translocated southeast Alaska population (Beichman et al. 2019) using MSMC (Schiffels 

and Durbin 2014) (also known as PSMC’ when run on a single genome). We did this by 

converting the MSMC models from Beichman et al. (2019) into ∂a∂i models to generate 

the expected SFSs. We could then assess the fit of the MSMC models to our empirical 

SFSs using a multinomial log-likelihood, following the methods of Beichman et al. 

(2017). Whole-genome based demographic inference methods cannot detect recent 

events, and so should not be able to detect any decline associated with the fur trade (Li 

and Durbin 2011; Schiffels and Durbin 2014; Beichman et al. 2017), but we were 

interested to see if a combination of the two methods could provide an improved model. 

We followed recommendations of Beichman et al. (2017; 2018) to test whether 

our previously inferred MSMC demographic models fit the empirical California and 

Aleutian SFSs using the multinomial log-likelihood in ∂a∂i. The northern sea otter model 

was compared to both the Aleutian and Alaskan SFSs, and fit the Aleutian SFS better, 
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which makes sense as the southeast Alaska population represents a recent translocation 

(1965-1972) from Prince William Sound and the Aleutian Islands (89% of translocated 

individuals were from the Aleutian Islands, and only 11% from Prince William Sound) 

(Jameson et al. 1982). All analyses below therefore compared it to the Aleutian Islands 

SFS. 

As predicted by Beichman et al. (2019), removing ancient effective population 

size increases (to the right of the dashed line in SI Figure 8a) from the MSMC model 

dramatically improved the fit of the whole-genome demography to the empirical SFS 

dramatically. For California, the log-likelihood without the ancient events improved by 

56 units; for the Aleutians by 273 units (see “Untrimmed MSMC” model vs. the “Trimmed 

MSMC” model, SI Figure 8b). We then simplified the PSMC models into two epoch size 

change models (“Trimmed+ Simplified MSMC” model), ensuring that they still fit the 

empirical SFS just as well as the “Trimmed MSMC” model. In these simplified models, the 

southern sea otter experiences a drop in population size from 4500 to 2000 individuals, 

1000 generations ago and the northern sea otter stays relatively constant in size, with a 

slight decline from 4500 to 4000 individuals occurring 1000 generations ago. These 

simplified models fit the empirical SFSs relatively well, but did not include any recent 

contractions. However, once we fixed these old events and allowed ∂a∂i to infer an 

additional size change (“Trimmed+ Simplified MSMC + recent contraction inferred in 

∂a∂i”), the fit to the empirical SFS was improved and ∂a∂i inferred a recent contraction 

(the log-likelihood improved by 4 units for the California population, and by 6 log-
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likelihood units for the Aleutian Islands population). For both populations, this ‘fusion’ 

model fit the SFSs better than any of the MSMC models, and fit as well as the SFS-based 

2-Epoch model inferred from the SFS alone (“SFS-based MLE (recent contraction)” 

model). See SI Figure 8b for log-likelihood of each of these models when compared to 

the empirical SFS. 

These results give us increased confidence that the contractions that we inferred 

using the SFS in this study occurred recently as the population size for the northern sea 

otter is relatively stable based on whole genome analysis. For California, MSMC does 

infer a more ancient contraction of the population, but our analysis shows that this 

model is still improved by adding an additional contraction in recent time (improvement 

of 4 log-likelihood units; SI Figure 8b). This result raises the possibility of multiple 

contractions occurring in the history of California sea otters, which has been suggested 

by several studies (Aguilar et al. 2008; Larson et al. 2012). 

We explored this possibility further by carrying out coalescent simulations of 

1.8Gb of sequence data (made up of 60 x 30Mb independent “chromosomes”) in MaCS 

(Chen et al. 2009) under three simple models (described below), and running MSMC on 

the each of the 10 simulation replicates, following the methods of Beichman et al. (2017; 

2019). The three models represent three possible population histories for California: 1) a 

pre-fur trade population decline, based on the empirical MSMC results (shown in purple 

in SI Figure 8c), with a decline from 4500 to 2000 individuals, occurring 1000 

generations ago; 2) a recent and extreme decline based on the SFS results (SI Figure 
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8d), with the population crashing from 4500 to 195 individuals 35 generations ago and 

3) a fusion between the MSMC and SFS results, with both contractions occurring, first 

the more ancient decline from 4500-2000 individuals 1000 generations ago, then the 

recent decline from 2000-195 individuals 35 generations ago (SI Figure 8e). 

 

Simulations with selection 

Wright-Fisher Simulations. To determine the impact of population contractions on 

deleterious variation, we designed models designed based on the inferred demographic 

parameters for the California and Alaska populations. The parameters were chosen by 

fixing the time of contraction at 35 generations based on historical information, and 

choosing the corresponding population size from the ridge of grid points that are within 

one log-likelihood point of the MLE resulting from the ∂a∂i grid search, as described 

above. 

