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Abstract 

Over the last decade, advances in ancient DNA sequencing technology have made it possible 

to study the genomes of ancient humans on a large scale. Genome-wide information is now available 

from several thousand ancient humans, enabling researchers to explore questions about the 

demography of ancient human populations, such as the genetic relationships between members of 

ancient groups and patterns of migration between groups. As the field of ancient DNA has 

developed, it has become essential to critically examine the tools that we use to study this growing 

source of data and to consider the scope of questions that it can be used to answer. In this 

dissertation, I directly address both of these aims.  

In Chapter 1, I assess the performance of qpAdm, a statistical tool for modeling population 

admixture that is often used in ancient DNA analyses, but its performance has not previously been 

rigorously tested. Using simulated data, I show that qpAdm is a robust tool that can accurately 

identify plausible admixture models and estimate admixture proportions, even in cases where data 

quality is limited. Further, I highlight several potential cases where users should exercise caution 

when using qpAdm, and create an updated user guide, making the tool more accessible to future 

users. 
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In Chapter 2, I present the first of two novel applications of ancient DNA to the study of 

the human past, highlighting the information that can be learned from in-depth analysis of multiple 

individuals from specific archaeological sites. Here I examine ancient DNA from 22 individuals 

from Peqi’in Cave, a Chalcolithic period burial site in present-day Israel. By modeling the ancestry of 

these individuals, I help to resolve an ongoing debate about the cause of cultural changes associated 

with the Chalcolithic period in the Levant, suggesting that these changes are the result of migration 

into the region, rather than cultural diffusion. 

In Chapter 3, I use ancient DNA and other biomolecular tools to explore the origins of the 

mysterious skeletons of Roopkund Lake in the Indian Himalayas. I analyze ancient DNA from 38 

individuals from this high-altitude lake site and identify multiple distinct genetic groups that were 

deposited approximately 1000 years apart. This chapter highlights the ability of ancient DNA to 

study highly disturbed archaeological sites that are difficult to examine using traditional 

archaeological methods and to identify entirely unanticipated historical migrations. 
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Introduction 
Ancient DNA enables us to directly explore questions about the demography of ancient human 

groups, including genetic relationships between members of a group and migration of individuals 

between groups. This offers a new way to learn about the past, complementing previous approaches 

based on interpreting material culture. The field of ancient DNA has dramatically altered the study of 

human history. Over the last decade, as the field of ancient DNA has grown, the scope of questions 

that it has been used to address has also expanded, from answering broad questions about human 

evolution and population movements, to more nuanced analyses of demographic changes over short 

periods of time, small geographic areas, and even within group dynamics. In this thesis, I contribute 

to the further development of the field of ancient DNA by conducting a formal assessment of a 

popular population genetic tool used in the analysis of ancient DNA data and by exploring two novel 

applications of ancient DNA to the in-depth study of specific archaeological sites.  

Early genome-wide ancient DNA studies reported on only a single or small number of ancient 

genomes, due to technological limitations that made the sequencing of even a small amount of ancient 

DNA extremely challenging. Therefore, the earliest ancient DNA studies focused on relatively broad 

questions about the human past that could be answered by examining a single or small number of 

ancient genomes, including determining whether or not admixture between anatomically modern 

humans and other archaic hominins, known as Neanderthals and Denisovans, ever took place1-4. While 

information gleaned from small numbers of ancient genomes enabled researchers to begin to explore 

important questions about the human past5-8, many interesting questions remained that could not be 

answered without access to larger datasets.  
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Over the last decade, technological innovations in sampling9-13, DNA extraction14,15, library 

preparation16-19, targeted enrichment capture6,8,20,21 and sequencing19 methodologies have made it 

possible to generate ancient DNA data on a large scale. These innovations enabled researchers to 

analyze ancient genomes from multiple individuals from a single population, region or time period, 

allowing them to ask increasingly complex questions about the past.  

The first large scale ancient DNA studies tackled demographic changes that occurred during the 

Bronze Age in Eurasia20,22. These studies identified a previously undocumented migration that is likely 

associated with the spread of Indo-European languages throughout much of West Eurasia. These 

largescale ancient DNA analyses not only revolutionized the field of human population genetics, but 

also linguistics and archaeology. Subsequent large scale ancient DNA studies have focused on vast 

geographic areas, including Europe23-29, the Near East30,31, Asia32-36, Africa37,38, Oceania39,40, and the 

Americas41,42. In each of these studies, a primary goal has been to provide a broad overview of the 

genetics of a particular region during a specific time period or across multiple time periods.  

The total number of published 

ancient genomes has rapidly 

increased over the last decade 

(Figure 0.1), resulting in dramatic 

changes in our understanding of 

the genetic history of the world and 

the way in which the human past is 

studied. As population level 

ancient DNA becomes more 

widely available, it is becoming 

 

Figure 0.1 Cumulative Number of Published Ancient Human 
Genomes from 2010-2019 

Based on data reported in ref. 43 
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possible to use this data to answer a larger variety of questions about the human past. This thesis 

directly addresses the changing field of ancient DNA. In Chapter 1, I rigorously test the performance 

of qpAdm, a popular statistical tool that was developed for modeling admixture between ancient 

populations. In Chapters 2 and 3, I present two case studies that highlight the utility of ancient DNA 

for addressing site-specific questions. 

As the field of ancient DNA developed, the rapid increase sequencing capacity led to a corresponding 

need for the development of tools for the analysis of this data. In particular, a need emerged for 

specialized tools for modeling population histories that involve admixture. While many admixture 

modeling tools existed44,45, it became increasingly difficult to analyze ancient DNA using these 

methods, as many tools made assumptions about the user’s ability to specify the entire population 

history before or during analysis. As this requirement became harder to satisfy, the need for a tool that 

could identify plausible admixture models and estimate admixture proportions became increasingly 

apparent. In order to satisfy this need, the tool qpAdm was developed and released as part of a study 

of Bronze Age Eurasia20. However, its performance was never formally tested on data with a known 

population history. 

Since its release, qpAdm has been widely implemented, and has been generally found to produce 

results that are consistent with other statistical tools. However, many questions remain about its 

performance and how it can best be implemented. Therefore, in Chapter 1, I examine the performance 

of qpAdm using simulated data, showing that it is a robust tool that can be used to identify optimal 

admixture models and estimate admixture proportions. In addition to determining whether the results 

produced by qpAdm match theoretical expectations, I also provide recommendations for best 

practices for use and a detailed user guide, helping to make qpAdm accessible to a wider audience.  
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As ancient DNA becomes more readily available, a shift is also occurring in the kinds of questions 

that can be answered using this data. While many existing studies focus on understanding broad 

regional or continental demographic patterns, recently there has been a shift towards more localized 

studies, focusing on only a single or a few archaeological sites. In Chapters 2 and 3, I present two 

studies that serve as excellent examples of the directions these new highly localized ancient DNA 

studies can take.  

In Chapter 2, I present and analyze genome-wide ancient DNA from 22 individuals from Peqi’in Cave, 

a Chalcolithic burial site in present-day Israel. This data represents the first published ancient human 

DNA from the Levant dating to the Chalcolithic Period (i.e. the Copper Age), helping to fill in a 

temporal gap in the ancient DNA record from the region, making it possible to clarify the timing of 

migration events in the Levant. A major question relating to the Chalcolithic period in the Levant is 

whether cultural changes apparent in the archaeological record were the result of movements of 

people into the region or cultural diffusion (i.e. the spread of ideas, but not people)46-53. This period in 

the Levant is defined by artifacts that are not observed in earlier archaeological sites from within the 

region but instead have strong affinities to contemporary and earlier cultures from Iran and 

Anatolia46,47. Peqi’in Cave in particular represents one of the largest assemblages of Chalcolithic Period 

artifacts with these non-local affinities54,55. In this chapter, I use ancient DNA to explore the ancestry 

of the Peqi’in individuals, highlighting the power of ancient DNA to provide insights into 

longstanding archaeological questions.  

Chapter 3 represents a novel application of ancient DNA to the study of highly disturbed sites, that 

are otherwise difficult to analyze using traditional archaeological methods. In this chapter, I present 

ancient DNA from 38 individuals from Roopkund Lake, a high-altitude site in the Indian Himalayas 

that is home to the scattered remains of several hundred humans of unknown origin. Prior to this 
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study, no formal analyses of the skeletons of Roopkund Lake had been published, in part due to the 

extreme challenges associated with studying this site, including the relative inaccessibility of the site, 

which is located 5,000 meters above sea level56, and the high level of disturbance that the site has 

experienced due to both natural (i.e. rockslides)57 and human (i.e. looting)58 causes. In this chapter, I 

show how ancient DNA and other biomolecular tools can be used to shed light on the history of 

otherwise difficult to study sites.  

In summary, the body of work included in this thesis helps to advance the field of ancient DNA. In 

Chapter 1, I explore the performance of a commonly used tool in the study of ancient DNA and make 

it more accessible to future users. Then in Chapters 2 and 3, I demonstrate the ability of ancient DNA 

to provide novel insights into the history of specific archaeological sites. These studies highlight the 

types of questions that large-scale ancient DNA analysis can be used to address. Each of these chapters 

will help to inform the trajectory of the field of ancient DNA as it continues to develop. 
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Abstract: qpAdm is a statistical tool for studying the ancestry of populations with histories that 

involve admixture between two or more source populations. Using qpAdm, it is possible to identify 

plausible models of admixture that fit the population history of a group of interest and to calculate 

the relative proportion of ancestry that can be ascribed to each source population in the model. 

Although qpAdm is widely used in studies of population history of human (and non-human) groups, 

relatively little has been done to assess its performance. We performed a simulation study to assess 

the behavior of qpAdm under various scenarios in order to identify areas of potential weakness and 

establish recommended best practices for use. We find that qpAdm is a robust tool that yields accurate 

results in many cases, including when data coverage is low, there are high rates of missing data or 

ancient DNA damage, or when diploid calls cannot be made. However, we caution against co-

analyzing ancient and present-day data, the inclusion of an extremely large number of reference 

populations in a single model, and analyzing population histories involving extended periods of gene 

flow. We provide a user guide suggesting best practices for the use of qpAdm. 
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The last decade has experienced a revolution in the amount of genetic data available to study from 

both living and ancient organisms. Questions about the origins of populations have increased in 

complexity, often in an effort to understand histories that involve admixture, which are incompatible 

with traditional tree-like models of relatedness. qpAdm is a tool that can be used to understand the 

history of admixed populations. It has been applied to study the genetic history of human populations 

that would otherwise remain mysterious. For instance, the use of qpAdm was vital to studying the 

ancestry of the Late Bronze Age Greek culture of the “Mycenaeans”1—the subjects of the Iliad and 

Odyssey. However, little has been done to assess qpAdm’s performance under both simple and 

complex scenarios. 

A potential drawback of many population genetic tools for studying the population history of specific 

groups2,3 is that they require the historical relationships of all other populations included in the analysis 

to be explicitly modeled. This underlying phylogeny is either specified by the user (as in qpGraph) or 

is calculated during the analysis (as in TreeMix). This may lead to biases or errors in inferences about 

admixture if mistakes are made when specifying the underlying relationships of non-target 

populations4. This requirement for a complete and accurate population history is especially difficult to 

satisfy in studies that utilize ancient DNA, which increasingly attempt to use genetic data of limited 

quality to analyze nuanced differences between closely related groups. However, even in cases where 

it is difficult to reconstruct a full population history, it is often possible to examine patterns of shared 

genetic drift between various populations in order to learn about their relationship relative to one 

another3. qpAdm exploits this information, enabling admixture models to be tested for plausibility 

and admixture proportions to be estimated.   
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The theory underlying qpAdm, which was introduced in Haak, et al. 5, builds upon a class of statistics 

known as f-statistics3. f-statistics analyze patterns of allele frequency correlations among populations 

in order to determine whether their population histories can be described using strictly tree-based 

models, or if more complex models, such as those involving admixture, are required to explain the 

genetic data. f-statistics have been widely used in the population genetic literature and their behavior 

is well understood3,4,6-8. qpAdm harnesses the power of f-statistics to determine whether a population 

of interest (a target population) can be plausibly modeled as descending from a common ancestor of 

one or more source populations. For example, in a model with two source populations, qpAdm tests 

whether the target population is the product of a two-way admixture event between these source 

populations. The method requires a list of target and source populations and a list of additional 

reference populations which provide information about the relationships among the target and source 

populations.  

The target and source populations are collectively referred to as ‘left’ populations, due to their position 

as the left-most arguments in the f4-statistics involved in the calculations. Additionally, users must 

specify a set of ‘right’ populations that serve as references against which the relationships of the target 

and source populations are considered. Previously, ‘right’ populations were referred to as ‘outgroup’ 

populations, but we avoid this term because it suggests that reference populations should be outgroups 

in phylogenetic sense (i.e. equally closely related to all 'left' populations). In fact, if all 'right' populations 

are symmetrically related to all ‘left’ populations in this way, qpAdm will not produce meaningful 

results. The method requires differential relatedness, meaning that at least some 'right' populations 

must be more closely related to a subset of 'left' populations than to the other 'left' populations. We 

illustrate this further in Methods & Results. 
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qpAdm computes a matrix of f-statistics of all possible pairs of populations in the ‘left’ and ‘right’ sets, 

of the form f4(Lefti, Leftj; Rightk, Rightl). If the source populations are descended from n different 

ancestral populations, then the matrix of f-statistics will have a rank (a maximum number of linearly 

independent allele-frequency vectors) equal to n-15. We note that if all f4-statistics are computed from 

the same set of SNPs, which is the default mode of qpAdm, a basis for the statistics can be found 

using a matrix of reduced dimension, specifically by fixing both the target population (Lefti above) 

and Rightk.  This also improves the efficiency of the covariance calculations. qpAdm accounts for 

correlations between neighboring alleles and between related populations, measuring covariance using 

a block jackknife. For each model, it gives a p-value which is used to determine whether the proposed 

admixture model is plausible. The p-value is calculated using a likelihood ratio test comparing a 

constrained null model to an unconstrained alternative model. Specifically, it tests whether including 

the target population in the `left’ populations requires an additional independent ancestral population 

(i.e. changes the rank of the matrix of f-statistics from n-1 to n). A simple example in which this would 

be required, and the constrained model would be rejected, is when the putative target population is 

actually an outgroup to all source populations. In the constrained model, the admixed ancestral 

population of the target population is a mixture of sources.    

While qpAdm has been theoretically described5 and applied in numerous studies e.g. 1,9-17, producing 

results that are consistent with those of other population genetic methods, very little has been done 

to assess the performance of the tool when the population history is known (i.e. using simulated data). 

The only simulation-based analysis that has been previously conducted examined whether simulated 

populations—generated according to the model fitted by qpAdm, by resampling data using the source 

populations and estimated admixture proportions—behaved similarly to the real target population in 

further statistical analyses1. Although this limited example supports the use of qpAdm in population 
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genetic analyses, it did not address any of the potential limitations of the method. Here we use 

simulated genomic data to study the distributions of p-values and estimated admixture proportions 

from qpAdm, the potential of qpAdm to distinguish optimal from non-optimal models of admixture 

for a given set of samples, and the performance of qpAdm in the face of more challenging 

demographic scenarios.  

The chief purpose of qpAdm is to identify a subset of plausible models of a population’s ancestry 

from a larger set of possible models. Models are deemed implausible if they are rejected (by having a 

small p-value) or if their estimated admixture proportions fall outside the biologically relevant range 

(0,1). Thus, p-values are applied in a non-standard statistical way. Users propose a range of possible 

models, in which they attempt to model the target population using a variety of different combinations 

of populations as sources, then eliminate implausible models.  The set of plausible models are the ones 

which are not rejected, meaning they have p-values greater than the chosen significance level, which is 

usually 5%.  To illustrate, Box 1 describes how an analogous technique might be applied to identify 

plausible values of the (unknown) probability of heads for a coin.  

Identical to standard statistical methods, this approach will work best when the p-values generated by 

qpAdm follow a uniform distribution, if the correct admixture model is specified.  Then the correct 

model will be rejected 5% of the time when a threshold of p<0.05 is applied.  For other plausible but 

less-optimal models, the distribution of p-value is not expected to be uniform but should have an 

appreciable chance of being above the 5% cutoff. The distribution of p-values for implausible or 

incorrect models should fall largely below the 5% cutoff. While experience suggests that the p-values 

generated by qpAdm are reasonably consistent with these expectations, in this work we perform the 

first systematic test of these ideas.  
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Box 1. Coin flipping analogy.  
 
Imagine that we wish to know which of several possible models (here values, p0) of the probability 
of heads best describes the behavior of a coin. The actual value is unknown and the coin may be 
unfair. To mimic what is done in qpAdm, we might specify a set of possible models, for instance 
with probabilities of heads equal to 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, or 0.9. To determine which 
of the possible models are plausible for the coin, we flip it multiple times and count the number of 
heads we observe. The probability of observing that number of heads under each of the possible 
models would be given by the binomial distribution. Again by analogy with qpAdm, we could assess 
the plausibility of each model by a generalized likelihood ratio test of each null model against the 
unconstrained alternative.  
 
If we flip the coin 10 times, and it lands on heads 7 times, using a p-value threshold of 0.05, we can 
already eliminate 0.1-0.4 and 0.9 as potential models of the probability of heads for our coin (Table 
1.1). By increasing the number of flips to 100, if we observe 73 heads, we can further eliminate 0.5 
and 0.6, leaving only 0.7 and 0.8 as plausible models for the probability of heads of the coin. As 
with this analogy, qpAdm identifies a set of plausible models by not rejecting null hypotheses 
(possibly by what would be Type II error in a standard statistical test).  
 
Note that in this coin flipping analogy, any model which did not have the exactly correct probability 
of heads would eventually be rejected if enough data were collected.  Our findings in the main text 
suggest that this particular problem is not an issue for qpAdm, which specifies models in a different 
way and which admits a range of similar, plausible models even using whole-genome data. 
 
 

Table 1.1 Using a generalized likelihood-ratio test of H0:p=p0 to identify 
plausible models for the probability of heads of a coin 

Models (p0) for the 
probability of 

heads 

P-values from a generalized likelihood ratio 
test of H0:p=p0 against the unconstrained 

alternative  
Number of flips 10 100 

Number of heads 7 73 
0.1 < 0.001 < 0.001 
0.2 < 0.001 < 0.001 
0.3 < 0.001 < 0.001 
0.4 0.007 < 0.001 
0.5 0.070 < 0.001 
0.6 0.353 0.006 
0.7 1.000 0.508 
0.8 0.289 0.092 
0.9 0.013 < 0.001 

 
Models that produce p-values greater or equal to 0.05 are highlighted in 
blue, while those that are less than 0.05 are highlighted in red. 
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Similarly, although the estimated admixture proportions calculated by qpAdm appear generally 

consistent with values generated using other statistics, the accuracy of these estimates have never been 

rigorously tested. Of particular interest is the accuracy of these estimates when calculated on low 

quality data, as qpAdm is often applied to the study of ancient DNA, which is characteristically low 

coverage, may have a high rate of missing data, and is susceptible to deamination of cystosine 

nucleotides (manifesting in sequence data as cytosines being misread as thymines). Further, ancient 

DNA is often subject to a complex ascertainment process that could potentially bias statistical 

analyses. We explore the impact of each of these factors on the admixture proportions estimated by 

qpAdm.  

Additionally, while one of the main features of qpAdm is its ability to distinguish between optimal and 

non-optimal models for a group’s population history, there are no formal recommendations about 

what strategy should be employed to compare models. We therefore consider two of the most 

commonly employed strategies for model comparison, highlighting their potential benefits and 

weaknesses.   

Finally, we conclude by exploring non-standard cases where the expected behavior of qpAdm is poorly 

understood, such as the impact of including a large number of populations in the reference population 

set and the behavior of qpAdm when applied to population histories that involve continuous gene 

flow rather than single pulses of admixture.  

We show that qpAdm reliably identifies population histories involving admixture and accurately infers 

admixture proportions. It is robust to low coverage, high rates of missing data, DNA damage (when 

occurring at similar rates in all populations), the use of pseudo-haploid data, small sample size, and 

ascertainment bias.  We also identify some issues with naive applications of qpAdm. One of these 
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issues is that multiple plausible scenarios may be found most of which are not the truth because 

qpAdm uses non-rejection of null models as its criterion for plausibility. Another of these issues is 

that true models may be rejected if samples from too many populations are included in the analysis. 

A third is that qpAdm results may be difficult to interpret and even misleading under conditions of 

continuous gene flow. In order to help guard against these potential pitfalls and make this tool more 

accessible to users, we include an updated user guide for qpAdm (Supplementary Note 1.1) and make 

specific recommendations for best practices for use.   

Methods and Results 

Data Generation  

We used msprime version 0.7.118 to simulate genome-wide data using the TreeSequence.variants() 

method, which provides information about all mutations arising in the dataset and the genotype of 

individuals at variant sites. We then converted this output to EIGENSTRAT format19. Parameters 

were chosen in order to mirror what has been estimated for humans, including a mutation rate of 

1.5x10-8 mutations per base pair per generation, recombination rate of 1.0x10-8 per base pair per 

generation, and effective population sizes between 2.5x104 and 8.0x105 (varying between populations 

and over time; see Supplementary File 1.1 for full details). We generated sequence data for 22 

chromosomes, each of the approximate length of each of the human autosomes. We simulated 2*n 

haploid individuals then combined pairs of haploid individuals to form n diploid individuals.  

In order to assess the performance of qpAdm when the population history of a group is relatively 

simple and fully understood, we simulated genetic data according to a base population tree (Figure 

1.1), consisting of 16 populations and two admixture events (one relatively recent and the other 

occurring much earlier in the population history). For the more recent admixture event, lineages 14a 



 

 20 
 

 

and 14b contribute α and 1- α proportion of ancestry to population 14, respectively. Unless otherwise 

noted, α is equal to 0.5. In the earlier admixture event, lineages 15a and 15b contribute β and 1- β 

proportion of ancestry to population 15, respectively, where β is equal to 0.55. This tree is an expanded 

version of a population tree described in Patterson, et al. 3, which was used to test the performance of 

the tool qpGraph. The exact simulation parameters we used are described in Supplementary File 1.1. 

These were chosen so that the overall level of variation (total number of SNPs) and the differentiation 

between populations (FST) were similar to what is observed for humans.  

For most of our simulations, we generated genomic data for samples taken from 10 (diploid) 

individuals from each of the 16 populations in Figure 1.1. The populations in Figure 1.1 are idealized, 

theoretical populations (see Winther, et al. 20) and are not meant to represent any particular human 

groups. Likewise, the mostly tree-like relationships of populations in Figure 1.1 simply reflect the kinds 

of historical scenarios qpAdm was designed to handle. We consider an example of non-tree-like 

structure in the section on continuous gene flow.        
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Figure 1.1 Population history of simulated data 

Populations included in the standard model used for qpAdm models are indicated as follows: target 
(red), sources (yellow), references (blue). 

Unless otherwise noted, the admixture model of interest is defined as follows; population 14 is the 

target population (the ancestry of which is being modeled), populations 5 and 9 are defined as the 

sources of this admixture, while populations 0, 7, 10, 12, and 13 are designated as reference 

populations. As none of these reference populations are more closely related to the target population 

than to either of the two source populations (i.e. the reference populations do not have any shared 

drift with the target population that is not also shared with at least one of the source populations), this 

model should be considered plausible. This model will be referred to as the standard model. Note that 
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because populations 5 and 6 are symmetrically related to population 14, both represent be equally 

good sources of its ancestry. Unless otherwise noted, population 6 will therefore be excluded from 

analyses.  

All qpAdm analyses were performed using qpAdm version 960, using default parameters, and the 

optional parameters, “allsnps: YES”, “details: YES” and “summary: YES”, unless otherwise specified. 

See Supplementary Note 1.1 for a complete description of all qpAdm parameters. 

Distribution of p-values 

qpAdm outputs a p-value that is used to determine whether a specific model of population history 

can be considered plausible. Models are rejected, or regarded as implausible, when the p-value is below 

the chosen significance cutoff (typically 0.05). In order for true models to be rejected properly at this 

nominal significance level, that is only 5% of the time, the distribution of p-values should be uniform 

when the null model is equal to the true model. However, this assumption of uniformity of p-values 

in qpAdm has never been confirmed. We therefore assessed the distribution of p-values produced by 

qpAdm by simulating 5,000 replicates under our standard model (defined in Figure 1.1) and running 

qpAdm on each replicate using the target, source and reference populations defined in the standard 

model. We find that the p-values generated by qpAdm appear uniformly distributed (Figure 1.2A; 

Supplementary Table 1.1). Using a Kolmogorov-Smirnov test, we fail to reject the null hypothesis that 

the calculated p-values are uniformly distributed (p=0.644), supporting theoretical predictions for the 

uniform distribution of p-values generated by qpAdm when an accurate model is presented. 
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Figure 1.2 Distribution of p-values generated for various qpAdm models 

The distribution of p-values generated by 5,000 replicates of qpAdm is shown for all models, except 
when sources 11 & 9 are used, in which case only 100 replicates were generated. Panel A shows the 
distribution of p-values produced by models using populations 5 & 9 as sources, which are the best 
possible sources of ancestry for population 14 out of the proposed models. Panels B-F show the 
distribution of p-values produced by models that use increasingly inappropriate source populations, 
relative to the chosen reference populations. Vertical black dotted lines indicate the p-value 
threshold of 0.05, above which qpAdm models are considered plausible. The results of a 
Kolmogorov-Smirnov test to determine whether the p-values are uniformly distributed are indicated. 

As qpAdm is often used to distinguish between optimal and non-optimal models of admixture, we 

also seek to confirm that the distribution of p-values is not uniform when an incorrect model is 

considered. We therefore examine the distribution of p-values produced when non-optimal 

populations (i.e. populations 1-4 and 11) are used as sources instead of population 5. As populations 

1-4 share more genetic drift with reference population 0 than the true source population (and similarly 

because population 11 shares less drift with population 0 than the true source population), we expect 

that the distribution of p-values produced by qpAdm should be biased towards zero when these 

populations are used as sources (with population 11 producing the strongest bias). We ran these non-
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optimal qpAdm models on the 5,000 replicate datasets described above and observe a deviation from 

a uniform distribution. In the case of populations 1-4, models that include source populations that 

share the most drift with population 0 yield p-value distributions that are most strongly biased towards 

zero (Figure 1.2B-F; Supplementary Table 1.1), and as expected, p-values associated with using 

population 11 as a source are even more strongly biased towards zero. In each case, using a 

Kolmogorov-Smirnov test, we reject the null hypothesis that the p-values are uniformly distributed.  

Although the distributions of p-values deviate from a uniform distribution as expected, we also note 

that in the cases where populations 1-4 are used as potential source populations, a large proportion of 

these models are assigned p-values that would be considered plausible using 0.05 as a standard 

threshold. These results reflect the fact that populations 1-5 are all closely related (average pairwise 

FST between <0.001-0.005), therefore the inclusion of population 0 as the only reference population 

with the power to distinguish between these populations (as it is differentially related to them), may 

not be enough to reject models that use populations 1-4 as sources in all cases. In practice, if 

populations 1-5 were all proposed as potential sources and qpAdm assigned plausible p-values to 

multiple models, further analysis would be required to distinguish between these models. Further, we 

do note that when population 0 is excluded from the reference population set, all of the tested qpAdm 

models using populations 1-5 as a potential sources, produce approximately uniformly distributed p-

values, as would be expected theoretically, as populations 1-5 are all symmetrically related to all other 

reference populations (Supplementary Figure 1.1; Supplementary Table 1.2).  

While the overall distributions of p-values differ between optimal and non-optimal qpAdm models, 

we note that for individual replicates the most optimal model is not necessarily assigned the highest 

p-value. We find that the p-value associated with the best model (sources 5 & 9) produces the highest 

p-value in only 48% of cases (Supplementary Table 1.1). Therefore, in cases where multiple models 
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are assigned plausible p-values (i.e. p ≥ 0.05), we caution that p-value ranking (i.e. selecting the model 

that is assigned the highest p-value) should not be used to identify the best model. Methods for 

distinguishing between multiple models will be discussed further in the section on comparing 

admixture models. 

Accuracy of Admixture Proportion Estimates 

In addition to generating informative p-values, it is essential that qpAdm generates accurate admixture 

proportion estimates. This has also not been formally tested using simulated data. We therefore 

simulate genetic data according to the population tree shown in Figure 1.1, varying the proportion of 

admixture (α) occurring in the lineage ancestral to population 14 between 0.0-1.0 at intervals of 0.1 

with 20 replicates per interval. We find that the estimated admixture proportions are extremely close 

to the actual simulated admixture proportions for all values of α (Figure 1.3A; Supplementary Table 

1.3). In 99.3% of cases (220 total), the estimated α is within 3 standard errors of the simulated α, 

consistent with theoretical expectations, with an average standard error of 0.0092 [range: 0.008-0.011]. 

These results indicate that qpAdm accurately estimates admixture proportions, regardless of the level 

of admixture, and that the standard errors produced by qpAdm are well calibrated. However, we 

recognize that in practice, users of qpAdm have access to a much less complete dataset. Therefore, 

we modify the data in order to explore the performance of qpAdm when applied to data of lower 

coverage and quality. 
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Figure 1.3 Accuracy of Admixture Proportion Estimates 

Box and whisker plots showing the estimated values of admixture proportion (alpha) generated by 
qpAdm for varying simulated alphas. Only alpha 0.5 is shown for panels B-E, however all alphas 0-
1 are reported in the corresponding Supplementary Tables. For each simulated alpha, 20 replicates 
of qpAdm are performed for each condition. [A] Estimates produced by qpAdm when run on the 
entire dataset and after randomly down-sampling to 1 million, 100 thousand, and 10 thousand SNPs. 
All subsequent analyses are performed on the 1 million SNP downsampled dataset [B] Estimates 
produced by qpAdm where some proportion (0%, 10%, 25%, 50%, 75% or 90%) of data is missing 
in each individual. [C] Estimates produced by qpAdm in both diploid and pseudo-haploid form. [D] 
Estimates produced by qpAdm where 5% ancient DNA damage is simulated in a subset of 
populations (14, 14+5+9, 14+0+7+10+12+13, 5+9+0+7+10+12+13, 0+7+10+12+13, and All 
populations). [E] Estimates produced by qpAdm, where only a single individual is sampled from 
varying populations (14, 5, 9, 5+9, 0, 0+7+10, and all populations).  

Each simulation contains an average of ~30 million SNPs. In order to understand the performance 

of qpAdm with less data, we randomly down-sample the complete dataset to produce analysis datasets 

of 1 million, 100 thousand, and 10 thousand sites. In all cases, the average admixture proportion 
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estimate generated is extremely close to the simulated α, although we do observe an increase in the 

amount of variance in the individual estimates as the amount of data analyzed decreases (Figure 1.3A; 

Supplementary Table 1.3). In order to increase computational efficiency and to better approximate 

typical analysis datasets, all subsequent analyses are performed on the data that has been randomly 

down-sampled to 1 million sites. We observe similar results when using non-random ascertainment 

schemes to select sites for analysis (Supplementary Table 1.4). The impact of non-random 

ascertainment schemes on qpAdm analyses are described in more detail in a later section.   

We find that qpAdm is robust to missing data, where data from randomly selected sites in each 

individual is considered missing with rate 10%, 25%, 50%, 75% or 90% (Figure 1.3B; Supplementary 

Table 1.5). Additionally, we find that pseudohaploidy—a common feature of ancient DNA, where 

due to low sequencing coverage, a haploid genotype is determined by randomly selecting one allele at 

each diploid site and assigning that to be the genotype—has little impact on admixture estimates 

(Figure 1.3C; Supplementary Table 1.6).  

Ancient DNA is also subject to deamination, resulting in C-to-T or G-to-A substitutions appearing in 

transition sites. In the 1.2 million SNP sites that are commonly targeted in ancient DNA analysis, 

approximately 77.6% of sites are transitions5,21,22. We therefore randomly defined 77.6% of simulated 

sites to function as transitions. For each of these transition sites, in each individual, if the allele at that 

position is of the reference type, it was changed to the alternative type with 5% probability, mimicking 

the unidirectional change in allelic state caused by ancient DNA damage. We find that admixture 

proportion estimates produced by qpAdm are relatively robust to the presence of ancient DNA 

damage in cases where all populations exhibit an equal damage rate (Figure 1.3D; Supplementary Table 

1.7). However, in cases where the target (population 14) and source (5 + 9) populations have a 

different rate of ancient damage the estimated admixture proportions are biased. This bias reflects 
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attraction between populations on the left and right sides of the f4-statistics calculated by qpAdm and 

is not unexpected. The effects of differential rates of ancient DNA damage between populations on 

qpAdm analyses are explored further in a later section. 

Another concern that is common among ancient DNA analyses is small sample size. We therefore 

explore the effect of reducing the sample size of various populations in the analysis from ten 

individuals down to a single individual. We find that admixture estimates are relatively robust to this 

reduced sample size regardless of whether the target (population 14), source (population 5, 9, or 5 + 

9) or reference (population 0 or 0 + 7 + 10) set has only a single individual sampled (Figure 1.3E; 

Supplementary Table 1.8). Reducing the target sample size to a single individual appears to have the 

greatest effect for all cases where only the sample size of a single population was reduced. Further, we 

see that when only a single individual is sampled from every population, the admixture proportion 

estimates vary the most between replicates, however, the mean of these estimates fall close to the true 

α, suggesting that small sample size does not result in an upward or downward bias in the admixture 

proportion estimates produced by qpAdm. 

While none of the factors considered here result in biased admixture proportion estimates (except for 

when ancient DNA damage is present non-uniformly across populations), we caution that the increase 

in variance associated with each of these forms of reduced data quality is likely to be additive, so 

models relying on data with high rates of missingness, damage and very small sample sizes should be 

interpreted with caution. 

Comparing Admixture Models  

One of the major applications of qpAdm is to identify an optimal admixture model, out of a variety 

of proposed possible models, many of which may be deemed plausible by qpAdm. However, no 
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formal recommendations have been made about what strategy to use when comparing models. We 

therefore explore two commonly employed approaches for comparing admixture models in order to 

make recommendations for best practices in qpAdm usage.  

One of the most typical implementations of qpAdm involves the selection of a set of differentially 

related populations to serve as the base set of reference populations. This base set of reference 

populations is often chosen to represent key positions in the known population history (i.e. the ‘O9’ 

reference set defined in Lazaridis, et al.9). A non-overlapping set of source populations is then defined, 

and qpAdm models involving different combinations of source populations and the base set of 

reference populations are tested. Using this method, multiple models may meet the criteria to be 

considered plausible, and the most optimal model is identified by adding additional reference 

populations to the base set of references, which are selected for their differential relatedness to one or 

more of the source populations in the set of potentially plausible qpAdm models.  

While this strategy is relatively straightforward and widely implemented e.g. 9,15, it has several 

drawbacks. In particular, because a population cannot simultaneously serve as a source and reference 

population, this strategy either requires that populations that are placed in the base set of reference 

populations are not considered as potential source populations (meaning it is possible that the best 

source population would be entirely missed if it were selected to serve in the reference population set) 

or that potential source populations be selectively removed from the reference population set so that 

they can be used as source populations for some models. This strategy results in the creation of some 

models that are not equivalent, and therefore are difficult to compare.   

An alternative to the “base” reference set strategy that has been implemented in order to avoid these 

problems is to create a set of “rotating” models in which a single set of populations is selected for 
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analysis e.g. 11,23. From this single set of populations, a defined number of source populations are 

selected, and all other populations then serve in the reference population set for the model. Under 

this “rotating” scheme, populations are systematically moved from the set of reference populations to 

the set of sources. Thus, all population models are generated using a common set of principles and 

are therefore more easily directly compared. In order to compare the performance of these two 

strategies (“base” versus “rotating”), we again focus on the population history of population 14 (Figure 

1.1). 

For the “base” reference approach, we continue to use the base set of reference populations as 

previously defined (populations 0, 7, 10, 12, and 13), all other populations are considered to be 

potential source populations. We used qpAdm to test all possible combinations of two source 

populations. We ran each of these qpAdm models on the data generated using the standard population 

history with α=0.50, with 20 replicates. Among these 20 replicates, qpAdm identified the optimal 

model, in which populations 5 and 9 serve as source populations, as plausible in 19 cases (Figure 1.4; 

Supplementary Table 1.9). However, there are also a large number of other population models that 

are consistently deemed plausible; for example when population 8 is used as a source (in conjunction 

with population 5) instead of population 9, 90% of the models are deemed plausible. The high rate of 

acceptance of this model is fully consistent with expectations, because while population 9 is more 

closely related to the true source population, populations 8 and 9 are symmetrically related to all of 

the reference populations included in the model, and therefore are indistinguishable using this 

approach (unless data from a population that differentially related to these two populations could be 

added to the model). Models that include populations 1-4 (in combination with populations 8 or 9) 

were also frequently identified as plausible. These results suggest that the inclusion of population 0 as 

a reference does not provide enough information to differentiate between these potential source 
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populations and the true optimal source (population 5). Therefore, the next step in a qpAdm analysis 

that utilizes the base model approach would be to add additional reference populations that are 

differentially related to populations 1-5 in order to help differentiate between the remaining possible 

models.  

In contrast, we find that under a “rotating” model, where all populations (except for population 6 

because it is phylogenetically a clade with source 5) were selected to serve as either a source or a 

 
Figure 1.4 Comparing qpAdm models using various approaches 

A heatmap showing the proportion replicates in which the 2-way admixture model generated using 
each combination of possible source populations is deemed plausible by qpAdm (i.e. yielded a p-
value > 0.05 and admixture proportion estimates between 0-1). The lower triangle shows results 
generated using the base set of reference populations (0, 7, 10, 12, and 13), while the upper triangle 
shows results generated the rotating model approach. The proportion of replicates deemed plausible 
is indicated by the color (darker shades indicate a higher proportion) and is written inside each 
square of the heatmap. The optimal admixture model(s) for each of the approaches are highlighted 
in red. 
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reference population, all models that included populations 5 and 9 as sources were identified as 

plausible. In contrast all other population models were rejected (Figure 1.4; Supplementary Table 

1.10). The inclusion of the optimal source populations (5 & 9) as references in all other models enables 

qpAdm to differentiate between models that would otherwise be indistinguishable (such as 

differentiating between populations 8 and 9 and between populations 1-5). Further, in cases where 

optimal source populations are not available (i.e. if both populations 5 and 6 are excluded from the 

model), qpAdm still identifies closely related models as plausible (such as those involving admixture 

between population 9 and populations 0-4), suggesting that this rotating approach is not overly 

stringent in cases where optimal data are not available (Supplementary Table 1.11). Due to the relative 

simplicity of the rotating model approach and the increased ability to identify the optimal admixture 

model when using it, we recommend utilizing a rotating strategy when possible. 

Ascertainment bias and “rotating” model selection. In order to understand the impact of ascertainment bias 

on model selection, we repeated this analysis on data that was ascertained from the full dataset using 

several non-random ascertainment strategies, including ascertaining on sites that were found to be 

heterozygous in a single individual from [1] the target (population 14), [2] a source (population 5), and 

[3] two populations that are uninvolved in the admixture event (population 10 and 13). The individual 

used for data ascertainment was excluded from subsequent analyses. In all cases, using the rotating 

approach previously described, only models that use populations 5 and 9 as sources are deemed 

plausible (Figure 1.5; Supplementary Table 1.12), suggesting that ascertainment bias is unlikely to cause 

users to identify inappropriate models as plausible. Further, the optimal model was identified as 

plausible in at least 90% of replicates using all ascertainment strategies, suggesting that qpAdm is 

robust to ascertainment bias. These results are consistent with previous findings that f4-statistics, 

which are used for all qpAdm calculations, are robust to biased ascertainment processes3.  
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Figure 1.5 Effect of ascertainment bias on qpAdm model selection 

Heatmaps showing the proportion of replicates in which the 2-way admixture model generated using 
each combination of possible source populations is deemed plausible by qpAdm (i.e. yielded a p-
value > 0.05 and admixture proportion estimates between 0-1) on SNP data that is ascertained from 
a heterozygous individual in a single population, [A] population 14 (target), [B] population 5 
(source), [C] population 10 and [D] population 13. The proportion of replicates deemed plausible is 
indicated by the color (darker shades indicate a higher proportion) and is written inside each square 
of the heatmap. The optimal admixture model for each of the approaches are highlighted in red. 
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Missing data and the “allsnps” option of qpAdm. We also explored the effect of qpAdm’s “allsnps” option 

when working with samples with a large amount of missing data. If the default “allsnps: NO” option 

is selected, qpAdm only analyzes sites that are shared between all target, source, and reference 

populations that are included in the model. In contrast, if “allsnps: YES” is selected, every individual 

f4-statistic is calculated using the intersection of SNPs that have available data for the four populations 

that are involved in that particular calculation, therefore every f4-statistic is calculated using a unique 

set of sites. The “allsnps: YES” parameter is commonly used in cases where one or more populations 

in the analysis dataset has a high rate of missing data, in order to increase the number of sites analyzed. 

However, this causes the underlying calculations performed by qpAdm to deviate from those on which 

the theory is based, and the effect of this change in calculations on admixture proportions estimated 

by qpAdm and on optimal model identification is not well studied.  

We explore the effects of this parameter, using simulated data with admixture proportion α =0.50 and 

rates of missing data equal to either 25%, 80%, 85% or 90% for all individuals across 1 million SNP 

sites. We implemented the rotating model for both the “allsnps: YES” and “allsnps: NO” options (all 

previous analyses used the “allsnps: YES” option). Comparing all possible models using the rotating 

approach, we find that the results produced when using the “allsnps: YES” and “allsnps: NO” options 

are similar when the rate of missing data is low (i.e. 25%) (Figure 1.6A; Supplementary Table 1.13). 

The optimal model (with sources 5 and 9) was identified as plausible in 95% of cases and no other 

models were deemed plausible for both options. Further, the admixture proportion estimates 

produced in both cases are relatively similar, with average standard errors of 0.006 in both cases. The 

similar performance of the “allsnps: YES” and “allsnps:NO” options in this case is likely due to the 

relatively large sample size (10 individuals per population) used in the analysis. With 25% missing data, 

the expected number of SNPs to be included the analysis when the “allsnps: YES” option is selected 
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is 1 million. This number is only slightly reduced, to 999,985.7, when the “allsnps: NO” option is 

selected.  

In contrast, when the rate of missing data is elevated (i.e. 80%, 85% or 90%), a difference in 

performance between the “allsnps: YES” and “allsnps: NO” options was observed.  In each case, 

when the rate of missing data increased, the number of non-optimal models that were identified as 

plausible also increased (Figure 1.6B-D). These changes were more dramatic when the “allsnps: NO” 

parameter was used, further we observe a greater increase in the standard errors associated with 

admixture proportion estimates produced when using the “allsnps: NO” option, with average standard 

errors equal to 0.025, 0.066, and 9.994 when analyzing data with 80%, 85%, and 90% missing data, 

respectively. In contrast, while the standard errors produced using the “allsnps: YES” option also 

increased, the increase was lower in magnitude in all cases, with standard errors of 0.015, 0.020, and 

0.035 observed, respectively. This difference in performance is likely the result of the number of SNPs 

available for analysis when using each option. When using the “allsnps: YES” parameter, the expected 

number of SNPs used in analysis of data with 80%, 85%, and 90% missing data rates remains 1 million. 

However, when using the “allsnps: NO” parameter, the expected number of SNPs used in analysis 

with each rate of missing data is only 181,987.5, 37,303.7, and 1,610.4 SNPs, respectively. These results 

suggest that the increased data provided by using the “allsnps: YES” option improves the ability of 

qpAdm to distinguish between models, without creating biases in cases where missing data is 

distributed randomly throughout the genome of all individuals.  
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Figure 1.6  Effect of the allsnps parameter on qpAdm model selection 

Heatmaps showing the proportion of replicates in which the 2-way admixture model generated using 
each combination of possible source populations is deemed plausible by qpAdm (i.e. yielded a p-
value > 0.05 and admixture proportion estimates between 0-1) on SNP data using the “allsnps: yes” 
(lower left triangle) and “allsnps: no” parameters (upper right triangle), on data with [A] 25% [B] 
80% [C] 85% or [D] 90% missing data. The proportion of replicates deemed plausible is indicated 
by the color (darker shades indicate a higher proportion) and is written inside each square of the 
heatmap. The optimal admixture model for each of the approaches are highlighted in red. 
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The effects of ancient DNA damage on model selection. In an earlier section, we show that admixture 

proportion estimates produced by qpAdm can be biased when produced using populations with 

differential rates of ancient DNA damage. We therefore explored the effects of damage on model 

comparison, using the rotating model approach. Across all cases, only models involving the optimal 

sources (populations 5 and 9) are deemed plausible, suggesting that ancient DNA damage, even when 

unevenly distributed, is unlikely to cause a user to identify a non-optimal model as plausible (Figure 

1.7; Supplementary Table 1.14). Further, when damage rates are consistent between the target and 

optimal source populations, the optimal model is identified as plausible in at least 95% of cases. 

 
Figure 1.7 Effect of ancient DNA damage on model selection 

Heatmaps showing the proportion of replicates in which the 2-way admixture model generated using 
each combination of possible source populations is deemed plausible by qpAdm (i.e. yielded a p-
value > 0.05 and admixture proportion estimates between 0-1) on SNP data. In each case [A-F] a 
given population or set of populations (14, 14+5+9, 14+0+7+10+12+13, 5+9+0+7+10+12+13, 
0+7+10+12+13 and all populations) contain ancient DNA damage at 5% of “transition” sites. The 
proportion of replicates deemed plausible is indicated by the color (darker shades indicate a higher 
proportion) and is written inside each square of the heatmap. The optimal admixture model for each 
of the approaches is highlighted in red. 
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However, when the target and source populations have differential rates of damage, this optimal 

model is almost always deemed implausible. We do note that the ancient DNA damage simulated in 

this analysis (5% ancient DNA damage rate at all “transition” sites) is relatively high, as most ancient 

DNA damage occurs at the terminal ends of DNA molecules. Therefore, these results likely represent 

an extreme case. However, these results highlight the importance of considering the effect of ancient 

DNA damage in ancient DNA analyses. In particular, we caution against designs where both ancient 

and present-day populations are included in a single qpAdm model. 

The effects of sample size on model selection. We also considered the impact of limited sample size when 

comparing models, using a rotating model approach. Using the same data shown in Figure 1.3E, where 

the sample size of the specified population(s) was reduced to 1 (Figure 1.8; Supplementary Table 1.15). 

In cases where the population(s) with reduced sample size were not involved in the admixture event 

of interest the effect of sample size reduction is minimal. Similarly, the results do not appear to be 

significantly affected when population 9 (one of the optimal source populations) experiences reduced 

sample size, suggesting that when the optimal source population is relatively differentiated from all 

other populations considered, reduced sample size has little effect. However, when source population 

5 only contained a single sampled individual, models using closely related populations as sources were 

also deemed plausible. Similarly, when the target population (14) contained only a single sampled 

individual, the proportion of non-optimal models that were identified as plausible by qpAdm 

increased. These results suggest that when the sample size is lower, particularly for target or source 

populations, qpAdm has less power to reject non-optimal models. This is likely to become an even 

greater issue in cases where populations included in qpAdm models contain only a single individual 

with large amounts of missing data. 
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Figure 1.8 Effect of reduced sample size on model selection 

Heatmaps showing the proportion of replicates in which the 2-way admixture model generated using 
each combination of possible source populations is deemed plausible by qpAdm (i.e. yielded a p-
value > 0.05 and admixture proportion estimates between 0-1) on SNP data. In each case [A-G] a 
given population or set of populations (14, 5, 9, 5+9, 0, 0+7+10, and all populations) contain only 
a single sampled individual. The proportion of replicates deemed plausible is indicated by the color 
(darker shades indicate a higher proportion) and is written inside each square of the heatmap. The 
optimal admixture model for each of the approaches is highlighted in red. 
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target population is typically unknown. Therefore, we explored the behavior of qpAdm when 

modeling the population history of unadmixed and admixed populations (populations 6 and 14, 

respectively) under various scenarios. First, we explored models in which only a single source 

population contributed ancestry to the target population, using the same rotating model as described 

previously, but only selecting a single source population for each model. In the case of the unadmixed 

population 6, we find that in 95% of cases, it can be modeled as forming a genetic clade with 

population 5, consistent with theoretical expectations (Supplementary Table 1.16). In contrast, 

population 14 is never found to form a genetic clade with any of the tested source populations 

(Supplementary Table 1.17), again consistent with expectations. However, when population 6 is 

modeled as the product of admixture between 2 source populations, we find that it is frequently 

modeled as the product of a two-way admixture between population 5 and any other source 

population, where population 5 is estimated to contribute the vast majority of ancestry to population 

6 (Supplementary Table 1.18)—in cases where these models are rejected, it is typically because 

population 5 is modeled as contributing greater than 100% of the ancestry to population 6, rather than 

due to a low p-value. We therefore stress the importance of testing all possible models with the lowest 

rank (i.e. number of source populations) using qpAdm (or the related qpWave) before proceeding to 

test models with higher rank.  