Neutral sequence simulations. To assess the impact of population declines on neutral 

genetic diversity, simulations of neutral sequence were generated using SLiM (Haller and 

Messer 2017) under the inferred contraction parameters for California (Figure 2; SI 

Figure 5g). We simulated 6Mb of neutral sequence in 60 independent 100kb sequence 

‘chunks’. Each chunk had an internal recombination rate of 1e-08, and a mutation rate of 

8.64e-9 from Beichman et al. (2019). Six individuals were sampled before and after the 

contraction, and the neutral SFS was generated at each time point. Average pairwise 
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heterozygosity (π) and Watterson’s !	were calculated from the SFS. Ten independent 

simulation replicates were carried out, and the results averaged (SI Figure 7a). 

 

Coding sequence simulations: We simulated 20 independent chromosome ‘chunks,’ 

each made up of 1000 genes of length 1500 bp (1.5Mb of coding sequence per chunk, 30 

Mb total) using SLiM (Haller and Messer 2017). Within each gene, the recombination 

rate was 1e-08 per base pair and the recombination rate between genes was 1e-03 to 

simulate distance between genes. The sea otter per base pair per chromosome mutation 

rate was 8.64e-9 from Beichman et al. (2019). Missense mutations were drawn from the 

distribution of fitness effects (DFE) estimated by Kim et al. (2017), and a gamma 

distribution with shape and scale parameters: -0.01314833, 0.186. Missense mutations 

were set to occur at 2.31 times the rate of synonymous mutations since there are more 

sites that can give rise to missense mutations in a typical exome (Kim et al. 2017). 

Simulations were carried out with either all mutations being recessive (dominance 

coefficient (h) = 0) or additive (h = 0.5). The appropriateness of our simulation 

parameters was assessed by comparing the simulated SFS to the empirical California 

synonymous and missense SFSs (SI Figure 9b). The fact that the post-contraction SFS 

fits the empirical distribution of missense sites fairly well indicates that we are using an 

appropriate distribution of fitness effects in our simulations (SI Figure 9b).  For each 

type of simulation, 20 replicates were carried out. After a 50,000 generation burn-in at 

the ancestral population size inferred using ∂a∂i, the simulated population then 
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experienced a series of population size changes under the following models (model 

diagrams in SI Figure 5b-j):  

 

Simulations based on demographic parameters for the California population: 

• Constant size (1-Epoch): Constant size of 3500 diploids  
 
• 2-Epoch (contraction): Ancestral size of 3500 diploids for burn-in, then 200 

diploids for 35 generations (SI Figure 5g) 
 

• 3-Epoch (contraction + partial recovery): Ancestral size of 3500 diploids for 
burn-in, then 200 diploids for 35 generations, then partially recovery to 1000 
individuals for 400 generations (SI Figure 5h). 

 

Simulations based on demographic parameters for the south central Alaska 

population: 

• 5-Epoch (serial bottlenecks): This model is loosely based on the history of serial 
bottlenecks in the Alaskan and Aleutian Island sea otter populations due to the 
Exxon Valdez oil spill and predation by orcas, respectively (Ballachey et al. 1994; 
Estes et al. 1998). We modeled a scenario in which a population starts at 4500 
diploids for the burn-in, then goes through a contraction to 250 individuals for 35 
generations, followed by a brief partial recovery to 2500 individuals for 13 
generations, followed by another short population contraction to 250 individuals 
for 6 generations, followed by partial recovery to 2500 again for 50 generations 
(SI Figure 5i). 

 
Two-Dimensional Models for Alaska and California: 

• 2D-Translocation Model. A population starts at an ancestral population of 4500 
for the burn-in. The population then splits into two, which are at the inferred 
ancestral sizes for the California and Alaska populations (3500 and 4500, 
respectively). The diverged populations are then separate for 4000 generations 
before both undergoing a contraction for 35 generations (to 200 and 250 
individuals for California and Alaska, respectively). The populations then partially 
recover (California to 1000 individuals, Alaska to 2500) for 14 generations. 
Reciprocal translocations are then initiated, at a rate of 1 individual per 
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generation, 25 individuals per generation, or a single burst of 25 individuals being 
exchanged for two generations and then ceasing (SI Figure 5j). 

 

Calculation of genetic load: 

Data on all sites in the population were sampled throughout the population model, every 

two generations, and a subsample of six (CA), or seven (AK) individuals was sampled in 

.vcf format after the burn-in, and after each subsequent epoch of the model which was 

used to generate the SFS for each epoch of the population’s history. Sites that fixed 

during the burn-in were not included in genetic load calculations, but sites that became 

fixed during the population contraction were included. 