Challenging Scenarios 

While we find that qpAdm behaves as expected under standard conditions, we are also interested in 

identifying scenarios under which qpAdm might behave in unanticipated and undesirable ways. We 

therefore explore the performance of qpAdm under two challenging scenarios: when the number of 

reference populations is very large and when the relatedness of populations is not tree-like but rather 

reflects ongoing genetic exchange. 
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Number of reference populations. We were interested in the effect of assigning an extremely large number 

of populations to the reference population set. While a commonly employed method for 

distinguishing between optimal and non-optimal admixture models and reducing the standard errors 

associated with a admixture proportion estimates is to increase the number of reference populations 

included in qpAdm models e.g. 9,15, the effect of including too many reference populations in a model 

is unknown. As qpAdm generates f4-statistics involving combinations of reference populations, the 

larger the number of reference populations is, the more poorly estimated the covariance matrix of 

these f4-statistics is predicted to be. Therefore, existing guidelines for qpAdm usage recommend 

against assigning too many populations to the reference set, as the computed p-values are thought to 

be unreliable. However, how many reference populations is “too many” and what the effect of 

exceeding this number would be on the calculated p-values is unknown. 

We therefore simulated a dataset with a large number of populations by adding two additional 

population branching events, occurring 50 generations apart, to all locations on the standard 

population tree that are marked with a star in Figure 1.9A, resulting in a total of 118 total populations 

in the simulated dataset (see Supplementary File 1.2 for exact simulation parameters). After down-

sampling the simulated data to 1 million sites, we then ran qpAdm, with population 14 as the target, 

and populations 5 and 9 as sources. Populations 0, 7, 10, 12 and 13 were again assigned to serve as 

reference populations. All other populations (excluding population 6) were added, one at a time in 

random order to the reference population set, resulting in qpAdm models with between 5 and 114 

reference populations. As each new reference population was added to the model, we re-ran qpAdm 

and recorded the p-value.  

Figure 1.9B shows the change in estimated p-value as reference populations are added to the model 

for 10 separate replicates (Supplementary Table 1.19). While the p-values calculated for each replicate  
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Figure 1.9 Inclusion of a large number of reference populations 

(A) Population history of simulated data with additional populations added to tree. In all positions 
in the population history marked by a star, a population branching event occurs, forming an 
additional population. This new lineage undergoes an additional population branching event 50 
generations later, resulting in two new populations created at each location marked with a star. 
Colors indicate the populations used in the base model, with the target in red, sources in yellow, 
and initial references shown in blue.  (B) The change in p-values assigned to each model by qpAdm 
as additional reference populations are randomly added to the model. Each line tracks the p-values 
assigned to a single replicate, as the number of additional reference populations added to the base 
set of reference populations increases from 0 to 100.  
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using the original set of 5 reference populations appear to fall randomly between 0-1 (consistent with 

the uniform distribution of p-values observed in earlier analyses), we find that in all cases, as the 

number of reference populations increases the p-values eventually fall below the threshold of 0.05, 

resulting in all of the models with the maximum number of reference populations to be rejected. These 

results indicate that the inclusion of too many reference populations is likely to result in the rejection 

of qpAdm models, even in cases where the optimal source populations have been specified.  

The maximum number of reference populations that can be included in a qpAdm model before this 

effect is observed is likely to depend on the specific population history and the total amount of data 

included in the analysis. In these simulations, we find that qpAdm begins to reject models that would 

otherwise be deemed plausible when as few as 30 additional populations are added to the outgroup 

set.  These results support previous warnings against including too many reference populations in 

qpAdm models.  

Continuous gene flow. An underlying assumption of qpAdm is that population admixture occurs in a 

single pulse over a small interval of time, during which the proportion of ancestry coming from each 

of the ancestral source populations can be estimated. However, real population histories often involve 

continuous gene flow that occurs over a prolonged period of time. In this case, although the resulting 

population may have received ancestry from multiple sources, estimates of admixture proportions 

from these sources may not be meaningful.  

We therefore consider data simulated using a stepping-stone model of migration, in which neighboring 

populations exchange migrants each generation with rate, m 24. We simulated a population history 

based on this migration model (Figure 1.10A), where 6 populations (each with an effective population 

size of 10,000) split from a common ancestral population 1000 generations previously, after which 
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point migration occurred between neighboring populations. The model also includes three additional 

populations that are symmetrically related to these 6 populations, with all 9 lineages splitting from a 

common ancestral population 2000 generations in the past (see Supplementary File 1.3 for exact 

simulation parameters).  

While under this model, populations 1 and 3 have each contributed ancestry to population 2, it would 

be inaccurate to say that population 2 is the product of admixture between these two populations. The 

duration of exchange of ancestry is much longer than what is supposed in qpAdm. In addition, 

population 2 was formed in the same population-splitting event that formed populations 1 and 3, not 

as the result of admixture between distinct populations 1 and 3. Finally, by symmetry population 2 is 

just as much the source of populations 1 and 3 as either of these is the source of population 2.  

 

Figure 1.10 Continuous migration models 

(A) Population history involving continuous migration. The target, source, and reference populations 
underlined in red, yellow, and blue, respectively. (B) A heatmap showing average pairwise FST 
between each population for 20 replicates (C) A PCA plot showing the relationship between all 
populations, calculated using a single replicate (D) Admixture proportions assigned by qpAdm for a 
model with population 2 as the target, and populations 1 and 3 as sources at varying migration rates. 
(E) Histograms showing the frequency of p-values produced by this qpAdm model at varying 
migration rates. 
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Preliminary analyses of the relationships between these 9 populations using pairwise FST 19 would 

indicate that population 2 is closely related to both populations 1 and 3 (Figure 1.10B; Supplementary 

Table 1.20). Further, if populations 0-5 are plotted using PCA (Figure 1.10C; Supplementary Table 

1.21)19, population 2 appears to fall on a genetic cline between these two populations. These results 

could be interpreted as suggestions that population 2 is the product of admixture between populations 

1 and 3. While it might be possible using other f-statistics to determine that the relationship between 

these populations is not well described by a pulse admixture event4, there is nothing to prevent a naïve 

user from attempting to model this relationship as the product of admixture using qpAdm. We 

therefore explore the effects of attempting to model the ancestry of population 2 (the target 

population) as the product of admixture between populations 1 and 3 (the source populations), with 

populations 0, 4, 6, 7 and 8 classified as reference populations. 

We first consider the case of a very high migration rate (m=0.01; equivalent to 100 migrants moving 

from one population to the neighboring population per generation). Out of 20 replicates, qpAdm 

identifies the proposed model as plausible in 90% of cases, suggesting that qpAdm cannot always 

distinguish between population histories that involve continuous migration and those involving pulses 

of admixture. Further, qpAdm assigns admixture proportions of approximately 50% to each source 

population, which is sensible because each population does contribute roughly equal amounts of 

ancestry to the target population (Figure 1.10D-E; Supplementary Table 1.22). When we consider 

lower migration rates (m=0.001 and m=0.0001) we observe similar admixture proportion estimates, 

but all of the p-values fall well below the 0.05 threshold, suggesting that with lower rates of migration, 

qpAdm will reject admixture as a plausible model when the actual history involves continuous 

migration.  



 

 46 
 

 

These results suggest that users should be sure to consider alternative demographic models to pulse 

admixture, even in cases when qpAdm produces admixture proportion estimates and p-values that 

appear plausible. This scenario likely represents just one of many cases in which qpAdm identifies 

plausible admixture models for populations that were not formed via admixture, therefore, we caution 

that users should use additional tools, in conjunction with or prior to qpAdm analysis, to determine 

whether admixture is a likely demographic scenario. 

Discussion  

We find that qpAdm can accurately identify plausible admixture models and estimate admixture 

proportions when applied to simulated data, matching previous theoretical expectations 5. When an 

appropriate admixture model is suggested, qpAdm calculates p-values that follow a uniform 

distribution, suggesting that a cut off value of 0.05 will result in the acceptance of a correct model in 

95% of cases. Additionally, qpAdm estimates admixture proportions with high accuracy, even when 

calculated on datasets with a limited number of SNPs, high rates of missingness or damage (when 

occurring at similar rates in all populations), or when analyses are performed on pseudo-haploid data 

or on data that is subject to strong ascertainment bias. Additionally, while the use of populations with 

small sample sizes does increase the variance in admixture proportion estimates, admixture proportion 

estimates appear unbiased.  

Further, we tested two commonly used strategies for identifying the best admixture model using 

qpAdm—base and rotating—and find that both strategies can distinguish between plausible and 

implausible models. However, the rotating strategy is better able to distinguish between plausible and 

implausible models, particularly when the potential source populations are closely related. We 

therefore recommend users implement a rotating model comparison strategy when possible. It is 
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important to note that the results from qpAdm are always going to depend on the availability of 

samples. Thus, even if the rotating strategy points to one particular model as the optimal model for a 

given dataset, this should not be taken as proof that the source populations identified are the actual 

best sources populations. For example, in Figure 1.1, if data were available from population 8 and not 

from population 9, the rotating model would identify populations 5 and 8 as the optimal sources of 

population 14. This would be correct, given the samples available, but it would come as no surprise if 

data from population 9 subsequently became available and it was deemed a better source than 

population 8. A number of examples exist in which previously identified qpAdm models have been 

refined when ancient DNA from new populations has become available, including in the Levant15,16 

and Sardinia5,25-27. 

While qpAdm’s ability to identify the optimal admixture model is affected by data quality, including 

the amount of missing data, the number of individuals in an analysis population, and the rate of ancient 

DNA damage, none of these factors ever bias qpAdm towards accepting a non-optimal model and 

rejecting the optimal model. Instead, we find that high rates of missing data or small sample size may 

make it more likely for qpAdm to accept multiple models. On the other hand, ancient DNA damage 

appears to cause qpAdm to be too stringent when it occurs at differential rates in the target and 

optimal source populations, often rejecting models that should be considered optimal, and resulting 

in biased admixture proportion estimates. While these results show that improving data quality and 

carefully curating data prior to analysis should be a priority of qpAdm users, they are promising as 

they suggest that data quality issues are unlikely to causes users to infer an incorrect model of 

admixture using qpAdm.   

Although we find that the performance of qpAdm matches theoretical predictions under standard 

conditions, we also highlight several cases in which users should exercise caution. For instance, we 
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find that users should attempt to limit the number of reference populations included in a qpAdm 

model, as the inclusion of too many reference populations may result in lowered p-values. Further, we 

show that qpAdm may produce plausible admixture proportion estimates and p-values in cases where 

the population of interest was not formed via admixture, such as the case of continuous migration, 

therefore users should be careful to consider whether alternative demographic models may better 

explain their data. 

Overall, we find that qpAdm is a useful tool for identifying plausible admixture models and estimating 

admixture proportions, and that its performance matches theoretical expectations. qpAdm is 

particularly useful because it can be used in cases where the underlying population history of all the 

populations included in the analysis is difficult to determine and can therefore be used in cases where 

it may not be possible to use other tools for modeling population histories that involve admixture, like 

qpGraph and TreeMix. We include an updated user guide for qpAdm in Supplementary Note 1.1 in 

order to make this method more accessible to future users. 
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Abstract: The material culture of the Late Chalcolithic period in the southern Levant (4500–3900/ 

3800 BCE) is qualitatively distinct from previous and subsequent periods. Here, to test the hypothesis 

that the advent and decline of this culture was influenced by movements of people, we generated 

genome-wide ancient DNA from 22 individuals from Peqi’in Cave, Israel. These individuals were part 

of a homogeneous population that can be modeled as deriving ~57% of its ancestry from groups 

related to those of the local Levant Neolithic, ~17% from groups related to those of the Iran 

Chalcolithic, and ~26% from groups related to those of the Anatolian Neolithic. The Peqi’in 

population also appears to have contributed differently to later Bronze Age groups, one of which we 

show cannot plausibly have descended from the same population as that of Peqi’in Cave. These results 

provide an example of how population movements propelled cultural changes in the deep past.  
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The material culture of the Late Chalcolithic period in the southern Levant contrasts qualitatively with 

that of earlier and later periods in the same region. The Late Chalcolithic in the Levant is characterized 

by increases in the density of settlements, introduction of sanctuaries1-3, utilization of ossuaries in 

secondary burials4,5, and expansion of public ritual practices as well as an efflorescence of symbolic 

motifs sculpted and painted on artifacts made of pottery, basalt, copper, and ivory6-9. The period’s 

impressive metal artifacts, which reflect the first known use of the “lost wax” technique for casting of 

copper, attest to the extraordinary technical skill of the people of this period10,11.  

The distinctive cultural characteristics of the Late Chalcolithic period in the Levant (often related to 

the Ghassulian culture, although this term is not in practice applied to the Galilee region where this 

study is based) have few stylistic links to the earlier or later material cultures of the region, which has 

led to extensive debate about the origins of the people who made this material culture. One hypothesis 

is that the Chalcolithic culture in the region was spread in part by immigrants from the north (i.e., 

northern Mesopotamia), based on similarities in artistic designs12,13. Others have suggested that the 

local populations of the Levant were entirely responsible for developing this culture, and that any 

similarities to material cultures to the north are due to borrowing of ideas and not to movements of 

people2,14-19.  

To explore these questions, we studied ancient DNA from a Chalcolithic site in Northern Israel, 

Peqi’in (Figure 1a). This cave, which is around 17m long and 4.5–8.0m wide (Figure 1b), was 

discovered during road construction in 1995, and was sealed by natural processes during or around 

the end of the Late Chalcolithic period (around 3900 BCE). Archeological excava- tions have revealed 

an extraordinary array of finely crafted objects, including chalices, bowls, and churns, as well as more 

than 200 ossuaries and domestic jars repurposed as ossuaries (the largest number ever found in a single 
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cave), often decorated with 

anthropomorphic designs 

(Figure 1c)20,21. It has been 

estimated that the burial 

cave contained up to 600 

individuals22, making it the 

largest burial site ever 

identified from the Late 

Chalcolithic period in the 

Levant. Direct radiocarbon 

dating suggests that the cave 

was in use throughout the 

Late Chalcolithic (4500–

3900 BCE), functioning as a 

central burial location for 

the region21,23.  

Previous genome-wide 

ancient DNA studies from 

the Near East have revealed that at the time when agriculture developed, populations from Anatolia, 

Iran, and the Levant were approximately as genetically differentiated from each other as present- day 

Europeans and East Asians are today24,25. By the Bronze Age, however, expansion of different Near 

Eastern agriculturalist populations—Anatolian, Iranian, and Levantine—in all directions and 

admixture with each other substantially homogenized populations across the region, thereby 

 

Figure 2.1. Site background 

[a] Location of the site of Peqi’in Cave. [b] Photo of the interior of 
Peqi’in Cave. Photo Hila May, courtesy of the Dan David Center of 
Human Evolution and Biohistory. [c] Photo of several burial urns 
(ossuaries) from Peqi’in Cave. Scale bar: 10 cm. Photo Mariana 
Salzberger, courtesy of the Israel Antiquities Authority. This figure is 
not included under the CC BY license for this article. All rights 
reserved 
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contributing to the relatively low genetic differentiation that prevails today24. Lazaridis et al.24 showed 

that the Levant Bronze Age population from the site of 'Ain Ghazal, Jordan (2490–2300 BCE) could 

be fit statistically as a mixture of around 56% ancestry from a group related to Levantine Pre-Pottery 

Neolithic agriculturalists (represented by ancient DNA from Motza, Israel and 'Ain Ghazal, Jordan; 

8300–6700 BCE) and 44% related to populations of the Iranian Chalcolithic (Seh Gabi, Iran; 4680–

3662 calBCE). Haber et al.26 suggested that the Canaanite Levant Bronze Age population from the 

site of Sidon, Lebanon (~1700 BCE) could be modeled as a mixture of the same two groups albeit in 

different proportions (48% Levant Neolithic-related and 52% Iran Chalcolithic-related). However, the 

Neolithic and Bronze Age sites analyzed so far in the Levant are separated in time by more than three 

thousand years, making the study of samples that fill in this gap, such as those from Peqi’in, of critical 

importance.  

In a dedicated clean room facility at Harvard Medical School, we obtained bone powder from 48 

skeletal remains, of which 37 were petrous bones known for excellent DNA preservation27. We 

extracted DNA28 and built next-generation sequencing libraries to which we attached unique barcodes 

to minimize the possibility of contamination. We treated the libraries with Uracil–DNA glycosylase 

(UDG) to reduce characteristic ancient DNA damage at all but the first and last nucleotides29 

(Supplementary Table 2.1 and Supplementary Data 2.1 provide background for successful samples 

and report information for each library, respectively). After initial screening by enriching the libraries 

for mitochondrial DNA, we enriched promising libraries for sequences overlapping about 1.2 million 

single nucleotide polymorphisms (SNPs)30,31. We evaluated each individual for evidence of authentic 

ancient DNA by limiting to libraries with a minimum of 3% cytosine-to- thymine errors at the final 

nucleotide29, by requiring that the ratio of X-to-Y-chromosome sequences was characteristic of either 

a male or a female, by requiring >95% matching to the consensus sequence of mitochondrial DNA30, 
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and by requiring (for males) a lack of variation at known polymorphic positions on chromosome X 

(point estimates of contamination of less than 2%)32. We also restricted to individuals with at least 

5000 of the targeted SNPs covered at least once.  

This procedure produced genome-wide data from 22 ancient individuals from Peqi’in Cave (4500–

3900 calBCE), with the individuals having a median of 358,313 of the targeted SNPs covered at least 

once (range: 25,171–1,002,682). The dataset is of exceptional quality given the typically poor 

preservation of DNA in the warm Near East, with a higher proportion of samples yielding appreciable 

coverage of ancient DNA than has previously been obtained from the region, likely reflecting the 

optimal sampling techniques we used and the favorable preservation conditions at the cave. We 

analyzed this dataset in conjunction with previously published datasets of ancient Near Eastern 

populations24,26 to shed light on the history of the individuals buried in the Peqi’in cave site, and on 

the population dynamics of the Levant during the Late Chalcolithic period.  

Results  

Genetic differentiation and diversity in the ancient Levant. A total of 20 Peqi’in samples appear to be unrelated 

to each other to the limits of our resolution (that is, genetic analysis suggested that they were not first, 

second, or third degree relatives of each other), and we used these as our analysis set. Taking advantage 

of the new data point added by the Peqi’in samples, we began by studying how genetic differentiation 

among Levantine populations changed over time. We replicate previous reports of dramatic decline 

in genetic differentiation over time in West Eurasia24, observing a median pairwise FST of 0.023 (range: 

0.009–0.061) between the Peqi’in samples (abbreviation: Levant_ChL) and other West Eurasian 

Neolithic and Chalcolithic populations, relative to a previously reported median pairwise FST of 0.098 

(range: 0.023–0.153) observed between populations in pre-Neolithic periods, 0.015 (range: 0.002–
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0.045) in the Bronze Age periods, and 0.011 (range: 0–0.046) in present-day West Eurasian 

populations24. Thus, the collapse to present-day levels of differentiation was largely complete by the 

Chalcolithic (Supplementary Figure 2.1).  

We also observe an increase in genetic diversity over time in the Levant as measured by the rate of 

polymorphism between two random genome sequences at each SNP analyzed in our study. 

Specifically, the Levant_ChL population exhibits an intermediate level of heterozygosity relative to 

the earlier and later populations (Figure 2).  

Both the increasing genetic diversity over time, and the reduced differentiation between populations 

as measured via FST, are consistent with a model in which gene flow reduced differentiation across 

groups while increasing diversity within groups.  

Genetic affinities of the individuals of Peqi’in Cave. To obtain a qualitative picture of how these individuals 

relate to previously published ancient DNA and to present-day people, we began by carrying out 

principal component analysis (PCA)33. In a plot of the first and second principal components (Figure 

3a), the samples from Peqi’in Cave form a tight cluster, supporting the grouping of these individuals 

into a single analysis population (while we use 

the broad name “Levant_ChL” to refer to these 

samples, we recognize that they are currently the 

only ancient DNA available from the Levant in 

this time period and future work will plausibly 

reveal genetic substructure in Chalcolithic 

samples over the broad region). The 

Levant_ChL cluster overlaps in the PCA with a 

 
 

Figure 2.2. Genetic diversity in the ancient Levant 

Heterozygosity increases in ancient Levantine 
populations over time. The estimated statistic ± 
3 standard errors is indicated 
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cluster containing Neolithic Levantine samples (Levant_N), although it is slightly shifted upward on 

the plot toward a cluster corresponding to samples from the Levant Bronze Age, including samples 

from 'Ain Ghazal, Jordan (Levant_BA_South) and Sidon, Lebanon (Levant_BA_North). The 

placement of the Levant_ChL cluster is consistent with a previously observed pattern whereby 

chronologically later Levantine populations are shifted towards the Iran Chalcolithic (Iran_ChL) 

population compared to earlier Levantine populations, Levant_N (Pre-Pottery and Pottery Neolithic 

agriculturalists from present-day Israel and Jordan) and Natufians (Epipaleolithic hunter-gatherers 

from present-day Israel)24.  

ADMIXTURE model-based clustering analyses34 produced results consistent with PCA in suggesting 

that individuals from the Levant_ChL population had a greater affinity on average to Iranian 

agriculturalist-related populations than was the case for earlier Levantine individuals. Figure 2.3b 

shows the ADMIXTURE results for the ancient individuals assuming K = 11 clusters (we selected 

this number because it maximizes ancestry components that are correlated to ancient populations 

from the Levant, from Iran, and European hunter-gatherers)24. Like all Levantine populations, the 

primary ancestry component assigned to the Levant_ChL population, shown in blue, is maximized in 

earlier Levant_N and Natufian individuals. ADMIXTURE also assigns a component of ancestry in 

Levant_ChL, shown in green, to a population that is generally absent in the earlier Levant_N and 

Natufian populations, but is present in later Levant_BA_South and Levant_BA_North samples. This 

green component is also inferred in small proportions in several samples assigned to the Levant_N, 

but there is not a clear association to archaeological location or date, and these individuals are not 

significantly genetically distinct from the other individuals included in Levant_N by formal testing, 

and thus we pool all Levant_N for the primary analyses in this study (Supplementary Note 2.1)24.  
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Figure 2.3. Genetic structure of analyzed individuals 

[a] Principal component analysis of 984 present-day West Eurasians (shown in gray) with 306 ancient 
samples projected onto the first two principal component axes and labeled by 
culture. [b] ADMIXTURE analysis of 984 and 306 ancient samples with K  =  11 ancestral 
components. Only ancient samples are shown 
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Population continuity and admixture in the Levant. To determine the relationship of the Levant_ChL 

population to other ancient Near Eastern populations, we used f-statistics35 (see Supplementary Note 

2.2 for more details). We first evaluated whether the Levant_ChL population is consistent with 

descending directly from a population related to the earlier Levant_N. If this was the case, we would 

expect that the Levant_N population would be consistent with being more closely related to the 

Levant_ChL population than it is to any other population, and indeed we confirm this by observing 

positive statistics of the form f4(Levant_ChL, A; Levant_N, Chimpanzee) for all ancient test 

populations, A (Figure 4a). However, Levant_ChL and Levant_N population do not form a clade, as 

when we compute symmetry statistics of the form f4(Levant_N, Levant_ChL; A, Chimpanzee), we 

find that the statistic is often negative, with Near Eastern populations outside the Levant sharing more 

alleles with Levant_ChL than with Levant_N (Figure 4b). We conclude that while the Levant_N and 

Levant_ChL populations are clearly related, the Levant_ChL population cannot be modeled as 

descending directly from the Levant_N population without additional admixture related to ancient 

Iranian agriculturalists. Direct evidence that Levant_ChL is admixed comes from the statistic 

f3(Levant_ChL; Levant_N, A), which for some populations, A, is significantly negative indicating that 

allele frequencies in Levant_ChL tend to be intermediate between those in Levant_N and A—a 

pattern that can only arise if Levant_ChL is the product of admixture between groups related, perhaps 

distantly, to Levant_N and A35. The most negative f3- and f4-statistics are produced when A is a 

population from Iran or the Caucasus. This suggests that the Levant_ChL population is descended 

from a population related to Levant_N, but also harbors ancestry from non-Levantine populations 

related to those of Iran or the Caucasus that Levant_N does not share (or at least share to the same 

extent).  
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The ancestry of the Levant Chalcolithic people. We used qpAdm as our main tool for identifying plausible 

admixture models for the ancient populations for which we have data (see Supplementary Note 2.3 

for more details)36.  

The qpAdm method evaluates whether a tested set of N “Left” populations—including a “target” 

population (the population whose ancestry is being modeled) and a set of N − 1 additional 

populations—are consistent with being derived from mixtures in various proportions of N−1 

ancestral populations related differentially to a set of outgroup populations, referred to as “Right” 

populations. For all our analyses, we use a base set of 11 “Right” outgroups referred to collectively as 

“09NW”—Ust_Ishim, Kostenki14, MA1, Han, Papuan, Onge, Chukchi, Karitiana, Mbuti, Natufian, 

 

Figure 2.4. Genetic characteristics of the Levant_ChL 

[a] The statistic f4(Levant_ChL, A; Levant_N, Chimpanzee) demonstrates a close relationship 
between the Neolithic and Chalcolithic Levant populations, as the Levant Neolithic shares more 
alleles with the Levant Chalcolithic than with any other populations.  [b] The statistic f4(Levant_N, 
Levant_ChL; A, Chimpanzee) shows an asymmetrical relationship between Levant_N and 
Levant_ChL and other ancient West Eurasian populations. The statistic is most negative for 
populations from Iran and the Caucasus, indicating that Levant_ChL shares more alleles with them 
than does Levant_N. [c] The statistic f3(Levant_ChL; Levant_N, A) tests for signals of admixture in 
Levant_ChL. Negative f3-statistics indicate that the Levant_ChL population is admixed. Populations 
from Iran and the Caucasus produce the most negative statistics. The estimated statistic ±  3 standard 
errors is indicated 
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and WHG—whose value for disentangling divergent strains of ancestry present in ancient Near 

Easterners has been documented in Lazaridis et al.24 (for some analyses we supplement this set with 

additional outgroups). To evaluate whether the “Left” populations are consistent with a hypothesis of 

being derived from N − 1 sources, qpAdm effectively computes all possible statistics of the form 

f4(Lefti, Leftj; Rightk, Rightl), for all possible pairs of populations in the proposed “Left” and “Right” 

sets. It then determines whether all the statistics can be written as a linear combination of f4-statistics 

corresponding to the differentiation patterns between the proposed N − 1 ancestral populations, 

appropriately accounting for the covariance of these statistics and computing a single p value for fit 

based on a Hotelling T- squared distribution36. For models that are consistent with the data (p > 0.05), 

qpAdm estimates proportions of admixture for the target population from sources related to the N−1 

ancestral populations (with standard errors). Crucially, qpAdm does not require specifying an explicit 

model for how the “Right” outgroup populations are related.  

We first examined all possible “Left” population sets that consisted of Levant_ChL along with one 

other ancient population from the analysis dataset. Testing a wide range of ancient populations, we 

found that p values for all possible Left populations were below 0.05 (Supplementary Data 2.2), 

showing that Levant_ChL is not consistent with being a clade with any of them relative to the “Right” 

09NW outgroups. We then considered models with “Left” population sets containing Levant_ChL 

along with two additional ancient populations, which corresponds to modeling the Levant_ChL as the 

result of a two-way admixture between populations related to these two other ancient populations. To 

reduce the number of hypotheses tested, we restricted the models to pairs of source populations that 

contain at least one of the six populations that we consider to be the most likely admixture sources 

based on geographical and temporal proximity: Anatolia_N, Anatolia_ChL, Armenia_ChL, Iran_ChL, 

Iran_N, and Levant_N. Again, we find no plausible two-way admixture models using a p > 0.05 
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threshold (Supplementary Figure 2.2 and Supplementary Data 2.3). Finally, we tested possible three-

way admixture events, restricting to triplets that contain at least two of the six most likely admixture 

sources. Plausible solutions at p > 0.05 are listed in Table 2.1 (full results are reported in 

Supplementary Figure 2.3 and Supplementary Data 2.4).  

We found multiple candidates for three-way admixture models, always including (1) Levant_N (2) 

either Anatolia_N or Europe_EN and (3) either Iran_ChL, Iran_N, Iran_LN, Iran_HotuIIIb or 

Levant_BA_North. These are all very similar models, as Europe_EN (early European agriculturalists) 

are known to be genetically primarily derived from Anatolian agriculturalists (Anatolia_N)31, and 

Levant_BA_North has ancestry related to Levant_N and Iran_ChL26. To distinguish between models 

involving Anatolian Neolithic (Anatolia_N) and European Early Neolithic (Europe_EN), we repeated 

the analysis including additional outgroup populations in the “Right” set that are sensitive to the 

European hunter-gatherer-related admixture present to a greater extent in Europe_EN than in 

Anatolia_N (Supplementary Figure 2.4a)31 (thus, we added Switzerland_HG, SHG, EHG, Iberia_BA, 

Steppe_Eneolithic, Europe_MNChL, Europe_LNBA to the “Right” outgroups; abbreviations in 

Table 2.1. Plausible models of Levant_ChL as mixture of three sources 

 Source Left Populations   Admixture 
Proportions Standard Error 

Target A B C Outgroup 
Right Pops 

p-value A B C A B C rank=2 
Levant_ChL Levant_N Anatolia_N Iran_ChL 09NW 6.82E-02 0.580 0.259 0.161 0.035 0.048 0.030 
Levant_ChL Levant_N Anatolia_N Iran_ChL 09NWL 6.69E-02 0.561 0.291 0.148 0.030 0.037 0.027 
Levant_ChL Levant_N Anatolia_N Iran_ChL 09NWLY 9.15E-02 0.561 0.301 0.138 0.030 0.032 0.020 
Levant_ChL Levant_N Anatolia_N Iran_ChL 09NWSGEITMLY 1.14E-01 0.571 0.264 0.166 0.030 0.028 0.015 
Levant_ChL Levant_N Anatolia_N Iran_LN 09NW 1.14E-01 0.562 0.281 0.157 0.035 0.044 0.028 
Levant_ChL Levant_N Anatolia_N Iran_LN 09NWL 4.62E-02 0.534 0.335 0.131 0.030 0.032 0.025 
Levant_ChL Levant_N Anatolia_N Iran_HotuIIIb 09NW 8.22E-02 0.484 0.217 0.299 0.033 0.043 0.045 
Levant_ChL Levant_N Anatolia_N Iran_HotuIIIb 09NWL 6.11E-03 0.476 0.305 0.219 0.036 0.035 0.048 
Levant_ChL Levant_N Anatolia_N Iran_N 09NW 1.09E-01 0.579 0.308 0.113 0.035 0.041 0.020 
Levant_ChL Levant_N Anatolia_N Iran_N 09NWL 4.74E-02 0.551 0.356 0.094 0.030 0.031 0.018 
Levant_ChL Levant_N Anatolia_N Levant_BA_North 09NW 2.16E-01 0.494 0.233 0.273 0.035 0.047 0.046 
Levant_ChL Levant_N Anatolia_N Levant_BA_North 09NWL 1.13E-01 0.478 0.286 0.236 0.034 0.036 0.478 
Levant_ChL Levant_N Anatolia_N Levant_BA_North 09NWLY 3.36E-02 0.481 0.254 0.265 0.034 0.034 0.040 
Levant_ChL Levant_N Europe_EN Iran_ChL 09NW 6.80E-02 0.633 0.172 0.195 0.029 0.033 0.027 
Levant_ChL Levant_N Europe_EN Iran_ChL 09NWL 6.38E-03 0.613 0.207 0.180 0.028 0.030 0.027 
Levant_ChL Levant_N Europe_EN Iran_N 09NW 6.89E-02 0.647 0.213 0.140 0.029 0.031 0.020 
Levant_ChL Levant_N Europe_EN Iran_N 09NWL 1.88E-03 0.628 0.262 0.109 0.029 0.027 0.200 

Note: Populations that produce p-values greater than 0.05 with plausible admixture proportions (0-1) are 
highlighted in grey. The model with the lowest standard errors is indicated in bold.  
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Supplementary Table 2.2). We found that only models involving Levant_N, Anatolia_N, and either 

Iran_ChL or Levant_BA_North passed at p > 0.05 (Table 2.1). To distinguish between Iran_ChL and 

Levant_BA_North, we added Iran_N to the outgroup set (for a total of 19 = 11 + 8 outgroups) 

(Supplementary Figure 2.4b). Only the model involving Iran_ChL remained plausible. Based on this 

uniquely fitting qpAdm model we infer the ancestry of Levant_ChL to be the result of a three-way 

admixture of populations related to Levant_N (57%), Iran_ChL (17%), and Anatolia_N (26%).  

The ancestry of late Levantine Bronze Age populations. It was striking to us that previously published Bronze 

Age Levantine samples from the sites of 'Ain Ghazal in present-day Jordan (Levant_BA_South) and 

Sidon in present-day Lebanon (Levant_BA_North) can be modeled as two-way admixtures, without 

the Anatolia_N contribution that is required to model the Levant_ChL population24,26. This suggests 

that the Levant_ChL population may not be directly ancestral to these later Bronze Age Levantine 

populations, because if it were, we would also expect to detect an Anatolia_N component of ancestry. 

In what follows, we treat Levant_BA_South and Levant_BA_North as separate populations for 

analysis, since the symmetry statistic f4(Levant_BA_North, Levant_BA_South; A, Chimp) is 

significant for a number test populations A (|Z| ≥ 3) (Supplementary Data 2.5), consistent with the 

different estimated proportions of Levant_N and Iran_ChL ancestry reported in Lazaridis et al.24 and 

Haber et al.26.  

To test the hypothesis that Levant_ChL may be directly ancestral to the Bronze Age Levantine 

populations, we attempted to model both Levant_BA_South and Levant_BA_North as two- way 

admixtures between Levant_ChL and every other ancient population in our dataset, using the base 

09NW set of populations as the “Right” outgroups. We also compared these models to the previously 

published models that used the Levant_N and Iran_ChL populations as sources (Table 2.2; 

Supplementary Figure 2.5; Supplementary Data 2.6). In the case of Levant_BA_South from 'Ain 
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Ghazal, Jordan, multiple models were plausible, and thus we returned to the strategy of adding 

additional “Right” population outgroups that are differentially related to one or more of the “Left” 

populations (specifically, we added various combinations of Armenia_EBA, Steppe_EMBA, 

Switzerland_HG, Iran_LN, and Iran_N). Only the model including Levant_N and Iran_ChL remains 

plausible under all conditions. Thus, we can conclude that groups related to Levant_ChL contributed 

little ancestry to Levant_BA_South.  

We observe a qualitatively different pattern in the Levant_BA_North samples from Sidon, Lebanon, 

where models including Levant_ChL paired with either Iran_N, Iran_LN, or Iran_HotuIIIb 

populations appear to be a significantly better fit than those including Levant_N + Iran_ChL. We 

Table 2.2. Modeling Levant_BA_South and Levant_BA_North as a mixture of Levant_ChL and an ancient 
population, A 

 Source Left Populations   Admixture 
Proportions 

 

Target A B Outgroup 
Right 
Pops 

p-value 
rank=2 

A B Standard 
Error 

Levant_BA_South Levant_N Iran_ChL 09NW 9.88E-01 0.549 0.451 0.031 
Levant_BA_South Levant_N Iran_ChL 09NWFPY 5.14E-01 0.571 0.429 0.026 
Levant_BA_South Levant_N Iran_ChL 09NWFPSD 1.95E-01 0.582 0.418 0.025 
Levant_BA_South Levant_N Iran_ChL 09NWA 9.94E-01 0.55 0.45 0.027 
Levant_BA_South Levant_N Iran_ChL 09NWAZ 1.39E-02 0.601 0.399 0.026 
Levant_BA_South Levant_ChL CHG 09NW 5.97E-02 0.788 0.212 0.032 
Levant_BA_South Levant_ChL CHG 09NWFPY 1.82E-03 0.812 0.188 0.024 
Levant_BA_South Levant_ChL Iran_ChL 09NW 2.00E-01 0.714 0.286 0.04 
Levant_BA_South Levant_ChL Iran_ChL 09NWFPY 3.06E-02 0.723 0.277 0.033 
Levant_BA_South Levant_ChL Iran_LN 09NW 3.53E-01 0.717 0.283 0.039 
Levant_BA_South Levant_ChL Iran_LN 09NWFPY 1.22E-02 0.779 0.221 0.026 
Levant_BA_South Levant_ChL Iran_HotuIIIb 09NW 2.43E-01 0.556 0.444 0.051 
Levant_BA_South Levant_ChL Iran_HotuIIIb 09NWFPSD 3.79E-02 0.585 0.415 0.047 
Levant_BA_South Levant_ChL Iran_N 09NW 4.41E-01 0.797 0.203 0.028 
Levant_BA_South Levant_ChL Iran_N 09NWFPSD 8.00E-04 0.853 0.147 0.075 
Levant_BA_North Levant_N Iran_ChL 09NW 0.003804 0.348 0.652 0.028 
Levant_BA_North Levant_N Iran_ChL Haber 0.222705 0.518 0.482 0.04 
Levant_BA_North Levant_N Iran_ChL Haber + A 0.002457 0.394 0.606 0.025 
Levant_BA_North Levant_ChL Iran_LN 09NW 0.267145 0.532 0.468 0.031 
Levant_BA_North Levant_ChL Iran_LN Haber 0.398822 0.555 0.445 0.04 
Levant_BA_North Levant_ChL Iran_LN Haber + A 0.455948 0.535 0.465 0.019 
Levant_BA_North Levant_ChL Iran_N 09NW 0.401157 0.63 0.37 0.024 
Levant_BA_North Levant_ChL Iran_N Haber 0.638884 0.655 0.345 0.035 
Levant_BA_North Levant_ChL Iran_N Haber + A 0.693801 0.638 0.362 0.015 
Levant_BA_North Levant_ChL Iran_HotuIIIb 09NW 0.216066 0.377 0.623 0.033 
Levant_BA_North Levant_ChL Iran_HotuIIIb Haber 0.03318 0.299 0.701 0.047 
Levant_BA_North Levant_ChL Iran_HotuIIIb Haber + A 0.007102 0.399 0.601 0.019 

Note: Populations that produce p-values greater than 0.05 with plausible admixture proportions 
(between 0-1) are highlighted in grey. Models that are robust to the maximum number of 
outgroups are shown in bold. 
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largely confirm this result using the “Right” population outgroups defined in Haber et al.26 (abb. 

Haber: Ust_Ishim, Kostenki14, MA1, Han, Papuan, Ami, Chuckhi, Karitiana, Mbuti, 

Switzerland_HG, EHG, WHG, and CHG), although we find that the specific model involving 

Iran_HotuIIIb no longer works with this “Right” set of populations. Investigating this further, we 

find that the addition of Anatolia_N in the “Right” outgroup set excludes the model of Levant_N + 

Iran_ChL favored by Haber et al.26. These results imply that a population that harbored ancestry more 

closely related to Levant_ChL than to Levant_N contributed to the Levant_BA_North population, 

even if it did not contribute detectably to the Levant_BA_South population.  

We obtained additional insight by running qpAdm with Levant_BA_South as a target of two-way 

admixture between Levant_N and Iran_ChL, but now adding Levant_ChL and Anatolia_N to the 

basic 09NW “Right” set of 11 outgroups. The addition of the Levant_ChL causes the model to fail, 

indicating that Levant_BA_South and Levant_ChL share ancestry following the separation of both of 

them from the ancestors of Levant_N and Iran_ChL. Thus, in the past there existed an unsampled 

population that contributed both to Levant_ChL and to Levant_BA_South, even though Levant_ChL 

cannot be the direct ancestor of Levant_BA_South because, as described above, it harbors 

Anatolia_N-related ancestry not present in Levant_BA_South.  

Genetic heterogeneity in the Levantine Bronze Age. We were concerned that our finding that the Levant_ChL 

population was a mixture of at least three groups might be an artifact of not having access to samples 

closely related to the true ancestral populations.  

One specific possibility we considered is that a single ancestral population admixed into the Levant to 

contribute to both the Levant_ChL and the Levant_BA_South populations, and that this was an 

unsampled population on an admixture cline between Anatolia_N and Iran_ChL, explaining why 
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qpAdm requires three source populations to model it. To formally test this hypothesis, we used 

qpWave36-38, which determines the minimum number of source populations required to model the 

relationship between “Left” populations relative to “Right” outgroup populations. Unlike qpAdm, 

qpWave does not require that populations closely related to the true source populations are available 

for analysis. Instead it treats all “Left” populations equally, and attempts to determine the minimum 

number of theoretical source populations required to model the “Left” population set, relative to the 

“Right” population outgroups. Therefore, we model the relationship between Levant_N, 

Levant_ChL, and Levant_BA_South as “Left” populations, relative to the 09NW “Right” outgroup 

populations (Table 2.3). We find that a minimum of three source populations continues to be required 

to model the ancestry of these Levantine populations, supporting a model in which at least three 

separate sources of ancestry are present in the Levant between the Neolithic, Chalcolithic, and Bronze 

Age.  

We applied qpWave again, replacing Levant_ChL with Levant_BA_North, and found that the 

minimum number of source populations is only two. However, when we include the Levant_ChL 

population as an additional outgroup, three source populations are again required. This suggests that 

Table 2.3. Determining the number of streams of ancestry in the Levant 

Left Pops Right Pops Rank Degrees of 
Freedom Chi Squared p-value 

Levant_N 
Levant_ChL 

Levant_BA_South 
09NW 

0 20 190.024 1.047e-29 
1 9 32.641 1.541e-4 
2 0 0.000 1.000 

Levant_N 
Levant_BA_South 
Levant_BA_North 

09NW 
0 20 399.438 2.673e-72 
1 9 6.574 0.681 
2 0 0.000 1.000 

Levant_N 
Levant_BA_South 
Levant_BA_North 

09NWZ 
0 20 706.552 3.221e-135 
1 9 28.050 1.772e-3 
2 0 0.000 1.000 

Note: Models that have a rank that is plausible (i.e. p-value of greater than 0.05) are shown in 
bold. Rank is equal to the minimum number of source populations required to model the “Left” 
population group relative to the “Right” population group, minus 1 (thus, Rank 2, which is the 
only working solution for all sets of three “Left” populations, reflects 3 admixing populations). 
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in the absence of the data from Levant_ChL there is insufficient statistical leverage to detect 

Anatolian-related ancestry that is truly present in admixed form in the Levant_BA_North population 

(data from the Levant_ChL population makes it possible to detect this ancestry). This may explain 

why Haber et al.26 did not detect the Anatolian Neolithic-related admixture in Levant_BA_North.  

Biologically important mutations in the Peqi’in population. This study nearly doubles the number of individuals 

with genome-wide data from the ancient Levant. Measured in terms of the average coverage at SNPs, 

the increase is even more pronounced due to the higher quality of the data reported here than in 

previous studies of ancient Near Easterners24,26. Thus, the present study substantially increases the 

power to analyze the change in frequencies of alleles known to be biologically important.  

We leveraged our data to examine the change in frequency of SNP alleles known to be related to 

metabolism, pigmentation, disease susceptibility, immunity, and inflammation in the Levant_ChL 

population, considered in relation to allele frequencies in the Levant_N, Levant_BA_North, 

Levant_BA_South, Anatolia_N and Iran_ChL populations and present-day pools of African (AFR), 

East Asian (EAS), and European (EUR) ancestry in the 1000 Genomes Project Phase 3 dataset39 

(Supplementary Data 2.7).  

We highlight three findings of interest. First, an allele (G) at rs12913832 near the OCA2 gene, with a 

proven association to blue eye color in individuals of European descent40, has an estimated alternative 

allele frequency of 49% in the Levant_ChL population, suggesting that the blue-eyed phenotype was 

common in the Levant_ChL.  

Second, an allele at rs1426654 in the SLC24A5 gene which is one of the most important determinants 

of light pigmentation in West Eurasians41 is fixed for the derived allele (A) in the Levant_ChL 

population suggesting that a light skinned phenotype may have been common in this population, 
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although any inferences about skin pigmentation based on allele frequencies observed at a single site 

need to be viewed with caution42.  

Third, an allele (G) at rs6903823 in the ZKSCAN3 and ZSCAN31 genes which is absent in all early 

agriculturalists reported to date (Levant_N, Anatolia_N, Iran_N) and that has been argued to have 

been under positive selection by Mathieson et al.31, occurs with an estimated frequency of 20% in the 

Levant_ChL, 17% in the Levant_BA_South, and 15% in the Iran_ChL populations, while it is absent 

in all other populations. This suggests that the allele was rising in frequency in Chalcolithic and Bronze 

Age Near Eastern populations at the same time as it was rising in frequency in Europe.  

Discussion  

The Chalcolithic period in the Levant witnessed major cultural transformations in virtually all areas of 

culture, including craft production, mortuary and ritual practices, settlement patterns, and 

iconographic and symbolic expression43. The current study provides insight into a long-standing 

debate in the prehistory of the Levant, implying that the emergence of the Chalcolithic material culture 

was associated with population movement and turnover.  

The quality of ancient DNA obtained from the Peqi’in Cave samples is excellent relative to other sites 

in the Near East. We hypothesize that the exceptional preservation is due to two factors. First, the 

targeted sampling of ancient DNA from the petrous portion of the temporal bone makes it possible 

to obtain high-quality ancient DNA from previously inaccessible geographic regions24,27,44,45. Secondly, 

the environment of Peqi’in Cave is likely to be favorable for DNA preservation. The skeletal 

remains—either stored in ossuaries or laid in the ground —were quickly covered by a limestone crust, 

isolating them from their immediate surroundings and protecting them from acidic conditions that 

are known to be damaging to DNA.  
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We find that the individuals buried in Peqi’in Cave represent a relatively genetically homogenous 

population. This homogeneity is evident not only in the genome-wide analyses but also in the fact that 

most of the male individuals (nine out of ten) belong to the Y-chromosome haplogroup T (see 

Supplementary Table 2.1), a lineage thought to have diversified in the Near East46. This finding 

contrasts with both earlier (Neolithic and Epipaleolithic) Levantine populations, which were 

dominated by haplogroup E24, and later Bronze Age individuals, all of whom belonged to haplogroup 

J24,26.  

Our finding that the Levant_ChL population can be well- modeled as a three-way admixture between 

Levant_N (57%), Anatolia_N (26%), and Iran_ChL (17%), while the Levant_BA_South can be 

modeled as a mixture of Levant_N (58%) and Iran_ChL (42%), but has little if any additional 

Anatolia_Nrelated ancestry, can only be explained by multiple episodes of population movement. The 

presence of Iran_ChL-related ancestry in both populations – but not in the earlier Levant_N – 

suggests a history of spread into the Levant of peoples related to Iranian agriculturalists, which must 

have occurred at least by the time of the Chalcolithic. The Anatolian_N component present in the 

Levant_ChL but not in the Levant_BA_South sample suggests that there was also a separate spread 

of Anatolian-related people into the region. The Levant_BA_South population may thus represent a 

remnant of a population that formed after an initial spread of Iran_ChL-related ancestry into the 

Levant that was not affected by the spread of an Anatolia_N-related population, or perhaps a 

reintroduction of a population without Anatolia_N-related ancestry to the region. We additionally find 

that the Levant_ChL population does not serve as a likely source of the Levantine-related ancestry in 

present-day East African populations (see Supplementary Note 2.4)24.  

These genetic results have striking correlates to material culture changes in the archaeological record. 

The archaeological finds at Peqi’in Cave share distinctive characteristics with other Chalcolithic sites, 
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both to the north and south, including secondary burial in ossuaries with iconographic and geometric 

designs. It has been suggested that some Late Chalcolithic burial customs, artifacts and motifs may 

have had their origin in earlier Neolithic traditions in Anatolia and northern Mesopotamia8,13,47. Some 

of the artistic expressions have been related to finds and ideas and to later religious concepts such as 

the gods Inanna and Dumuzi from these more northern regions6,8,47-50. The knowledge and resources 

required to produce metallurgical artifacts in the Levant have also been hypothesized to come from 

the north11,51.  

Our finding of genetic discontinuity between the Chalcolithic and Early Bronze Age periods also 

resonates with aspects of the archeological record marked by dramatic changes in settlement 

patterns43, large-scale abandonment of sites52-55, many fewer items with symbolic meaning, and shifts 

in burial practices, including the disappearance of secondary burial in ossuaries56-59. This supports the 

view that profound cultural upheaval, leading to the extinction of populations, was associated with the 

collapse of the Chalcolithic culture in this region18,60-64.  

These ancient DNA results reveal a relatively genetically homogeneous population in Peqi’in. We show 

that the movements of people within the region of the southern Levant were remarkably dynamic, 

with some populations, such as the one buried at Peqi’in, being formed in part by exogenous 

influences. This study also provides a case-study relevant beyond the Levant, showing how combined 

analysis of genetic and archaeological data can provide rich information about the mechanism of 

change in past societies.  