 

Genetic load (L) was calculated every two generations of the model: 

" = 	%2ℎ(!)!*! + (!*"
#

!$%
 

,-./	012/-((	(45 ) = 	-&' 

7-/-218	9:.;	(9) = 1 − 	45  

Where M is the total number of sites containing a derived allele in the 

simulated/sample/population, h is the dominance coefficient (h = 0.0 for recessive or 

0.5 for additive), p is the frequency of the ancestral allele in the sample, q is the 

frequency of the derived SNP in the sample (q = 1 – p), and s is the selection coefficient 

of the SNP. 
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Non-Wright-Fisher Simulations. To explore the extent to which the California sea otter 

population may be threatened by extinction due an accumulation of deleterious 

mutations, we conducted simulations with the non-Wright-Fisher (nonWF) models in 

SLiM 3 (Haller and Messer 2019). These models aim to facilitate more ecologically-

realistic population genetic simulations by relaxing many of the assumptions of the 

Wright-Fisher model. In short, population size (N) is stochastically determined by the 

absolute fitness of the individuals in a population and a user-defined carrying capacity 

(K), rather than being predetermined. More specifically, individuals in the simulation 

survive from one generation to the next as a function of their absolute fitness, which is 

scaled by the ratio N/K to model density dependence. As a result, there are overlapping 

generations in these simulations and the simulated populations can go extinct when 

fitness decreases. The general approach for these simulations followed Kyriazis et al. 

(2019) with some modifications.  

The genomic parameters in these simulations were set to model a carnivore-like 

exome, based loosely on the structure of the dog genome. While the sea otter and dog 

genome differ in their karyotypes, these simulations represent a reasonably generic 

carnivoran gene structure that can be used to explore more models of decline and 

recovery in other species (Kyriazis et al. 2019). The genomes in our simulation included 

20,000 genes (1500 bp in length) occurring on 38 independent regions of the genome 

(akin to dog chromosomes), where the number of genes on each ‘chromosome’ was set 
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to reflect that of the dog genome (Lindblad-Toh et al. 2005). We set recombination rates 

between genes as 1e-3, with no recombination within genes and free recombination 

between chromosomes. We used the otter-specific mutation rate of 8.64e-9 from 

Beichman et al. (2019), and set the ratio of nonsynonymous to synonymous mutations 

set to 2.31:1 (Huber et al. 2017; Kim et al. 2017). The selection coefficients for 

deleterious mutations were drawn from a distribution of fitness effects estimated from 

humans (Kim et al. 2017). We assumed that mutations were either fully recessive (h=0) 

or additive (h=0.5).  

The demographic parameters for these simulations were set according to those 

inferred from the California otter population (SI Table 6, 8). To model these inferred 

effective population sizes (Ne), we set the carrying capacity of the populations as 10/7*Ne 

for each epoch, a ratio that was previously determined for these models for Ne:K 

(Kyriazis et al. 2019). We ran burn-ins at the ancestral population size for 10*Kancestral 

generations removing fixed mutations, followed by another 15,000 generations where 

we retained fixed mutations to accumulate a reasonable amount of genetic load prior to 

the bottleneck. 

To initiate the bottleneck, we randomly sampled 25 individuals from the ancestral 

population, which were used to seed a new population that could then grow to its new 

bottleneck carrying capacity (SI Table 8). The motivation for this approach was to 

leverage the flexibility of the nonWF models to better capture the dynamics of the actual 

sea otter bottleneck in California, where the post-bottleneck population is descended 
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from a small number of survivors (Riedman and Estes 1990). In these simulations, we 

also increased the bottleneck duration from 35 to 50 generations due there being 

overlapping generations in the nonWF model that are not equivalent to those in a WF 

model. 

During the bottleneck and recovery, we modelled the effects of ecological 

stochasticity in our simulations by incorporating simple forms of environmental 

stochasticity and natural catastrophes. We incorporated environmental stochasticity by 

modelling the carrying capacity of the post-bottleneck otter population as an Ornstein-

Uhlenbeck (OU) process, where the carrying capacity in a generation is given by:  

log(K(t +1)) = (1−φ)Kmean+φlog(K(t))+ w(0,σ) 

Here, Kmean is the mean carrying capacity for a given epoch (i.e., Kbottleneck or Krecovery; Table x). We 

set φ = 0.9, σ = log10(1.3) with the aim of modelling environmental stochasticity with a 

moderate amount of variation and high auto-correlation from one generation to the next. 

To model natural catastrophes, for each generation we drew a probability of mortality 

due to a catastrophe from a beta distribution with a = 0.5 and b = 8. We then used this 

probability to ‘kill off’ individuals each generation using a Bernoulli trial. 

To initiate recovery from the bottleneck, we gradually increased the population 

carrying capacity by changing Kmean in the OU model from Kbottleneck to Krecovery. We 

continued running simulations for an additional 350 generations of recovery (400 total 

post-bottleneck) or until populations went extinct. During the entirety of the bottleneck 
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and recovery, we kept track of the population size, genetic load, and whether extinction 

occurs (if at all). 

Finally, to explore the potential impact of an increased historical population size 

on levels of inbreeding depression and extinction risk in the California sea otter 

population, we ran the above simulations with the ancestral carrying capacity increased 

three-fold, with all other parameters kept the same. We ran 25 simulation replicates for 

each set of simulation parameters described above (SI Table 8). 
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