Methods 

Data generation. Peqi’in burial Cave was excavated under the auspices of the Israel Antiquities Authority 

(Permit no. 2297/1995). We screened 46 human skeletal elements from Peqi’in Cave, of which 37 
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were petrous fragments of the temporal bone. We prepared between 15 and 114 mg of bone powder 

for each sample by drilling from a compact part of the sample after surface cleaning using a Dremel 

tool or by drilling into the inner ear part of the petrous portion of the temporal bone27. We extracted 

DNA using a silica-column-based extraction protocol that has been optimized for ancient DNA 

extraction28, modifying the protocols by replacing the MinElute column assembly with a preassembled 

spin column device as in Korlević et al.65. We added 1.5 mL of extraction buffer (0.45 M EDTA, pH 

8.0 (BioExpress), 0.05% Proteinase K (Sigma)) to the bone powder and incubated in 2.0 mL tubes at 

37 °C overnight, while rotating. Following incubation, we centrifuged the samples at maximum speed 

for 2 min, and added 13 mL of binding buffer (5 M GuHCl (Sigma), 40% Isopropanol (Sigma), 400 

µg Sodium Acetate (Sigma), pH 5.2 (Sigma)) to the supernatant. We transferred the mixture to a High 

Pure Extender from a Viral Nucleic Acid Large Volume Kit (Roche) and centrifuged at 2000×g until 

all liquid disappeared from the funnel. We detached the silica column from the funnel, placed it in a 

fresh 2 mL collection tube, and spun for 1 min at 8000×g. We performed two washes by adding 700 

µL PE buffer (Qiagen) to the columns, and spun at 8000×g for 30 s, replacing the collection tube 

after each wash. We performed a dry spin at maximum speed for 1 min, and then replaced the 

collection tube. We removed the DNA eluate from the column by adding 45 µL of TTE (10 mM Tris-

HCl, pH 8.0 (ThermoFisher), 1 mM EDTA, pH 9.0 (BioExpress), 0.05% Tween-20 (Sigma)) to the 

silica matrix, incubating for 5 min, and then spun at maximum speed for 1 min. We repeated this step 

until we obtained a total volume of 90 µL. For reattempts of one of the samples, we washed the 

powder with 1 mL 0.5% bleach (incubating for 15 min), followed by three washes with 1 mL water 

(incubating 3 min), prior to DNA extraction as described in Korlević et al.65 (see Supplementary Data 

2.1), and prepared libraries using partial UDG treatment29 (the library protocols varied slightly over 

the course of data generation, see Supplementary Data 2.1). We added 30 µL of extract to the USER 

treatment mixture (1× Buffer Tango (ThermoFisher), 100 µM dNTP Mix (ThermoFisher), 1 mM 
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ATP (ThermoFisher), 0.06 U/µL USER enzyme (NEB)), and incubated the reaction at 37 °C for 30 

min. We inhibited the UDG enzyme by adding Uracil Glycosylase Inhibitor (0.12 U/µL; NEB) to the 

mix and incubating for a further 30 min at 37 °C. We then performed blunt end repair on the samples 

by adding T4 PNK (0.5 U/µL; ThermoFisher) and T4 Polymerase (90.1 U/µL; ThermoFisher) to the 

mixture and incubating for 15 min at 25 °C, followed by 5 min at 12 °C. We cleaned the reactions up 

using a MinElute PCR purification kit, adding five volumes of PB buffer to the reaction mixture, 

transferring to a collection tube, and spinning for 30 s at 3300×g. We discarded the liquid and washed 

twice by adding 700 µL of PE buffer to the column, centrifuging for 30 s at max speed, and discarding 

the collection tube, followed by a dry spin for 1 min at maximum speed. We eluted the samples in 18 

µL of 10 mM Tris-HCl (ThermoFisher), which we added to the silica membrane and allowed to sit 

for 5 min, followed by centrifuging for 1 min at maximum speed. We ligated unique adapters to the 

molecules in each sample by incubating the sample mixture in a ligation reaction mixture (1× T4 DNA 

ligase buffer (ThermoFisher), 5% PEG- 4000 (ThermoFisher), 0.25 µM P5-adapter (see ref. 29 for 

suggested preparation information), 0.25 µM P7 adapter (see ref. 29 for suggested preparation 

information), 0.125 U/µL T4 DNA ligase (ThermoFisher)) for 30 min at room temperature. We 

cleaned up the ligation mixture using the clean-up procedure described above, eluting in 20 µL 10 mM 

Tris-HCl. We filled in the ligated adapters by adding a fill-in reaction mixture (1× ThermoPol buffer 

(NEB), 

250 µM dNTP Mix (ThermoFisher), 0.4 U/µL Bst Polymerase, large fragment (NEB)) to the ligation 

product, and incubating at 37 °C for 20 min, followed by 80 °C for 20 min. Finally, we amplified the 

libraries via PCR by adding 39 µL of the fill-in reaction product to the PCR reaction mixture (1× Pfu 

Turbo Cx Reaction Buffer (Agilent Technologies), 0.4 µM PreHyb-F (5′-

CTTTCCCTACACGACGCTCTTC-3′), 0.4 µM PreHyb-R (5′-GTGACTGGAGTTCAGA 

CGTGTGCT-3′), 0.2 mM dNTP Mix (ThermoFisher), 5U Pfu Turbo Cx Hotstart DNA Polymerase 
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(Agilent Technologies)). We divided each reaction into 50 µL aliquots and placed in a sealed PCR 

plate. We performed initial denaturation of the samples for 2min at 95°C, followed by 30 cycles at 

95°C for 30s, 55°C for 30s, 72 °C for 1 min, and performed a final extension at 72 °C for 10 min.  

We screened all libraries for authentic DNA by enriching for the mitochondrial genome and 50 nuclear 

target loci, followed by sequencing on an Illumina NextSeq500 instrument for 2 × 75 cycles and 2 × 

7 cycles to read out the indices. We enriched promising libraries for approximately 1.2 M SNPs as 

described in refs. 31,36,66] and then sequenced on a NextSeq500 sequencer using 75 base pair paired-

end sequences. During computational processing, we initially stripped identifying oligonucleotide 

sequences and adapters, separating individual samples from pooled captures by their identifying 7 base 

pair indices at the 5′ and 3′ ends of reads, and requiring matches to sample-specific barcodes appended 

directly to the sequence fragments, allowing no more than one mismatch per index/barcode. We used 

SeqPrep67 to strip adapters and also to merge paired end reads into single sequences by requiring a 

minimum of 15 base pair overlap (allowing up to one mismatch), using the highest quality base in the 

merged region where there was a conflict. We used samse in bwa (v0.6.1)68 to align reads. For the 

mitochondrial DNA enrichment experiment we aligned to the RSRS mitochondrial genome69. For the 

whole-genome enrichment experiment we aligned to the hg19 reference genome. We identified 

duplicate sequences as ones with the same start and end positions and orientation and also identical 

barcode pairs, and retained the highest quality sequence from each duplicate. We made pseudo-haploid 

SNP calls for each position using a randomly chosen sequence covering each targeted site, stripping 

the two bases at the ends of each sequence to remove deaminated mutations, and requiring a minimum 

mapping quality (MAPQ ≥ 10), and restricting to sites with a minimum base quality (≥20).  

We assessed the quality of each library at the screening stage using three standard methods for 

determining ancient DNA authenticity. First, we analyzed mitochondrial genome data to determine 



 

 75 
 

 

the rate of matching to the consensus sequence, using contamMix30. Second, we restricted to samples 

in which the rate of C-to-T substitutions in terminal nucleotides was at least 3%, as expected for 

genuine ancient DNA using the partial UDG treatment protocol29. Finally, we used the ANGSD 

software to obtain a conservative estimate of contamination in the X- chromosome of individuals 

determined to be male based on the rate of polymorphism on X-chromosome sequences (males have 

only a single X- chromosome and so are not expected to show polymorphism); we excluded libraries 

with X-contamination estimates greater than 1.5%32. For samples where multiple libraries were 

produced for a single individual, we merged libraries that passed quality control, and obtained new 

pseudo-haploid SNP calls.  

We determined mitochondrial DNA haplogroups using the tool haplogrep270, using a consensus 

sequence built from reads enriched for the mitochondrial genome, restricting to damaged reads using 

PMDtools71 (pmdscore ≥ 3), and trimming 5 bases from each end to greatly reduce the error rate due 

to deamination.  

Ancient DNA presents challenges in the assignment of Y-chromosome haplogroups due to the chance 

that there may be contamination, DNA damage or missing data present in them. In order to assign Y 

haplogroups to our data, we used a modified version of the procedure used in the analysis of modern 

Y chromosomes in the 1000 Genomes Project72, which uses a breadth-first search to traverse the Y- 

chromosome tree. We made our calls on the ISOGG tree from 04.01.2016 [http:// isogg.org], and 

modified the caller to output derived and ancestral allele calls for each informative position on the 

tree. We then assigned a score to each of the reference haplogroups by counting the number of 

mismatches in the number of observed derived alleles on that branch and down-weighted derived 

mutations that were transitions to 1/3 that of transversions to account for DNA damage related 

errors. We assigned the sample to the reference haplogroup with the closest match based on this score. 
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While we endeavored to produce a call on each sample, we note that samples with fewer than 100,000 

SNPs have too little data to confidently identify the correct haplogroup, and we encourage caution 

when interpreting these results.  

The data from the 22 samples that passed contamination and quality control tests are reported in 

Supplementary Table 2.1, with an average of 0.97× coverage on the 1240 k SNP targets, and an average 

of 358,313 SNPs covered at least once. A by-library table describing the screening results is reported 

in Supplementary Data 2.1. We excluded two individuals from further analysis, as the genetic patterns 

observed using the method described in Kuhn et al.73. Showed that they were first- degree relatives of 

higher coverage samples in the dataset. We restricted data from sample I1183 to include only 

sequences with evidence of C-to-T substitution in order to minimize contamination which was evident 

in the full data from these samples.  

We combined the newly reported data with existing data from Lazaridis et al.24 and Haber et al.26, using 

the mergeit program of EIGENSOFT33. The resulting datasets, referred to as HO + and HOIll+, 

contain the 20 new unrelated samples combined with HO and HOIll from Lazaridis et al.24 and 5 

ancient samples from Sidon, Lebanon (population name: Levant_BA_North) from Haber et al.26, 

respectively. HO+ includes data from 2891 modern and ancient individuals at 591,642 SNPs, and 

HOIll+ includes data from 306 ancient individuals at 1,054,637 SNPs.  

Principal component analysis. We performed PCA on the HO+ dataset using smartpca33. We used a total 

of 984 present-day individuals for PCA, and projected the 306 ancient samples. We used default 

parameters with lsqproject: YES and numoutlieriter: 0 settings. We estimated FST using smartpca for 

the 21 ancient Near Eastern populations made up of more than one individual and 8 modern 
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populations using default parameters, with inbreed: YES and fstonly: YES (Supplementary Figure 2.1). 

We ran analyses using the HO+ dataset.  

Admixture. We carried out ADMIXTURE analysis34 on the HO+ dataset. Prior to analyses, we pruned 

SNPs in strong linkage disequilibrium with each other using PLINK74 using the parameters—indep-

pairwise 200 25 0.4. We performed ADMIXTURE analysis on the 3,00,885 SNPs remaining in the 

pruned dataset. For each value of k between 2 and 14, we performed 20 replicate analyses, and we 

retained the highest likelihood replicate for each k.  

Conditional heterozygosity. We computed conditional heterozygosity for each ancient Levantine 

population using popstats75. For this analysis we used the HO+ dataset, restricting to SNP sites 

ascertained from a single Yoruba individual and to transversion SNPs, as described in Skoglund et 

al.44.  

f-statistics. We computed f4-statistics using the qpDstat program in ADMIXTOOLS35, with default 

parameters, and f4mode:YES. We computed f3-statistics using the qp3Pop program in 

ADMIXTOOLS35, using default parameters, with inbreed: YES. We ran all analyses using the HOIll+ 

dataset, except for the statistic f4(Levant_BA_North, Levant_BA_South; A, Chimp), which we ran on 

the HO+ dataset.  

qpAdm. We estimated proportions of ancestry in the Levant_ChL population using the qpAdm 

methodology, with parameters allsnps: YES and details:YES36. We tested both 2- and 3-way 

admixtures between ancient “Left” populations from the HOIll+ dataset. We used the 09NW 

populations defined in Lazaridis et al.24 as preliminary outgroups. We selected additional outgroups 

based on the statistics f4(Anatolia_N, Europe_EN; A, Chimpanzee) and f4(Levant_BA_North, 
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Iran_ChL; A, Chimpanzee), and we repeated qpAdm with each additional outgroup added into the 

“Right” list until all but one admixture model was eliminated.  

We used qpAdm to determine whether the Levant_BA_South and Levant_BA_North populations 

could be modeled using Levant_ChL as a source population. We tested 2-way admixtures between 

Levant_ChL and every other ancient “Left” population from the HOIll+ dataset. We also tested the 

“Left” populations Levant_N and Iran_ChL. We used the 09NW “Right” populations as preliminary 

outgroup populations, and confirmed our findings for Levant_BA_North using the outgroups defined 

in Haber et al.26. We added additional outgroups to further differentiate between plausible models, 

and repeated qpAdm analysis until all but one candidate admixture model was eliminated.  

qpWave. We computed the minimum number of streams of ancestry required to model two sets of 

three Levantine populations (set [1] Levant_N, Levant_ChL, and Levant_BA_South, set [2] 

Levant_N, Levant_BA_South, Levant_BA_North) using the qpWave37,38 methodology with 

parameter allsnps:YES.  

Allele frequency comparisons. We examined the frequencies of SNPs associated with phenotypically 

important functions in the categories of metabolism, pigmentation, disease susceptibility, immunity, 

and inflammation in Levant_ChL in conjunction with the Levant_N, Levant_BA_North, 

Levant_BA_South, Anatolia_N and Iran_ChL populations, with allele frequencies for three pooled 

continental populations (AFR, EAS, EUR) in Phase 3 the 1000 Genomes Project reported where 

available. We computed allele frequencies at each site of interest by computing the likelihood of the 

population reference allele frequency given the data, using a method established in Mathieson et al.31. 

For each population of size, N, we observe Ri sequences that possess the reference allele out of a total 

Ti sequences. The likelihood of the reference allele frequency, p, in each population given the data 
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D={X,N,Ri,Ti} is L(p;D) = ∏ {#!$(&" , (" , 1 − +) + 2#(1 − #)$(&" , (" , 0.5) + (1 −#
"$%

#)!$(&" , (" , +)} where B(k,n,p) = 3&'4#'(1 − #)&(' is the binomial probability distribution, and + is 

a small probability of error, which we set to 0.001 for our calculations. We estimated allele frequencies 

by maximizing the likelihood numerically for each population.  

Data availability: The aligned sequences are available through the European Nucleotide Archive 

under accession number PRJEB27215. Genotype datasets used in analysis are available at 

https://reich.hms.harvard.edu/datasets.  
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Abstract: Situated at over 5,000 meters above sea level in the Himalayan Mountains, Roopkund Lake 

is home to the scattered skeletal remains of several hundred individuals of unknown origin. We report 

genome-wide ancient DNA for 38 skeletons from Roopkund Lake, and find that they cluster into 

three distinct groups. A group of 23 individuals have ancestry that falls within the range of variation 

of present-day South Asians. A further 14 have ancestry typical of the eastern Mediterranean. We also 

identify one individual with Southeast Asian-related ancestry. Radiocarbon dating indicates that these 

remains were not deposited simultaneously. Instead, all of the individuals with South Asian-related 

ancestry date to ~800 CE (but with evidence of being deposited in more than one event), while all 

other individuals date to ~1800 CE. These differences are also reflected in stable isotope 

measurements, which reveal a distinct dietary profile for the two main groups.  
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 Nestled deep in the Himalayan mountains at 5029 m above sea level, Roopkund Lake is a small body 

of water (~40 m in diameter) that is colloquially referred to as Skeleton Lake due to the remains of 

several hundred ancient humans scattered around its shores (Figure 3.1)1. Little is known about the 

origin of these skeletons, as they have never been subjected to systematic anthropological or 

archaeological scrutiny, in part due to the disturbed nature of the site, which is frequently affected by 

rockslides2, and which is often visited by local pilgrims and hikers who have manipulated the skeletons 

and removed many of the artifacts3. There have been multiple proposals to explain the origins of these 

skeletons. Local folklore describes a pilgrimage to the nearby shrine of the mountain goddess, Nanda 

 

 
Figure 3.1. Context of Roopkund Lake 

[a] Map showing the location of Roopkund Lake. The approximate route of the Nanda Devi Raj Jat 
pilgrimage relative to Roopkund Lake is shown in the inset. [b] Image of disarticulated skeletal elements 
scattered around the Roopkund Lake site. Photo by Himadri Sinha Roy. [c] Image of Roopkund Lake 
and surrounding mountains. Photo by Atish Waghwase  
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Devi, undertaken by a king and queen and their many attendants, who —due to their inappropriate, 

celebratory behavior—were struck down by the wrath of Nanda Devi4. It has also been suggested that 

these are the remains of an army or group of merchants who were caught in a storm. Finally, it has 

been suggested that they were the victims of an epidemic5.  

To shed light on the origin of the skeletons of Roopkund, we analyzed their remains using a series of 

bioarcheological analyses, including ancient DNA, stable isotope dietary reconstruction, radiocarbon 

dating, and osteological analysis. We find that the Roopkund skeletons belong to three genetically 

distinct groups that were deposited during multiple events, separated in time by approximately 1000 

years. These findings refute previous suggestions that the skeletons of Roopkund Lake were deposited 

in a single catastrophic event.  

Results  

Bioarcheological analysis of the Roopkund skeletons. We obtained genome-wide data from 38 

individuals by extracting DNA from powder drilled from long bones, producing next- generation 

sequencing libraries, and enriching them for approximately 1.2 million single nucleotide 

polymorphisms (SNPs) from across the genome6-9, obtaining an average coverage of 0.51 × at targeted 

positions (Table 3.1, Supplementary Data 3.1). We also obtained PCR-based mitochondrial 

haplogroup determinations for 71 individuals (35 of these were ones for whom we also obtained 

genome-wide data that confirmed the PCR-based determinations) (Table 3.2, Supplementary Note 

3.1). We generated stable isotope measurements (δ13C and δ15N) from 45 individuals, including 37 for 

whom we obtained genome-wide genetic data, and we obtained direct radiocarbon dates for 37 

individuals for whom we also had both genetic and isotope data (Table 3.1).  
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Table 3.2. Mitochondrial Haplogroup Determination for 71 Individuals 
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R01 M1a1c 15043, 3384, 7094, 11215 I2868 M33d Roopkund_A 
R02 H 2706, 12705, 11719, 14766, 16223 I2869 H6b1 Roopkund_B 
R03 T1 16294, 16223, 12633, 11251, 15452, 8701, 15607, 1888, 14905, 11215, 9540, 8697, 16126, 12633, 4216, 

709 
I2870 T1a Roopkund_B 

R04 M3C1 15043, 482, 16294 I2871 M3c1a Roopkund_A 
R05 M2c 15043, 4216 .. .. .. 
R06 M3c2 15043, 16126, 482 I2872 M3c2 Roopkund_A 
R07 U4b2 11467, 8701 .. .. .. 
R08 M3a2 15043, 16126, 482, 5783, 10727 I3342 M3a2 Roopkund_A 
R09 U2b2 1888, 11467, 12308, 2706, 12705, 8701, 1811 .. .. .. 
R10 M3 15043, 16126 I3343 M3 Roopkund_A 
R11 U 11467, 12308, 8701, 3714, 13188 I3344 U2c1 Roopkund_A 
R12 M4"67 12007, 15043 .. .. .. 
R13 H1 16223, 14766, 11719, 12705, 9540, 3010, 2706 I3345 H1 Roopkund_B 
R14 N1b 9540, 8701, 1598 .. .. .. 
R15 .. .. I3346 M30c Roopkund_A 
R16 H1 16223, 11719, 5301, 3434, 12705, 9540, 3010, 2706 I3348 H1c Roopkund_B 
R17 .. 16223, 14766, 11719, 8701, 12705, 9540, 2706 I3349 M5a Roopkund_A 
R18 H 15043, 482, 4703 I3350 H60a Roopkund_B 
R19 M3a1 9540, 12705, 8701, 11719, 14766, 16223 I3351 M4 Roopkund_A 
R20 HV 9540, 12705, 8701, 11719, 14766, 16223 I3352 HV14 Roopkund_A 
R21 HV 709, 16126, 207, 9540, 8701 .. .. .. 
R22 N2 8701, 11719, 14766, 16223 I3401 W1 Roopkund_B 
R23 HV 15043, 9540, 8701, 12361 .. .. .. 
R24 N1a1b1 1888, 15043, 7094, 7859, 11215, 8701, 16172, 13104, 16223 .. .. .. 
R25 M5* 709, 11083, 15043, 8502, 16274, 12810 I3402 U1a1* Roopkund_A 
R26 M2a 709, 1888, 15043 .. .. .. 
R28 M5 9540, 12705, 8701, 16223 .. .. .. 
R29 R2 15043, 16126, 5301 .. .. .. 
R31 M6 1888, 15043 .. .. .. 
R32 M5 15043 .. .. .. 
R33 M 12007, 15043, 5301, 3714, 13104, 16223, 16294 .. .. .. 
R34 M4"67 1888, 11467, 12308, 2706, 9540, 12705, 8701, 1811 .. .. .. 
R35 U2b 15043 .. .. .. 
R36 M9a2 16126, 9540, 12705, 8701, 1811, 16223 .. .. .. 
R37 HV 11467, 12308, 9540, 12705, 8701, 1811, 16223 .. .. .. 
R38 U2e 6221, 6371, 9540, 8701 .. .. .. 
R39 N 2706, 9540, 12705, 8701, 11719, 14766, 16223 I3403 X2d Roopkund_B 
R40 H 2706, 9540, 12705 I3404 H12 Roopkund_B 
R41 T1 16223, 14766, 11719, 8701, 12705, 9540, 2706, 16126, 15043, 4491 .. .. .. 
R42 J1b 709, 1888, 4216, 12633, 16126, 8697, 9540, 14905, 15607, 8701, 15452, 11251, 12633, 16223 I3405 J1b Roopkund_B 
R43 M30 4216, 16126, 3010, 9540, 16612, 12705, 8701, 12406, 15452, 16069, 11251, 16223 I3406 M30 Roopkund_A 
R44 M3a1 12007, 15043 I3407 M3a1 Roopkund_A 
R45 .. .. I6934 .. Roopkund_A 
R46 HV 15043, 16126, 482, 4703 I6935 .. Roopkund_B 
R47 H 2706, 9540, 12705, 8701, 11719, 14766 .. .. .. 
R48 M2a1* 15670, 207, 4703 I6936 H1* Roopkund_B 
R49 H12 2706, 9540, 12705, 16223 I6937 H12a Roopkund_B 
R50 U4 11467, 12308 .. .. .. 
R51 X 6221, 9540, 8701 I6938 X2p Roopkund_A 
R52 M6 15043, 5082, 5301 .. .. .. 
R53 H1 2706, 3010, 9540, 12705, 8701, 11719, 14766, 16223 I6939 H1 Roopkund_B 
R54 M24 15043, 13359, 15607 I6940 M24a Roopkund_C 
R55 J1b1a1 4216, 12007, 16126, 3010, 9540, 12612, 12705, 8701, 15452, 16069, 16172, 11251, 16223 I6941 J1b1a1 Roopkund_A 
R56 M 15043 .. .. .. 
R57 P4b1 12007, 15043 I6942 R30b2a Roopkund_A 
R59 D4 15043, 3010, 5178, 8414 .. .. .. 
R60 M4"67 12007, 15043 .. .. .. 
R61 M3a1 15043, 16126, 482, 4703 I6943 M3a1 Roopkund_A 
R62 U2e3 16223, 1811, 8701, 12705, 9540, 12308, 11467 I6944 U4d3 Roopkund_A 
R63 U2e3 11467, 12308, 9540, 12705, 8701, 1811, 16223 .. .. .. 
R64 M4"67 12007,  15043 I6945 M30+16234 Roopkund_A 
R65 U2a1 11467, 12308, 9540, 12705, 8701, 10609, 1811, 16223 I6946 U8b1a1 Roopkund_A 
R66 K 11467, 12308, 8701, 1811, 16223 I6947 K1a Roopkund_B 
R67 M 15043 .. .. .. 
R68 U7 11467, 12308, 9540, 12705, 8701, 14569, 1811, 16223 I7035 U7a2 Roopkund_A 
R69 H 709, 2706, 9540, 12705, 8701, 11719, 14766, 16223 I7036 H13a2a Roopkund_A 
R72 T 4216, 16126, 9540, 12705, 8701, 16223 .. .. .. 
R73 U 3741, 12308, 11467 .. .. .. 
R74 U 11467, 12308 .. .. .. 
R76 JT 16126, 12308 .. .. .. 
R77 U 11467, 12308 .. .. .. 

* Denotes  cases  where mitochondr ia l  haplogroup determinat ion d if fers  substant ia l ly  between the mult ip lex-PCR based 
method and mitochondr ia l  capture  based analys is  
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In this study, we also present an osteological assessment of health and stature performed on a different 

set of bones from Roopkund; this report was drafted well before genetic results from Roopkund were 

available but was never formally published (an edited version of the original report is presented here 

as Supplementary Note 3.2). The analysis suggests that the Roopkund individuals were broadly 

healthy, but also identifies three individuals with unhealed compression fractures; the report 

hypothesizes that these injuries could have transpired during a violent hailstorm of the type that 

sometimes occurs in the vicinity of Roopkund Lake, while also recognizing that other scenarios are 

plausible. The report also identifies the presence of both very robust and tall individuals (outside the 

range of almost all South Asians), and more gracile individuals, and hypothesizes based on this the 

presence of at least two distinct groups of individuals, consistent with our genetic findings 

(Supplementary Note 3.2).  

Our analysis of the genome-wide data from 38 Roopkund individuals shows that they include both 

genetic males (n = 23) and females (n = 15)—consistent with the physical anthropology evidence for 

the presence of both males and females (Supplementary Note 3.2). The relatively similar proportions 

of males and females is difficult to reconcile with the suggestion that these individuals might have 

been part of a military expedition. We detected no relative pairs (3rd degree or closer) among the 

sequenced individuals10, providing evidence against the idea that the Roopkund skeletons might 

represent the remains of groups of families. We also found no evidence that the individuals were 

infected with bacterial pathogens, providing no support for the suggestion that these individuals died 

in an epidemic, although we caution that failure to find evidence for pathogen DNA in long bone 

powder may simply reflect the fact that it was present at too low a concentration to detect 

(Supplementary Note 3.3)11.  
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Roopkund skeletons form three genetically distinct groups. We explored the genetic diversity of the 

38 Roopkund individuals using a previously established Principal Component Analysis (PCA) that is 

effective at visualizing genetic variation of diverse present-day people from South Asia (a term we use 

to refer to the territories of the present day countries of India, Pakistan, Nepal, Bhutan, Bangladesh, 

and Bhutan) relative to West Eurasian-related groups (a term we use to refer to the cluster of ancestry 

types common in Europe, the Near East, and Iran) and East Asian-related groups (a term we apply to 

the cluster of ancestry types common in East Asia including China, Japan, Southeast Asia, and western 

Indonesia)12. We find that the Roopkund individuals cluster into three distinct groups, which we will 

henceforth refer to as Roopkund_A, Roopkund_B, and Roopkund_C (Figure 3.2a). Individuals in 

Roopkund_A (n = 23) fall along a genetic gradient that includes most present-day South Asians. 

However, they do not fall in a tight cluster along this gradient, suggesting that they do not comprise a 

single endogamous group, and instead derive from a diversity of groups. Individuals belonging to the 

Roopkund_B cluster (n = 14) do not fall along this gradient, and instead fall near present-day West 

Eurasians, suggesting that Roopkund_B individuals possess West Eurasian-related ancestry. A single 

individual, Roopkund_C, falls far from all other Roopkund individuals in the PCA, between the Onge 

(Andaman Islands) and Han Chinese, suggesting East Asian-related ancestry.  

To further understand the West Eurasian-related affinity in the Roopkund_B cluster, we projected all 

the Roopkund individuals onto a second PCA designed to distinguish between sub-components of 

West Eurasian-related ancestry13,14 (Figure 3.2b). Individuals assigned to the Roopkund_A and 

Roopkund_C groups cluster towards the top right of the PCA plot, close to present-day groups with 

Iranian ancestry, consistent with where populations with South Asian or East Asian ancestry cluster 

when projected onto such a plot13. Individuals belonging to the Roopkund_B group cluster toward 

the center of the plot, close to present-day people from mainland Greece and Crete15. We observe  
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consistent patterns using the automated clustering software ADMIXTURE16 (Figure 3.2c) and in 

pairwise FST statistics (Figure 3.2d, e, Supplementary Data 3.2). The visual evidence from the PCA 

suggests that two individuals from the Roopkund_B group might represent genetic outliers (Figure 

 
Figure 3.2 Genetic Structure of the Skeletons of Roopkund Lake 

[a] Principal component analysis (PCA) of 1,453 present day individuals from selected groups 
throughout mainland South Asia (highlighted in gray). French individuals (representing the location 
where West Eurasian populations are known to cluster) are shown in purple, Chinese individuals are 
shown (representing the location where East Asian populations are known to cluster) in orange, and 
Andamanese individuals are shown in teal; the 38 Roopkund individuals are projected. [b] PCA of 
988 present day West Eurasians with the Roopkund individuals projected. The PCA plot is truncated 
to remove Sardinians and southern Levantine groups; Present-day Greeks are shown in blue, Cretans 
in pink, Iranians in green, and all other West Eurasian populations in gray. A gray polygon encloses 
all the individuals in each Roopkund group with > 100,000 SNPs. [c] ADMIXTURE analysis of 2344 
present-day and 1877 ancient individuals with K = 4 ancestral components. Only a subset of 
individuals with ancestries relevant to the interpretation of the Roopkund individuals are shown. 
Consistent with the PCA, Roopkund_A has ancestry most closely matching Indian groups; 
Roopkund_B has ancestry most closely matching Greek and Cretan groups; and Roopkund_C has 
ancestry most closely matching Southeast Asian groups. Genetic differentiation (FST) between 
Roopkund_A [d] and diverse present-day populations, and Roopkund_B [e] and diverse present-day 
populations. We only plotted present-day populations for which we have latitudes and longitudes; 
deeper red coloration indicates less differentiation to the Roopkund genetic cluster being analyzed. 
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3.2b). However, symmetry f4-statistics show that the two apparent outliers (one of which has relatively 

low coverage) are statistically indistinguishable in ancestry from individuals of the main Roopkund_B 

cluster relative to diverse comparison populations (Supplementary Data 3.3), and so we lump all the 

Roopkund_B individuals together in what follows.  

Skeletons at Roopkund Lake were deposited in multiple events. The discovery of multiple, genetically 

distinct groups among the skeletons of Roopkund Lake raises the question of whether these 

individuals died simultaneously or during separate events. We used Accelerator Mass Spectrometry 

(AMS) radiocarbon dating to determine the age of the remains. We successfully generated radiocarbon 

dates from all but one of the individuals for which we have genetic data, using the same stocks of 

bone powder that we used for genetic analysis to ensure that the dates correspond directly to the 

genetic groupings. We find that the Roopkund_A and Roopkund_B groups are separated in time by 

~1000 years, with the calibrated dates for individuals assigned to the Roopkund_A group ranging 

from the 7th–10th centuries CE, and the calibrated dates for individuals assigned to the Roopkund_B 

group ranging from the 17th–20th centuries CE (Table 3.1; Figure 3.3a; Supplementary Data 3.4). The 

single individual assigned to Roopkund_C also dates to this later period. These results demonstrate 

that the skeletons of Roopkund Lake perished in at least two separate events. For Roopkund_A, we 

detect non-overlapping 95% confidence intervals (for example individual I6943 dates to 675–769 CE, 

while individual I6941 dates to 894–985 CE), suggesting that even these individuals may not have died 

simultaneously (Figure 3.3a). In contrast, the calibrated dates obtained for 13 Roopkund_B individuals 

and the single Roopkund_C individual all have mutually overlapping 95% confidence intervals.  
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Differences in diet correlate with genetic groupings. We carried out carbon and nitrogen isotope 

analysis of femur bone collagen for 45 individuals. Femur bone collagen is determined by diet in the 

last 10–20 years of life17, and therefore is not necessarily correlated with the genetic ancestry of a 

population, which reflects processes occurring over generations. Nevertheless, we find evidence of 

dietary heterogeneity across the genetic ancestry groupings, providing additional support for the 

presence of multiple distinct groups at Roopkund Lake. We first observed that the Roopkund 

individuals are characterized by a range of δ13C values indicating diets reliant on both C3 and C4 plant 

sources, as well as δ15N values indicating varying degrees of consumption of protein derived from 

terrestrial animals (Figure 3.3b and Supplementary Note 3.4). The δ13C values are non-randomly 

 
Figure 3.3 Radiocarbon and Isotopic Evidence of Distinct Origins of Roopkund Genetic Groups 

[a] We generated 37 accelerator mass spectrometry radiocarbon dates and calibrated them using 
OxCal v4.3.2. The dating reveals that the individuals were deposited in at least two events ~1000 
years apart. In fact, the Roopkund_A individuals (shown in yellow) may have been deposited over 
an extended period themselves, as the 95% confidence intervals for some of the radiocarbon dates 
(for example I6943 and I6941) do not overlap. Radiocarbon dates indicate that Roopkund_B (shown 
in red) and Roopkund_C (shown in white) individuals may have been deposited during a single event. 
Error bars indicate 95.4% confidence intervals. Calibration curves are shown in Supplementary 
Figure 3.1. [b] We show normalized δ13C and δ15N values for samples with isotopic data: 37 for 
which genetic data were generated (circles with colors indicating their cluster), and eight for which 
no genetic data were generated (labeled Roopkund_U). In cases where multiple measurements were 
obtained, we plot the average of all measurements.  
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associated with the genetic groupings for the 37 individuals for whom we had both measurements. 

We find that all the Roopkund_B individuals (with typically eastern Mediterranean ancestry), as well 

as the Roopkund_C individual, have δ13C values between −19.7‰ and −18.2‰ reflecting 

consumption of terrestrial C3 plants, such as wheat, barley, and rice (and/or animals foddered on such 

plants). In contrast, the Roopkund_A individuals (with typically South Asian ancestry) have much 

more varied δ13C values (−18.9‰ to −10.1‰), with some implying C3 plant reliance and others 

reflecting either a mixed C3 and C4 derived diet, or alternatively consumption of C3 plants along with 

animals foddered with millet, a C4 plant (a practice that has been documented ethnographically in 

South Asia17). The difference in the δ13C distribution between the Roopkund_A and Roopkund_B 

groupings is highly significant (p = 0.00022 from a two-sided Mann-Whitney test).  

Genetic affinities of the Roopkund subgroups. We used qpWave18,19 to test whether Roopkund_B is 

consistent with forming a genetic clade with any present-day population (that is, whether it is possible 

to model the two populations as descending entirely from the same ancestral population with no 

mixture with other groups since their split). We selected 26 present-day populations for comparison, 

with particular emphasis on West Eurasian-related groups (we analyzed the West Eurasian-related 

groups Basque, Crete, Cypriot, Egyptian, English, Estonian, Finnish, French, Georgian, German, 

Greek, Hungarian, Italian_North, Italian_South, Norwegian, Spanish, Syrian, Ukranian, and the non-

West-Eurasian-related groups Brahmin_Tiwari, Chukchi, Han, Karitiana, Mala, Mbuti, Onge, and 

Papuan). We find that Roopkund_B is consistent with forming a genetic clade only with individuals 

from present-day Crete. These results by no means imply that the Roopkund_B individuals originated 

in the island of Crete itself, although they suggest that their recent ancestors or they themselves came 

from a nearby region (Supplementary Note 3.5; Supplementary Data 3.5).  
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We performed a similar analysis on individuals belonging to the Roopkund_A group and find that 

they cannot be modeled as deriving from a homogeneous group (Supplementary Note 3.6). Instead, 

Roopkund_A individuals vary significantly in their relationship to a diverse set of present-day South 

Asians, consistent with the heterogeneity evident in PCA (Figure 3.2a). We were unable to model the 

Roopkund_C individual as a genetic clade with any present-day populations, but we were able to 

model its ancestry as ~82% Malay-related and ~18% Vietnamese-related using qpAdm7, showing that 

this individual is consistent with being of Southeast Asian origin. We tested if any of the Roopkund 

groups show specific genetic affinity to present-day groups from the Himalayan region, including four 

neighboring villages in the northern Ladakh region for which we report new genome-wide sequence 

data, but we find no such evidence (Supplementary Note 3.7). Within the Roopkund_A group which 

has ancestry that falls within the variation of present-day South Asians, we observe a weakly significant 

difference in the proportion of West Eurasian-related ancestry in males and females (p = 0.015 by a 

permutation test across individuals; Supplementary Note 3.8), with systematically lower proportions 

of West Eurasian-related ancestry in males than females. This suggests that the males and females 

were drawn from significantly different mixtures of groups within South Asia.  

Discussion  

The genetically, temporally, and isotopically heterogeneous composition of the groups at Roopkund 

Lake was unanticipated from the context in which the skeletons were found. Radiocarbon dating 

reveals at least two key phases of deposition of human remains separated by around one thousand 

years and with significant heterogeneity in the dates for the earlier individuals indicating that they 

could not all have died in a single catastrophic event.  
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Combining multiple lines of evidence, we suggest a possible explanation for the origin of at least some 

of the Roopkund_A individuals. Roopkund Lake is not situated on any major trade route, but it is on 

a present-day pilgrimage route—the Nanda Devi Raj Jat pilgrimage which today occurs every 12 years 

(Figure 3.1a). As part of the event, pilgrims gather for worship and celebration along the route. Reliable 

descriptions of the pilgrimage ritual do not appear until the late 19th century, but inscriptions in nearby 

temples dating to between the 8th and 10th centuries suggest potential earlier origins20. We view the 

hypothesis of a mass death during a pilgrimage event as a plausible explanation for at least some of 

the individuals in the Roopkund_A cluster.  

The Roopkund_B cluster is more puzzling. It is tempting to hypothesize that the Roopkund_B 

individuals descend from Indo-Greek populations established after the time of Alexander the Great, 

who may have contributed ancestry to some present-day groups like the Kalash21. However, this is 

unlikely, as such a group would be expected to have admixture with groups with more typical South 

Asian ancestry (as the Kalash do), or would be expected to be inbred and to have relatively low genetic 

diversity. However, the Roopkund_B individuals have evidence for neither pattern (Supplementary 

Note 3.9). Combining different lines of evidence, the data suggest instead that what we have sampled 

is a group of unrelated men and women who were born in the eastern Mediterranean during the period 

of Ottoman political control. As suggested by their consumption of a predominantly terrestrial, rather 

than marine-based diet, they may have lived in an inland location, eventually traveling to and dying in 

the Himalayas. Whether they were participating in a pilgrimage, or were drawn to Roopkund Lake for 

other reasons, is a mystery. It would be surprising for a Hindu pilgrimage to be practiced by a large 

group of travelers from the eastern Mediterranean where Hindu practices have not been common; 

Hindu practice in this time might be more plausible for a southeast Asian individual with an ancestry 

type like that seen in the Roopkund_C individual. Given that the Roopkund_B and Roopkund_C 
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individuals died only in the last few centuries, an important direction for future investigation will be 

to carry out archival research to determine if there were reports of large foreign traveling parties dying 

in the region over the last few hundred years.  

Taken together, these results have produced meaningful insights about an enigmatic ancient site. More 

generally, this study highlights the power of biomolecular analyses to obtain rich information about 

the human story behind archaeological deposits that are so highly disturbed that traditional 

archaeological methods are not as informative.  

Methods  

The genetic analysis of Himalayan populations (described in Supplementary Note 3.7) was approved 

by the Institutional Ethical Committee of the Centre for Cellular and Molecular Biology in Hyderabad, 

India. Ancient DNA laboratory Work. A total of 76 skeletal samples (72 long bones and four teeth) 

were sampled at the Anthropological Survey of India, Kolkata. Skeletal sampling was performed for 

all samples in dedicated ancient DNA facilities at the Centre for Cellular and Molecular Biology 

(CCMB) in Hyderabad, India. A subset of samples that underwent preliminary ancient DNA screening 

at CCMB, including three samples that did not yield sufficient data to assign mitochondrial DNA 

haplogroups during preliminary screening (see Supplementary Note 3.1), were further processed at 

Harvard Medical School, Boston, USA, consistent with recommendations in the ancient DNA 

literature for repeating analyses in two independent laboratories to increase confidence in results22.  

At CCMB, samples were prepared for processing by wiping with a bleach solution, followed by 

deionized water. The samples were then subjected to UV irradiation for 30 min on each side to 

minimize surface DNA contamination. Bone powder was then produced using a sterile dentistry drill.  
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We successfully generated genome-wide DNA for 38 individuals (Supplementary Data 3.1). For each 

sample, approximately 75 mg of bone powder originally prepared at CCMB was further processed in 

dedicated ancient DNA clean rooms at Harvard Medical School using standard protocols, including 

DNA extraction optimized for ancient DNA recovery23, modified by replacing the Zymo 

extender/MinElute column assemblage with a preassembled spin column device24, followed by library 

preparation with partial UDG treatment25. The quality of authentic ancient DNA preservation in each 

sample was assessed by carrying out a preliminary screening of all libraries via targeted DNA 

enrichment, designed to capture mitochondrial DNA in addition to 50 nuclear targets26. We sequenced 

the enriched libraries on an Illumina NextSeq500 instrument for 2 × 76 cycles with an additional 2 × 

7 cycles for identification of indices. Based on this preliminary assessment, libraries that were deemed 

promising underwent a further enrichment using a reagent that targeted ~1.2 million SNPs6-9, and 

then were sequenced using an Illumina NextSeq500 instrument.  

Bioinformatic processing. We used SeqPrep to trim adapters and molecular barcodes, and then merged 

paired-end reads that overlapped by a minimum of 15 base pairs (with up to one mismatch allowed) 

and aligned to the mitochondrial rsrs genome27 (for the mitochondrial screening analysis) or hg19 (for 

whole-genome analysis) using samse in bwa (v0.6.1)28. We identified duplicate sequences based on 

having the same start position, end position, orientation, and library-specific barcode, and only 

retained the copy with the highest quality sequence. We restricted to sequences with a minimum 

mapping quality (MAPQ ≥ 10) and minimum base quality (≥20) after excluding two bases from each 

end of the sequence. We obtained pseudo-haploid SNP calls by using a single randomly chosen 

sequence at SNPs covered by at least one sequence.  

We subjected the resulting data to three tests of ancient DNA authenticity: (1) we analyzed the 

mitochondrial genome data to determine the rate of matching to the consensus sequence using 
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contamMix and excluded from analysis samples that exhibited a match rate less than 97%8. (2) We 

removed samples that exhibited a rate of C-to-T substitutions less than 3%: the minimum 

recommended threshold for authentic ancient DNA that has been subjected to partial UDG 

treatment25. (3) We used ANGSD29 to determine the degree of heterogeneity on the X-chromosome 

in males (who should only have one X chromosome) and excluded from analysis individuals with 

contamination rates greater than 1.5%.  

We determined the mitochondrial haplogroup of each individual in two ways. For individuals with 

whole mitochondrial genome data, we determined the mitochondrial haplogroups using haplogrep230. 

We also determined mitochondrial haplogroups from mitochondrial DNA genotyping using multiplex 

PCR (see Supplementary Note 3.1).  

We determined the genetic sex of the individuals by computing the ratio of the number of sequences 

that align to the X chromosome versus the Y chromosome. We searched for 1st, 2nd, and 3rd degree 

relative pairs in the dataset by analyzing patterns of allele sharing between pairs of individuals (we 

found none)10.  

To identify Y-chromosome haplogroups in genetically male individuals, we used a modified version 

of the procedure reported in Poznik, et al.31, which performs a breadth-first search of the Y-

chromosome tree. We made Y chromosome haplogroup calls using the ISOGG tree from 04.01.2016 

[http://isogg. org], and recorded the derived and ancestral allele calls for each informative position 

on the tree. We counted the number of mismatches in the observed derived alleles on each branch of 

the tree and used this information to assign a score to each haplogroup, accounting for damage by 

down-weighting derived mutations that are the result of transitions to 1/3 of that of transversions. 

We assigned the closest matching Y-chromosome reference haplogroup to each male based on this 
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score (Supplementary Data 3.6). We caution that males with fewer than 100,000 SNPs have too little 

data to confidently assign a haplogroup.  

Population genetic analyses. We report data for 38 samples that passed contamination and quality 

control tests, with an average coverage of 0.51 × [range: 0.026–1.547] and 350088 SNPS covered at 

least once [range 30592–728448]. We processed the data in conjunction with published DNA obtained 

from ancient6,9,13-15,32-61 and present-day groups from throughout the world62-68, including ~175 modern 

groups from the Indian subcontinent12. The resulting merged dataset included 1521 ancient and 7985 

present-day individuals at 591,304 SNPs.  

We used smartpca69 to perform principal component analysis (PCA) using default parameters, with 

the settings lsqproject:YES and numoutlier:0. We projected the Roopkund individuals onto two PCA 

plots designed either to reveal a cline of West Eurasian-related ancestry in South Asian populations18, 

or to reveal the genetic substructure in present-day West Eurasians13. The first PCA (Figure 3.2a) 

included 1453 present-day populations12 in addition to the Roopkund individuals, while the second 

PCA (Figure 3.2b) included 986 present-day populations13, in addition to the Roopkund individuals 

and two individuals from present-day Crete (population label Crete.DG). The PCA plots show that 

the samples cluster into three distinct groups, which we label Roopkund_A, Roopkund_B and 

Roopkund_C, and treat separately for subsequent analyses.  

We used smartpca69 to compute FST between the two major Roopkund groups (Roopkund_A and 

Roopkund_B) and all other groups composed of at least 2 individuals in the dataset, using default 

parameters, with the settings inbreed:YES and fstonly:YES.  

We performed clustering using ADMIXTURE16. We carried out this analysis on all samples used for 

the PCA analyses, although we display only selected populations for the sake of clarity. Prior to 
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analysis, SNPs in linkage disequilibrium with one another were pruned in PLINK using the 

parameters–indep-pairwise 200 25 0.4. We performed an ADMIXTURE analysis on the remaining 

344,363 SNPs in the pruned dataset for values of k between 2 and 10, and carried out 20 replicates at 

each value of k. We retained the highest likelihood replicate at each k and displayed results for k (k = 

4), which we chose because we observed that it is most visually helpful for discriminating the ancestry 

of the groups of interest.  

We used qpWave18,19, with default parameters and allsnps:YES, to determine if any of the Roopkund 

populations was consistent with being a clade with any present-day populations. We included a base 

set of nine populations in each test, chosen to represent diverse ancestry from throughout the world. 

We include an additional 5–15 populations of either South Asian, West Eurasian, or Southeast/ East 

Asian ancestry in tests involving Roopkund_A, Roopkund_B and Roopkund_C respectively, chosen 

to provide additional resolution for each group based on their position in the previous PCA. Based 

on the observed genetic heterogeneity in the Roopkund_A population, we modeled each individual 

separately (Supplementary Note 3.6). For each test, the Left population set included the Roopkund 

population or individual of interest in addition to one of the selected present-day analysis populations, 

while the remaining populations were included in the Right population set. In the case of individuals 

belonging to the Roopkund_A and Roopkund_C groups, we also used qpAdm7, with default 

parameters and allsnps: YES, to determine whether these populations could be considered to be the 

product of a two-way admixture between any of the selected present-day populations (Supplementary 

Note 3.6). In this case, the Left population set included the Roopkund individual of interest in addition 

to all possible combinations of two of the selected present-day analysis populations, while the 

remaining populations were included in the Right population set.  
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AMS radiocarbon dating. We subjected bone powder from 37 samples to radiocarbon dating. We 

dated the remaining bone powder (360–750 mg) from the same samples that were processed for 

ancient DNA. We were unable to generate a radiocarbon date for individual I3401, as there was not 

enough remaining bone powder for analysis.  

At the Pennsylvania State University AMS radiocarbon dating facility, bone collagen for 14C and stable 

isotope analyses was extracted and purified using a modified Longin method with ultrafiltration70. 

Samples (200–400 mg) were demineralized for 24–36 h in 0.5 N HCl at 5 °C followed by a brief (<1 

h) alkali bath in 0.1 N NaOH at room temperature to remove humates. The residue was rinsed to 

neutrality in multiple changes of Nanopure H2O, and then gelatinized for 12 h at 60 °C in 0.01 N 

HCl. The resulting gelatin was lyophilized and weighed to determine percent yield as a first evaluation 

of the degree of bone collagen preservation. Rehydrated gelatin solution was pipetted into pre-cleaned 

Centriprep71 ultrafilters (retaining >30 kDa molecular weight gelatin) and centrifuged 3 times for 20 

min, diluted with Nanopure H2O and centrifuged 3 more times for 20 min to desalt the solution.  

In some instances, collagen samples were too poorly preserved and were pre-treated at Penn State 

using a modified XAD process72 (Supplementary Data 3.4 shows that there were no systematic 

differences in the dates obtained based on the XAD and modified Longin pretreatment extraction 

methods.) Samples were demineralized in 0.5 N HCl for 2–3 days at 5 °C. The demineralized collagen 

pseudomorph was gelatinized at 60 °C in 1–2 mL 0.01 N HCl for 8–10 h. The gelatin was then 

lyophilized and percent gelatinization and yield determined by weight. The sample gelatin was then 

hydrolyzed in 2 mL 6 N HCl for 24 h at 110 °C. Supelco ENVI-Chrom® SPE (Solid Phase Extraction; 

Sigma-Aldrich) columns were prepped with 2 washes of methanol (2 mL) and rinsed with 10 mL DI 

H2O. Supelco ENVIChrom® SPE (Solid Phase Extraction; Sigma-Aldrich) columns with 0.45 µm 

Millex Durapore filters attached were equilibrated with 50 mL 6 N HCl and the washings discarded. 
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2 mL collagen hydrolyzate as HCl was pipetted onto the SPE column and driven with an additional 

10 mL 6 N HCl dropwise with the syringe into a 20 mm culture tube. The hydrolyzate was finally 

dried into a viscous syrup by passing UHP N2 gas over the sample heated at 50 °C for ~12 h.  

For all bone samples that were subject to radiocarbon dating, carbon and nitrogen concentrations and 

stable isotope ratios of the ultrafiltered gelatin or XAD amino acid hydrolyzate were measured at the 

Yale Analytical and Stable Isotope Center with a Costech elemental analyzer (ECS 4010) and Thermo 

DeltaPlus analyzer. Sample quality was evaluated by percentage crude gelatin yield, %C, %N, and C/N 

ratios before AMS 14C dating. C/N ratios for all samples fell between 2.9 and 3.6, indicating good 

collagen preservation73. Samples (~2.1 mg) were then 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
74.  

Graphite samples were pressed into targets in Al boats and loaded on a target wheel with OX-1 (oxalic 

acid) standards, known-age bone secondaries, and a 14C-free Pleistocene whale blank. 14C 

measurements were performed at UCIAMS on a modified National Electronics Corporation compact 

spectrometer with a 0.5 MV accelerator (NEC 1.5SDH-1). The 14C ages were corrected for mass-

dependent fractionation with δ13C values75 and compared with samples of Pleistocene whale bone 

(backgrounds, 48,000 14C BP), late Holocene bison bone (~1850 14C BP), late 1800s CE cow bone 

and OX-2 oxalic acid standards for calibration. All calibrated 14C ages were computed using OxCal 

version 4.376 using the IntCal13 northern hemisphere curve77.  

Stable isotope measurements. The isotopic measurement procedure at Yale University for the 37 

samples for which we performed direct radiocarbon dating are described in the previous section.  
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We also obtained isotopic measurements for long bone samples from 19 individuals (including data 

from 11 of the same individuals that were also analyzed at Yale) at the Max Planck Institute for the 

Science of Human History. Bone samples of 1 g were subsequently cleaned using an air abrasive 

system with 5 µm aluminum oxide powder and then crushed into chunks. Collagen was extracted 

following standard procedures78. Approximately 1 g of pre-cleaned bone was demineralized in 10 mL 

aliquots of 0.5 M HCl at 4 °C, with changes of acid until CO2 stopped evolving. The residue was then 

rinsed three times in deionized water before being gelatinized in pH 3 HCl at 80 °C for 48 h. The 

resulting solution was filtered, with the supernatant then freeze-dried over a period of 24 h.  

Purified collagen samples (1 mg) were analyzed at the Department of Archaeology, Max Planck 

Institute for the Science of Human History, in duplicate by EA-IRMS on a ThermoFisher Elemental 

Analyzer coupled to a ThermoFisher Delta V Advantage Mass Spectrometer via a ConFloIV system. 

Accuracy was determined by measurements of international standard reference materials within each 

analytical run. These were USGS 40,40 δ13Craw = −26.4 ± 0.1, δ13C true = −26.4 ± 0.0, δ15Nraw = 

−4.4 ± 0.1, δ15Ntrue = −4.5 ± 0.2; IAEA N2, δ15Nraw = 20.2 ± 0.1, δ15Ntrue = 20.3 ± 0.2; IAEA 

C6 δ13Craw = -10.9 ± 0.1, δ13Ctrue = −10.8 ± 0.0. An in-house fish gelatin sample was also used as a 

standard in each run. Reported δ13C values were measured against Vienna Pee Dee Belemnite (VPDB), 

while δ15N values are measured against ambient air.  

Data availability: The aligned DNA sequences from the 38 individuals are available from the 

European Nucleotide Archive under accession number PRJEB29537. Genotype files are available at 

https://reich.hms.harvard.edu/datasets. All other relevant data is available upon request  
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Conclusion 
 

In this dissertation, I present three studies that help to advance the growing field of ancient DNA. 

Over the last decade, innovations in ancient DNA sequencing technology and analysis methods have 

made it possible to generate and analyze genome-wide data from ancient individuals on a large scale. 

With the increasing availability of population level data from ancient groups, the kinds of analyses that 

can be performed using ancient DNA have also transformed. While it remains possible to answer 

broad questions about human evolution and history using one or a small number of ancient genomes, 

the availability of genetic data from large numbers of ancient individuals now makes it possible to also 

ask a variety of questions about population composition, demographic change, and migration. Further, 

it has become possible to tailor research to directly explore questions raised by archaeological and 

historical findings. 

This dissertation contributes to the development of ancient DNA research in two ways. First, in 

Chapter 1, I describe the performance of qpAdm1, a statistical tool for modeling population admixture 

that is increasingly used in ancient DNA studies. Second, in Chapters 2 and 3, I present two 

applications of ancient DNA to the in-depth study of specific archaeological sites. These studies help 

to expand the range of questions that ancient DNA can be used to address.  

In Chapter 1, I show that qpAdm1 is a robust tool for identifying plausible admixture models and 

estimating admixture proportions. Using simulated data, I find that qpAdm yields accurate results, 

even when applied to data with low coverage, high rates of missing data, or small sample size. 

Additionally, I highlight some potential weaknesses of qpAdm, recommending that users should 

exercise caution when co-analyzing data with substantially different rates of ancient DNA damage, 
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including an extremely large number of populations in a single model, and analyzing populations with 

histories that involve extended periods of gene flow. Overall, I show that qpAdm is an extremely 

useful tool for studying population admixture, and that its performance on simulated data matches 

theoretical expectations. Further, by creating an updated user guide for qpAdm that describes how to 

use the tool and provides recommendations for best practices for its use, I help to make the tool more 

accessible to future users. 

In Chapter 2, I demonstrate the kinds of information that can be gleaned through the analysis of a 

large number of individuals from a single archaeological site. I present genome-wide ancient DNA 

from 22 individuals from Peqi’in Cave, the largest burial site in Israel dating to the late Chalcolithic 

Period2. In this study, I demonstrate that the people of Peqi’in Cave have ancestry that is related both 

to the earlier Neolithic Period inhabitants of the Levant, and to populations related to those found in 

Anatolia and Iran during the Neolithic and Chalcolithic Periods, respectively. These results are 

consistent with previous observations that cultural materials associated with the Chalcolithic Period 

in the Levant differ from those observed during earlier periods, and that they show affinity to those 

found in Iran and Anatolia during earlier periods3,4. Taken together, these results indicate that the 

cultural changes apparent in the archaeological record in the Levant at this time involve migration and 

not just cultural diffusion, helping to resolve a longstanding debate in the field of archaeology3-9. 

Further, due to the large number of individuals analyzed from this site it was possible to comment 

both on the level of genetic diversity observed within the population and on the prevalence of various 

phenotypically informative alleles, such as those associated with eye color.  

Finally, in Chapter 3, I present an application of ancient DNA to study a poorly described 

archaeological site. Roopkund Lake is difficult to study using traditional archaeological methods due 

both to its relatively inaccessible location, 5000 meters above sea level in the Indian Himalayas, and 
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to the high degree of disturbance that the site has experienced. However, the presence of the skeletal 

remains of several hundred humans scattered in and around the lake’s shores make the site of great 

interest to historians, archaeologists and the general public alike. While traditional archeological 

analysis of the site has not previously been possible, by analyzing genome-wide ancient DNA from 38 

individuals (along with other biomolecular analyses, such as carbon dating and stable isotopes), I 

showed that the origins of the skeletons of Roopkund Lake are even more mysterious than previously 

thought. I detected the presence of multiple genetically distinct groups at Roopkund Lake, that were 

deposited approximately 1000 years apart. Among the individuals at Roopkund Lake, I found 

individuals with ancestry that is typical of populations from the Eastern Mediterranean, and most 

closely related to people from present day Crete and Greece. These individuals date to around the 18th 

century, and no other documentary or archaeological evidence has been found that explains what may 

have brought this group to undertake the long journey to Roopkund Lake. This study not only 

demonstrates the ability of ancient DNA to provide meaningful insights into the origins of 

archaeological sites that are difficult to study using traditional archaeological methods, but also shows 

how ancient DNA can reveal previously unexpected insights into the movements of groups of people 

over the last several hundred years. 

Taken together, this dissertation helps to advance the field of ancient DNA by increasing our 

understanding of the performance of existing tools used for modeling the ancestry of ancient 

populations and by demonstrating the ability of ancient DNA to provide novel insights into the human 

past. As the field of ancient DNA continues to grow, it becomes increasingly important to critically 

consider the methods used to analyze this important source of data and the range of questions that it 

can be used to answer.  
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Figure S1. Distribution of p-values generated for various qpAdm models. 
The distribution of p-values generated by 5,000 replicates of qpAdm is shown for all models, except 
when sources 11 & 9 are used, in which case only 100 replicates were generated. Panel A-F shows 
the distribution of p-values produced by models using population 9 as a source, in combination with 
population 1-5 or 11, respectively. As population 0 is not included as a reference population, models 
using sources 1-5 all serve as appropriate source populations for the ancestry of population 14. 
Vertical black dotted lines indicate the p-value threshold of 0.05, above which qpAdm models are 
considered plausible. The results of a Kolmogorov-Smirnov test to determine whether the p-values 
are uniformly distributed are indicated.  
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Figure S1. Distribution of p-values generated for various qpAdm models without including 
population 0 as a reference. The distribution of p-values generated by 5,000 replicates qpAdm is shown 
for all models, except when sources 11 & 9 are used, in which case only 100 replicates were generated. 
Panel A-F show the distribution of p-values produced by models using population 9 as a source, in 
combination with population 1-5 or 11, respectively. As population 0 is not included as a reference 
population, models using sources 1-5 all serve as appropriate source populations for the ancestry of
population 14. Vertical dotted black lines indicate the p-value threshold of 0.05, above which qpAdm
models are considered plausible. The results of a Kolmogorov-Smirnov test to determine whether the p-
values are uniformly distributed are indicated.
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Overview 

qpAdm is a statistical tool for studying the ancestry of populations with histories that involve 

admixture between two or more source populations. Using qpAdm, users can assess the plausibility 

of admixture models and estimate admixture proportions.  

qpAdm is written in the language C and can be downloaded on github as part of the AdmixTools 

package: https://github.com/DReichLab/AdmixTools 
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Installation 

Dependencies 

qpAdm is part of the AdmixTools package. AdmixTools requires users to link copies of the 

following tools: GNU Scientific library (gsl), openblas, gfortran, and lapack. In order to use other 

versions of BLAS, users should update the Makefile with the corresponding version of BLAS.  

For users building AdmixTools on a Mac*, the required dependencies can be installed with 

homebrew using the following commands:  

 
brew install gsl 
brew install openblas 
 

*Users installing AdmixTools on a Mac must also uncomment the lines in the AdmixTools 

src/Makefile that modify the CFLAGS and LDFLAGS before installing AdmixTools. These 

parameters may need to be adjusted depending on the user’s compute environment set up.  

Download 

qpAdm can be downloaded from github as part of the AdmixTools package 

(https://github.com/DReichLab/AdmixTools). To clone the AdmixTools github repository, use 

the following commands: 

 
 
git clone https://github.com/DReichLab/AdmixTools.git 
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Compiling 

All source code and executables for AdmixTools packages, including qpAdm, can be found in the 

src/ directory. To recompile the program, enter the AdmixTools directory and type: 

 
 
cd src 
make clobber 
make all 
make install 
 

AdmixTools executables, including qpAdm, will be in ../bin 
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Getting Started 
 

Input Data 

qpAdm can be run on data in the following 5 formats, which are supported by AdmixTools: 

ANCESTRYMAP 
EIGENSTRAT  
PED  
PACKEDPED  
PACKEDANCESTRYMAP 
 
For the fastest analyses, we recommend PACKEDANCESTRYMAP format. For full descriptions 

of each of these formats, see 

https://github.com/DReichLab/AdmixTools/tree/master/convertf/README 

Left Population File 

The target and source populations are defined in this file. The first population included in the list is 

considered to be the target populations, and all other populations are considered to be potential 

sources of the ancestry in the target population. One population should be listed per line. The order 

of source populations (i.e. all populations after the first population) does not matter.  

Right Population File 

This is a list of reference populations to be included in the qpAdm model. The number of reference 

populations must be greater than the number of left (i.e. target and source) populations. One 

population should be listed per line. The first population in the list will be used as a base for all f4-

statistics calculated. Population order after the first population does not matter.  
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Parameter files 

In order to run qpAdm, users must provide a parameter file (i.e. a “parfile”) that contains pointers to 

the data and population model to be analyzed and indicates additional parameters to be used. The 

following parameters must be specified: 

Required parameters: 

genotypename:  pointer to the input genotype file 
snpname:  pointer to the input snp file, corresponding to the defined genotype file 
indivname:  pointer to the input ind file, corresponding to the defined genotype file 
popleft:  pointer to the left population file (described above) 
popright:  pointer to the right population file (described above)  

Optional parameters include: 

details:        Provides information about the difference between the fitted model and real 
data. See the output section for more information about the information that this 
option provides. 
Default: YES  

allsnps: Specifies whether f4-statistics will use the intersection of SNPs covered by all 
populations included in the model, or only the intersection of the 4 populations 
included in each f4-statistic  
Default: NO – restricts analysis SNP set to intersection of all SNPs among all 
populations  
Alternative: YES – uses all available SNPs for each f4-statistic comparison 

chrom: Specifies a single chromosome to be used in analysis 
Default: NULL 

nochrom: Specifies a single chromosome to ignore during analysis. May be useful for a 
crude chromosomal jackknife 
Default: NULL 

numchrom: Specifies the total number of chromosomes to be used in analysis. If 
“numchrom: 1” only chromosome 1 will be used, while if “numchrom: 22” all 
human autosomes will be used. It is recommended to set this number equal to 
the total number of autosomes in the organism being studied. 
Default: 22 

diagplus: By default, a constant is added along the diagonal of various matrices in order to 
make qpAdm output more robust results in boundary cases where the mixing 
coefficients are not well determined. In order to override this feature, set 
“diagplus: 0” 
Default: NULL 
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hires: Increases the number of decimal places reported for admixture proportions (in 
the “best coefficients” line) and standard errors (in the “std. errors” line) from 3 
to 9 when set to “YES” 
Default: NO 

instem: Allows users to specify a common prefix that is shared between all input data 
files, rather than defining each separately. For example, if the “instem: test” 
parameter is defined, qpAdm will expect the following input files: test.ind, 
test.snp, and test.geno 
Default: NULL 

hiprec_covar: Prints error covariance matrix in high precision when set to YES  
Default is to report the error covariance matrix multiplied by 1 million, high 
precision mode multiples by 1 billion 
Default: NO 

badsnpname: Specifies a list of SNPs that are ignored during analysis. Each SNP should be 
listed on a single line and should be referred to by name (i.e. the first column in 
an EIGENSTRAT .snp file) 
Default: NULL 

blockname: Allows users to specify custom block numbers for the block jackknife 
calculations. Specifies a list of SNPs to be analyzed. One SNP per line, followed 
by the desired block number (an integer greater than or equal to 1). SNPs 
assigned a block number of “-1” or that are excluded from the list will be 
ignored. 
Default: NULL 

blgsize: The jackknife block size (in Morgans). Note qpAdm checks to make sure a 
reasonable number has been suggested here. If a block size is accidentally 
specified in centimorgans, this may be flagged and corrected by qpAdm during 
analysis. 
Default: 0.05 

gfromp: When this option is selected, the genetic distance defined in the snp input file is 
ignored, and qpAdm instead uses the physical distance as a proxy for genetic 
distance, assuming 100 million bases corresponds to 1 Morgan. 
Default: NO 

fancyf4: When this option is selected, during f4-statistic calculation, if statistics of the form 
f4(A,B; C,D) are being calculated and if genotype information for population D is 
missing, in cases where A=B, the f4-statistic is still considered, as it will always be 
equal to 0.   
Default: YES 

seed: Specifies the seed to be used. If set to 0, a random seed will be chosen according 
to the system clock. 
Default: 0 
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Running qpAdm 

To run qpAdm, use the following command: 

 
DIR/bin/qpAdm -p parfile 
 

 

Where parfile is a pointer to the parameter file you have prepared for the analysis, and DIR is the 

path to the bin directory where qpAdm is stored. Users may optionally write results to a logfile 

(recommended). 

Output  

Below is an example of a typical qpAdm output. Annotations describing each section are preceded 

by ‘####’ and highlighted in yellow. 
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#### A pointer to the parameter file used for analysis 
/home/np29/o2bin/qpAdm: parameter file: qpAdm_v1_left_14_5_9_right_13_12_10_7_0_0.50_ds10000.par 
 
### THE INPUT PARAMETERS 
##PARAMETER NAME: VALUE 
 
#### A copy of the parameter file used for analysis.  
 
genotypename: scenario2_v1_a0.50_ds10000.geno 
snpname: scenario2_v1_a0.50_ds10000.snp 
indivname: scenario2_v1_a0.50_ds10000.ind 
popleft: left_14_5_9 
popright: right_13_12_10_7_0 
allsnps: YES 
details: YES 
summary: YES 
 
## qpAdm version: 1010 #### The version of qpAdm used 
seed: 1164929463  #### The seed used for analysis. qpAdm chooses a random seed (using the clock) by default, but this can be set using the "seed" 
optional parameter 
 
 
#### Any errors or potential issues may be flagged here 
 
 
#### A list of left populations used for analysis. The first population is the target population, all other subsequent populations serve as sources 
left pops: 
Pop_14 
Pop_5 
Pop_9 
 
#### A list of right populations used as references in the analysis. The first population is used as a base for all f4-statistic calculations 
right pops: 
Pop_13 
Pop_12 
Pop_10 
Pop_7 
Pop_0 
 

 

 

#### The number of individuals per population used in the analysis. Column 1- ordered list, Column 2- population ID, Column 3- # individuals per population 
  0                   Pop_14   10 
  1                    Pop_5   10 
  2                    Pop_9   10 
  3                   Pop_13   10 
  4                   Pop_12   10 
  5                   Pop_10   10 
  6                    Pop_7   10 
  7                    Pop_0   10 
   
jackknife block size:     0.050  #### Size of the block jackknife (Default 0.050, can be set using the "blgsize" parameter) 
snps: 10000  indivs: 80  #### Total number of SNPs in the dataset (not the total number of snps analyzed), Total number of individuals analyzed 
number of blocks for block jackknife: 428  #### Total number of blocks used for block jackknife 
## ncols: 10000     #### Number of SNPs in dataset 
 
 
#### The number of sites where at least one individual has coverage for each population. Column 1- Population name, Column 2- Number of sites 
coverage:                   Pop_14  10000 
coverage:                    Pop_5  10000 
coverage:                    Pop_9  10000 
coverage:                   Pop_13  10000 
coverage:                   Pop_12  10000 
coverage:                   Pop_10  10000 
coverage:                    Pop_7  10000 
coverage:                    Pop_0  10000 
dof (jackknife):   346.407    #### Effective number of blocks used in block jackknife    
numsnps used: 10000     #### Total number of SNPs analyzed  
codimension 1      #### This line always reads codimension 1 for all qpAdm analyses 
 
#### This section reports similar information as provided by the qpWave methodology, testing whether a matrix of maximum rank minus 1 (in this case 1) can 
be accepted   
 
f4info:  
#### f4 rank – the rank being tested 
#### dof – the number of degrees of freedom in the analysis 
#### chisq & tail – chi square and p values calculated from the matrix of f4-statistics 
#### chisqdiff & taildiff – comparisons of the chisq and p-values associated with the rank under consideration versus that rank minus 1.  
 
f4rank: 1 dof:      3 chisq:    14.028 tail:        0.00286708986 dofdiff:      5 chisqdiff:   -14.028 taildiff:                    1 
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#### qpAdm calculates two matrices, matrix A is of size (# of left pops x rank) and B is of size (rank x # of right pops). These matrices are reported below. Each 

column should be multiplied by the corresponding scale value listed above it. 

 

B:         

          scale     1.000         

             Pop_12     0.421        

             Pop_10    -0.037  

              Pop_7     0.937  

              Pop_0     1.716  

A:        

          scale  2279.353  

              Pop_5     0.588  

              Pop_9    -1.286  

 

#### Next, qpAdm considers whether a matrix of full rank (in this case rank=2) can be accepted. This section should be interpreted in the same way as the 

above section, unless otherwise noted 

 

full rank 

f4info:  

 

##### taildiff compares the difference between p-values produced for the full rank versus full rank minus 1. This is the p-value reported by qpAdm. If this value 

is very small, the qpAdm model is likely incorrect 

 

f4rank: 2 dof:      0 chisq:     0.000 tail:                    1 dofdiff:      3 chisqdiff:    14.028 taildiff:        0.00286708986  

 

B:        

          scale  3702.746  1434.652  

             Pop_12    -1.213    -0.782  

             Pop_10    -0.304    -0.030  

              Pop_7    -0.507    -1.143  

              Pop_0     1.476    -1.443  

A:        

          scale     1.414     1.414  

              Pop_5     1.414     0.000  

              Pop_9     0.000     1.414  

 

 

 

 

 

#### The estimated admixture proportions, order corresponds to that of left population list  
best coefficients:     0.686     0.314   
#### Mean admixture proportions computed by the block jackknife analysis.  
#### Note if the jackknife mean and best coefficients estimates are very different, there is likely to be an issue (i.e. bizarre data in a few blocks)    
Jackknife mean:      0.676547472     0.323452528  
#### The estimated standard errors assigned to each admixture proportion  
std. errors:     0.118     0.118     
 
#### An error covariance matrix that is computed with the block jackknife.  
 
error covariance (* 1,000,000) 
     13820     -13820  
    -13820      13820  
 
#### An optional line produced using the "summary: YES" parameter. It reports  
#### "summ: [target pop] [rank] [p-value] [admix prop 1] [admix prop 2] [error covariance] [error covariance] [error covariance]" 
 
summ: Pop_14    2      0.002867     0.677     0.323      13820     -13820      13820  
 
#### This section reports the qpAdm results that would be produced if the admixture estimate for one or more source populations is forced to be equal to 0 
#### The "fixed pat" parameter (Column 1) indicates which populations are forced to be equal to 0 (0=not forced, 1 = forced) 
#### The "wt" parameter (Column 2) reports the number of populations that are forced to have admixture proportion estimates equal to 0 
#### The remaining columns report Column 3- degrees of freedom, Column 4- chi squared value, Column 5-tail probability, Column 6 & 7- assigned admixture 
proportions 
 
    fixed pat  wt  dof     chisq       tail prob       
           00  0     3    14.028      0.00286709     0.686     0.314     #### In this row, all source populations are used 
           01  1     4    20.479     0.000401644     1.000     0.000     #### In this row, only the first source population (i.e. Pop_5 is used) 
           10  1     4    52.554     1.05636e-10     0.000     1.000     #### In this row, only the second source population (i.e. Pop_9 is used) 
 
#### The best pat section compares the tail prob when no pops are dropped from analysis with the highest tail prob produced when one pop is dropped 
#### A p-value greater than 0.05 for the nested model suggests that it may be appropriate to drop one or more populations from the model 
 
best pat:           00       0.00286709              -  -       
best pat:           01      0.000401644  chi(nested):     6.451 p-value for nested model:       0.0110916  
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Description of “details: YES” output 

The optional parameter “details: YES” creates a section at the end of the qpAdm log file that 

describes the difference between the fitted model and real data. This comparison is reported in two 

ways, referred to as dscore and gendstat. Both parameters highlight the difference between the real 

target population (i.e. the “Base” population) and the modeled population that is produced by a 

weighted combination of the source populations (i.e. the “Fit” population).  

dscore:  

In the case of dscore, the difference between the real target population and this theoretical “Fit” 

population is calculated using f4-statistics of the form f4(Base, Fit; Rbase, right2) where Rbase is the 

 

 

####The following section is produced when the "details: YES" option is selected. It reports the difference between fitted model and real data. See the main 

text for an explanation of how to interpret this section 

 

coeffs:     0.686     0.314  

 

## dscore:: f_4(Base, Fit, Rbase, right2) 

## genstat:: f_4(Base, Fit, right1, right2) 

 

details:                    Pop_5                   Pop_12    -0.000328   -1.756199 

details:                    Pop_9                   Pop_12    -0.000545   -2.898009 

dscore:                   Pop_12 f4:    -0.000396 Z:    -2.528301 

 

details:                    Pop_5                   Pop_10    -0.000082   -0.402814 

details:                    Pop_9                   Pop_10    -0.000021   -0.115325 

dscore:                   Pop_10 f4:    -0.000063 Z:    -0.379765 

 

details:                    Pop_5                    Pop_7    -0.000137   -0.821139 

details:                    Pop_9                    Pop_7    -0.000796   -4.840316 

dscore:                    Pop_7 f4:    -0.000344 Z:    -2.518733 

 

details:                    Pop_5                    Pop_0     0.000399    2.293766 

details:                    Pop_9                    Pop_0    -0.001006   -6.156302 

dscore:                    Pop_0 f4:    -0.000042 Z:    -0.296865 

 

gendstat:                   Pop_13                   Pop_12    -2.528 

gendstat:                   Pop_13                   Pop_10    -0.380 

gendstat:                   Pop_13                    Pop_7    -2.519 

gendstat:                   Pop_13                    Pop_0    -0.297 

gendstat:                   Pop_12                   Pop_10     1.718 

gendstat:                   Pop_12                    Pop_7     0.309 

gendstat:                   Pop_12                    Pop_0     1.974 

gendstat:                   Pop_10                    Pop_7    -1.726 

gendstat:                   Pop_10                    Pop_0     0.132 

gendstat:                    Pop_7                    Pop_0     2.757 

 

##end of qpAdm:        0.540 seconds cpu        9.150 Mbytes in use  
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primary reference population (i.e. the first population listed in the Right population list) and right2 is 

all other populations in the right population list.  

For each right2 population, the results of this f4-statistic is reported in the “dscore” section. In each 

case, the line reads:  

“dscore: right2 f4: [calculated f4-statistic] Z: [calculated z-score]” 

Additionally, for each source population, there is a corresponding line labeled “details” above this 

dscore section, where the results of the f4-statistic of the form f4(Base, source; Rbase, right2) are 

reported separately, in the form: 

“details: source right2  [calculated f4-statistic] [calculated z-score]” 

genstat: 

The genstat data reports similar information, but rather than using the primary reference population 

in all calculations, results for the statistic f4(Base, Fit; right1, right2) is reported for all combinations 

of reference populations, right 1 and right2, are reported in the form: 

“gendstat: right1 right2 [calculated z-score]”
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Example Analysis 

The following are examples of the input files required for running qpAdm. They were used to 

analyze a replicate the 10,000 SNP downsampled data with alpha 0.50 shown in Figure 3a of the 

main text. These files and the corresponding example data are provided in Supplementary File 1.4. 

Parameter file: 

qpAdm_v1_left_14_5_9_right_13_12_10_7_0_0.50_ds10000.par 
 
genotypename: scenario2_v1_a0.50_ds10000.geno 
snpname: scenario2_v1_a0.50_ds10000.snp 
indivname: scenario2_v1_a0.50_ds10000.ind 
popleft: left_14_5_9 
popright: right_13_12_10_7_0 
allsnps: YES 
details: YES 
summary: YES 
 

popleft file: 

left_14_5_9 
 
Pop_14 
Pop_5 
Pop_9 
 

popright file:  

right_13_12_10_7_0 
 
Pop_13 
Pop_12 
Pop_10 
Pop_7 
Pop_0 
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Running the example: 

The qpAdm output from this analysis is annotated in the example output shown above. To run, type 

the following commands from a directory that contains all the example files. 

 
DIR/bin/qpAdm -p qpAdm_v1_left_14_5_9_right_13_12_10_7_0_0.50_ds10000.par 

 

Where DIR is the path to the AdmixTools directory.  
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Usage Recommendations 
 

Data type 

qpAdm supports all data formats supported by the AdmixTools package (EIGENSTRAT, 

ANCESTRYMAP, PED, PACKEDPED, and PACKEDANCESTRYMAP). In order to increase 

the speed of analysis, we recommend using data in the PACKEDANCESTRYMAP format 

whenever possible. 

Parameters 

In addition to the required parameters, we recommend using the following optional parameters: 

 

details: YES 

This will provide additional output information that highlights the 
difference between the actual target population and the model fitted 
by qpAdm. See the Description of “details: YES” output section for 
further information.  

summary: YES 
This option will provide an easy to search summary line (labeled 
“summ:”) in the output that includes the assigned p-value and 
admixture proportions for the proposed model. 

allsnps: YES 

The “allsnps: YES” option was developed in order to increase the 
number of SNPs analyzed by qpAdm in cases where very little SNP 
overlap exists between all populations included in the model. Rather 
than only analyzing sites that have available data for all populations 
included in the model, with the “allsnps: YES” option specified, each 
f4-statistic is calculated using the SNP sites that are shared between 
the four populations involved in each statistic. While the choosing 
“allsnps: YES” option violates the underlying theoretical 
expectations of qpAdm, in practice, this option appears to improve 
qpAdm’s ability to distinguish between optimal and non-optimal 
models and provides more accurate admixture proportion estimates 
when analyzing data with high rates of missing data.  
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Selecting Left and Right Populations 

When selecting populations to include in a qpAdm model, users should try to maximize the data 

quality by choosing populations that contain a large number of individuals (if they can be 

confidently grouped) or that contain individuals with as high coverage as possible.  

Recent Gene Flow 

qpAdm assumes that there has been no gene flow between the left and right populations following 

the admixture event of interest. Therefore, users should try to avoid including populations that are 

known to have experienced recent gene flow with one another whenever possible. 

Ancient DNA damage 

We recommend that users avoid analyzing qpAdm models that contain mixtures of modern and 

ancient populations in either the left or right set, as such mixtures can cause target or source 

populations to produce an artifactual signal of shared drift with reference right populations. Even 

within a set of target and source populations that are ancient, users should also be wary of scenarios 

where there are variable rates of ancient DNA damage across samples when analyzing datasets 

including transition polymorphisms that are susceptible to such damage. As our simulations have 

shown, this scenario can cause admixture proportion estimates produced by qpAdm to be biased 

away from the true admixture proportion as samples with similar damage rates can appear 

artifactually too closely related to each other; in such a scenario, it is best to restrict to transversion 

polymorphisms not vulnerable to ancient DNA damage. 
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The first right population 

In order to simplify calculations, qpAdm uses the first population that is specified in the right 

population list as a base for all f4-statistics that it calculates. It is therefore important to choose this 

population with care.  

If the “allsnps: YES” option is selected, be sure to select a population that is of relatively high 

coverage to include in this position, as all f4-statistics calculated will still be restricted to only using 

sites that are covered in this individual.  

Additionally, as slight variations in the results produced by qpAdm when different reference 

populations are placed in this first position are expected, it is recommended that the same reference 

population be specified in this position across all models that are being compared, whenever 

possible. Common practice is to specify a population that is unlikely to be closely related to the 

admixture event being considered, so as not to create significant biases in the analyses if it has to be 

removed from the list of right populations to be used as a source population in comparison analyses.  

Choosing informative right populations 

qpAdm harnesses differential relatedness between left and right populations in order to determine 

whether a particular model is plausible and to assign admixture proportions. Only cases where a 

reference population is differentially related to the target and source populations—resulting in 

differences in the value of the statistics produced for each of the left populations—are informative 

for determining whether the model is plausible and for calculating admixture proportions. 

Therefore, the inclusion of a right (or reference) population that is symmetrically related to all left 

populations does not add meaningfully to the qpAdm model.  
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In cases where all right populations are symmetrically related to all left populations, qpAdm will 

likely be unable to reject any models, and will report arbitrary admixture proportion estimates with 

very high standard errors. One way to avoid this issue is to prescreen the right populations included 

in the qpAdm model, to be sure that they are differentially related to the left populations in at least 

some proportion of the f4-statistics that will be calculated. To do this, we recommend running f4-

statistics of the form f4(Lefti, Leftj; Rightk, Rightl) for all combinations of Left and Right populations 

prior to analysis. If a Right population never produces significant f4-statistics, it is not an informative 

reference population. 

In some cases it may be useful to include some number of right populations that are not 

differentially related to the left populations included in the model. For instance, when trying to 

compare a variety of models that use different left populations, it may be preferable to use the same 

set of right populations, even in cases where some right populations are only informative for some 

of the models being tested.  

Optimal number of right populations 

We recommend minimizing the number of right populations included in a model whenever possible, 

as when the number of right populations is large, the covariance matrix of f4-statistics is likely to be 

poorly estimated. In the main text, we show that in cases where a very large number of right 

populations are included in a model, the p-values calculated by qpAdm are strongly biased towards 

0. This effect is likely to result in the rejection of plausible models. We observe this effect when as 

few as 35 right populations are included in the model, however we caution that the number of right 

populations that can be safely included in a qpAdm model is likely to be highly dependent on data 
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quality and the relative relationships of the populations included in the model to one another. We 

therefore caution users to be cognizant of this potential effect and limit the number of populations 

that are included in the right population set. 

Comparing qpAdm Models 

One of the primary objectives of qpAdm users is to identify an optimal model of the ancestry of a 

target population out of a variety of possible models. While there are a number of valid approaches 

for identifying this optimal model, there are many factors to consider when choosing a strategy for 

comparing possible models, including 

1) Ensuring that the model includes right populations that are differentially related to the 

various source populations that are being used as potential left populations.  

2) Ensuring that models are directly comparable. It is not appropriate to compare two models 

that use entirely different sets of right populations. While it may not be possible to use 

identical sets of right populations for all models under consideration, the right population 

sets should be as similar as possible. 

While many strategies have been implemented by qpAdm users to directly compare models, we 

recommend using a “rotating” population approach, in which a set of populations of interest are 

selected to act either as source or reference populations. Users can then create models in which all 

possible combinations of source populations are defined in the left population list, and all remaining 

populations in the set that are not defined as source populations are set as right populations, to act 

as references. Based on simulated data, this strategy appears to maximize qpAdm’s ability to 

distinguish between possible sources of ancestry.  



 

 143 
 

 

 

Users should note that this strategy is optimal in cases where there are a limited number of possible 

source populations to consider. In cases where users wish to consider a very large number of 

possible sources, it may be optimal to instead choose a smaller number of populations to act as right 

populations for all models being considered, in order to avoid producing qpAdm models with 

reduced p-values due to the inclusion of an excessive number of right populations (see the “Optimal 

number of right populations” section).
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About qpAdm 
 
Citing qpAdm 

qpAdm was first introduced in Haak et al (2015) and is described in Supplementary Materials 

Section 10.  

An MLA version of this citation is provided below: 

Haak, Wolfgang, et al. "Massive migration from the steppe was a source for Indo-European 

languages in Europe." Nature 522.7555 (2015): 207. 

A bibtex version of this citation is also provided: 

 
 
@article{haak2015massive, 
  title={Massive migration from the steppe was a source for Indo-European languages in 
Europe}, 
  author={Haak, Wolfgang and Lazaridis, Iosif and Patterson, Nick and Rohland, Nadin 
and Mallick, Swapan and Llamas, Bastien and Brandt, Guido and Nordenfelt, Susanne 
and Harney, Eadaoin and Stewardson, Kristin and others}, 
  journal={Nature}, 
  volume={522}, 
  number={7555}, 
  pages={207}, 
  year={2015}, 
  publisher={Nature Publishing Group} 
} 
 

 

Contact 

Nick Patterson nickp@broadinstitute.org 
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Software Copyright Notice Agreement 

This software and its documentation are copyright (2010) by Harvard University and The Broad 

Institute. All rights are reserved. This software is supplied without any warranty or guaranteed 

support whatsoever. Neither Harvard University nor The Broad Institute can be responsible for its 

use, misuse, or functionality. The software may be freely copied for non-commercial purposes, 

provided this copyright notice is retained. 
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Supplementary Materials 2 
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 Supplementary Table 2.1 Background of samples yielding authentic ancient nuclear DNA. 
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I0644 CHPK00003 petrous 1 F H4 .. 0.971 .. 0.869 598616  
I1152 CHPK008 petrous 1 F J2a2d .. 0.994 .. 1.14 592889  
I1154 CHPK018 petrous 1 F T2g1a .. 0.983 .. 0.05 56279  

I1155 CHPK021 petrous 1 M K1a T1a1a* 0.962 (<200 
SNPs) 0.09 92467  

I1160 

CHPKL101B-
005, 

CHPKL101B-
011 

petrous 2 M N1a1b T1a1a1b2 0.998 (<200 
SNPs) 1.308 597303  

I1164 CHPKL104-002 petrous 1 F J2a2d .. 0.992 .. 0.362 312969  

I1165 CHPKL104-004 petrous 1 M HV1a’b’c’ T1a1a1b2 0.997 0.00362 0.95 452444  

I1166 CHPKL104-014, 
CHPKL104-026 petrous 2 M H T1a1a 0.991 0.01 0.981 531821 

Excluded from 
Analysis: Father 
or son of I1169 

I1168 CHPKL104-034 petrous 1 F T2+150 .. 1 .. 1.06 544900  

I1169 Pkinn CHPK: 
L105-012 petrous 5 F J2a2d .. 0.985 .. 8.29 1002682  

I1170 CHPKL105-030 petrous 1 M T1a2 T1a1a 0.974 0.006322 0.67 467224  

I1171 CHPKL106-019 petrous 1 M K E1b1b1b2 0.984 (<200 
SNPs) 0.26 224077  

I1172 CHPKL108B-
024 petrous 1 M K1a T1a1a 0.982 (<200 

SNPs) 0.12 122474  

I1177 CHPKL109M-
013 petrous 1 F N1b1 .. 0.989 .. 0.09 89076  

I1178 CHPKL109L-
015 petrous 1 M I6 T1a1a 0.984 0.005911 2.56 719331  

I1179 CHPKL109M-
016 petrous 1 F T2 .. 0.992 .. 0.513 399485  

I1180 CHPKL109M-
028 petrous 1 M T T1a1a* 0.998 (<200 

SNPs) 0.09 89537 

Excluded from 
Analysis: 1st 

degree relative of 
I1179 

I1181 CHPKL109M-
029 petrous 1 F T2 .. 0.983 .. 0.09 92732  

I1182 CHPKL109M-
031 petrous 1 F T1a+152 .. 0.978 .. 0.63 421398  

I1183_d CHPKL109M-
035 petrous 1 F R0a .. 0.965 .. 0.45 25171 Damage 

restricted 
I1184 CHPKL1100-020 petrous 1 F T1 .. 0.958 .. 0.41 325567  

I1187 CHPKL301N-
001 petrous 1 M U6d T 0.976 <200 

SNPs) 0.12 124452  

Detailed sample background data for each of the 22 samples from which we successfully obtained ancient 
DNA. Additionally, background information for al l  samples from Peqi’ in that were screened is included in 
Supplementary Data 2.1. *Indicates that Y-chromosome haplogroup call  should be interpreted with caution, 
due to low coverage data.  
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Supplementary Table 2.2 Outgroup Population Abbreviations 
09 Ust_Ishim, Kostenki14, MA1, Han, Papuan, Onge, Chukchi, Karitiana, Mbuti 

Haber Ust_Ishim, Kostenki14, MA1, Han, Papuan, Ami, Chukchi, Karitiana, Mbuti, 
Switzerland_HG, EHG, WHG, CHG 

A Anatolia_N 
B Steppe_MLBA 
C CHG 
D Iran_LN 
E EHG 
F Armenia_EBA 
G SHG 
I Iberia_BA 
J Steppe_IA 
L Europe_LNBA 
M Europe_MNChL 
N Natufian 
P Steppe_EMBA 
R Armenia_MLBA 
S Switzerland_HG 
T Steppe_Eneolithic 
W WHG 
Y Iran_N 
Z Levant_ChL 
These abbreviations are used to indicate the outgroups included in the “Right” 
population set during qpAdm analysis. Population abbreviations are concatenated 
in order to indicate all populations included in the “Right” set (e.g. the set 09NW 
includes all populations from the 09 set of populations (Ust_Ishim, Kostenki14, 
MA1, Han, Papuan, Onge, Chukchi, Karitiana and Mbuti) in addition to Natufian 
and WHG). 
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Supplementary Figure 2.1 FST between West Eurasian populations 12,500 BCE to present 

Pairwise FST between 21 ancient and 8 present-day populations, arranged in approximate 
chronological order. As previously reported, between population differentiation is generally greater 
among more ancient populations (top and left), while more recent populations (bottom and right) 
exhibit less between population differentiation. The Levant_ChL population exhibits the greatest 
affinity to populations closely related to those from which it descends (ie. Levant_N, Anatolia_N, 
Iran_ChL) and later Bronze Age Levantine populations (i.e. Levant_BA_Noth and 
Levant_BA_South) 
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Supplementary Note 2.1 
No detectable population structure in Levant Neolithic 

We explore the genetic composition of the Levant_N population in order to determine whether there 

is any evidence that population structure may be impacting our ability to model the ancestry of the 

Levant_ChL population. The Levant_N population was first reported in Lazaridis et al 1, where it was 

subjected to formal testing in order to determine whether it would be appropriate to consider all of 

the 13 Neolithic Levantine individuals that it includes to be a single, homogenous population for the 

purposes of genetic analyses. These tests did not detect structure in the Levant_N population to the 

limits of the statistical resolution used in that study, and they were therefore pooled for analysis. 

Nevertheless, there was suggestive evidence of potential heterogeneity among individuals during 

ADMIXTURE analysis (Figure 2.3b). Specifically, three individuals are assigned a substantial amount 

(>5%) of ancestry from a component (green) that is shared with individuals from the Levant_ChL 

population, and that is nearly absent in all other individuals in the Levant_N population. We therefore 

repeated these formal analyses of population substructure to be confident that our subsequent analyses 

about the ancestry of the Levant_ChL are not biased by any previously undetected substructure in the 

Levant_N population. 

The Levant_N analysis population is comprised of 13 individuals from the Neolithic period in the 

Levant. One individual comes from the site Motza, in Israel, while the other 12 individuals come from 

‘Ain Ghazal in Jordan. The sample from Motza is categorized as PPNB and those from ‘Ain Ghazal 

are categorized as both PPNB (n=10) and PPNC (n=2). Despite the geographic and temporal 

heterogeneity of these samples, formal symmetry testing indicates that they were consistent with being 

a homogeneous group relative to other Near Eastern populations to the limits of the resolution of the 
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study in which they were first reported1. This genetic homogeneity is consistent with similarities 

observed in their material culture. 

We repeated this formal symmetry testing analysis, further dividing the populations based on 

geography and time, and dividing them into three analysis populations: 

(i) Motza (n=1) 

(ii) ‘Ain Ghazal PPNB (n=10) 

(iii) ‘Ain Ghazal PPNC (n=2) 

We also separated the samples based on their ADMIXTURE results into two subsets: 

(A) Levant Neolithic samples with <5% ancestry assigned to the green component (n=10) 

(B) Levant Neolithic samples with >5% ancestry assigned to the green component (n=3) 

See Supplementary Table 2.3 for individual subpopulation assignments.  
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Supplementary Table 2.3: Background and subpopulation groupings of Levant_N individuals. 
   Subpopulation assignment 

I-ID Site Location Period geographic/temporal ADMIXTURE 
I1679 ‘Ain Ghazal, Jordan PPNC iii B 
I1416 ‘Ain Ghazal, Jordan PPNB ii A 
I1415 ‘Ain Ghazal, Jordan PPNB ii B 
I1414 ‘Ain Ghazal, Jordan PPNB ii A 
I1701 ‘Ain Ghazal, Jordan PPNB ii B 
I1709 ‘Ain Ghazal, Jordan PPNB ii A 
I1727 ‘Ain Ghazal, Jordan PPNB ii A 
I1710 ‘Ain Ghazal, Jordan PPNB ii A 
I1707 ‘Ain Ghazal, Jordan PPNB ii A 
I1704 ‘Ain Ghazal, Jordan PPNB ii A 
I1700 ‘Ain Ghazal, Jordan PPNB ii A 
I1699 ‘Ain Ghazal, Jordan PPNC iii A 
I0867 Motza, Israel PPNB i A 

We computed symmetry statistics2 of the form f4(Levant_N_subset1, Levant_N_subset2; Test, 

chimp) for all combinations of subsets, for all ancient and present-day populations, Test. No Test 

contributed a Z-score ≥ |3| (see Supplementary Table 2.4), suggesting that it is appropriate to treat 

all subsets as a single homogenous population, as they are symmetrically related to all other Test 

populations after correcting for multiple hypothesis testing. We therefore conclude that our ability 

to model the ancestry of the Levant_ChL population is not impacted by any sort of hidden 

substructure within the Levant_N analysis population, and that it is best to analyze these individuals 

as a single population group in order to increase statistical power during subsequent analyses. 

Supplementary Table 2.4: Statistics of the form f4(Levant_N_subset1, Levant_N_subset2; Test, 
chimp) support grouping of all Neolithic Levantine individuals into a single analysis population. 

Levant_N_subset1 Levant_N_subset2 
Lowest z-score Highest z-score 

Test Z #SNPs Test Z #SNPs 

(i): Motza (ii): ‘Ain Ghazal PPNB EHG -1.280 310463 Mota 2.500 320737 

(i): Motza (iii): ‘Ain Ghazal PPNC Iran_HotuIllb -2.124 45422 Ju_hoan_North 1.814 236504 

(ii): ‘Ain Ghazal PPNB (iii): ‘Ain Ghazal PPNC Iran_HotuIllb -2.143 30852 EHG 1.421 143667 
A: <5% green B: >5% green Iran_HotuIllb -1.773 77511 Yoruba 1.985 409912 

This table reports the Test populations that produced the highest and lowest z-scores for each sub-
population combination. Z-scores ≥ |3| are considered statistically significant.  
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Supplementary Note 2.2 
f-statistics 

We use f-statistics to formally test models for the relationship of the Levant_ChL population to other 

ancient Near Eastern populations. The process is described fully in the main text. Here we provide 

several diagrams outlining the tree-like relationships tested by the statistics, and discuss the meaning 

of the various results. For a full explanation of f-statistics, see Patterson et al.2 

We start by testing whether a model in which the Levant_ChL population descends directly from the 

Levant_N population is plausible. We will refer to this as the “base model”, and the following tree 

could be used to describe this relationship: 

 

If the model is correct, this tree should be true for any population, A, in our dataset. Note that we use 

Chimp as the outgroup population in this tree, as we are confident that it is symmetrically related to 

all human populations. 

Statistic 1: f4 (Levant_ChL, A; Levant_N, Chimpanzee) 

The first statistic we implement is used to determine whether   Levant_N is more closely related to 

Levant_ChL than it is to any test population, A. This statistic can be thought of as testing an alternative 

tree from the base model described above. This alternative tree is of the form:  
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If the base model is true, we would observe a greater affinity between the Levant_ChL and Levant_N 

populations than expected by the alternative tree (highlighted by the red lines), and the statistic f4 

(Levant_ChL, A; Levant_N, Chimpanzee) would be positive. This is the case for every population, A, 

tested (see Figure 2.3a), so Levant_N and Levant_ChL are closely related. 

Statistic 2: f4 (Levant_N, Levant_ChL; A, Chimpanzee) 

Next, we need to determine whether Levant_N and Levant_ChL form a true clade, meaning that they 

are symmetrically related to all other populations, A. This statistic can be thought of as testing a tree 

of the same form as the base model: 

 

If the base model were true, the Levant_N and Levant_ChL should always be symmetrically related, 

relative to any other test populations, A, and the expected value of the statistic f4(Levant_N, 
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Levant_ChL; A, Chimpanzee) would be equal to 0. However, we observe a negative statistic in almost 

all cases (see Figure 2.3b), indicating that the Levant_ChL population must have ancestry related to 

population A that the Levant_N population does not have.    

Considering these two statistics in combination, we conclude that the Levant_N and Levant_ChL 

populations are closely related (as indicated by statistic 1), but that they do not have a simple tree-like 

relationship (as indicated by statistic 2). 

Statistic 3: f3 (Levant_N, Levant_ChL; A, Chimpanzee) 

One possible explaination for how we might explain the relationship between Levant_ChL and 

Levant_N is if the Levant_ChL population is admixed, with some of its ancestry coming from a 

population related to Levant_N and some of its ancestry coming from a different population that is 

more closely related to some of the other Near Eastern populations that we tested. In order to 

determine whether this is the case, we use f3-statistics, which formally test for admixture. If an f3-

statistic is negative, admixture must have occurred. We test for admixture using the statistic 

f3(Levant_ChL; Levant_N, A), which can be thought of as testing a tree of the form: 

 

We find that the statistic is negative for many choices of A (see Figure 2.3c). Thus, the Levant_ChL 

population must be admixed. However, it is important to note that we cannot assume that the tree 
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that produces the most negative statistic represents the model that is closest to the truth. In order to 

identify the admixing populations, we must perform further tests. 
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Supplementary Note 2.3 
qpAdm Analyses 

To identify the best source populations to model the ancestry of the Levant_ChL population, and to 

estimate their relative admixture proportions, we use the tool qpAdm. This method computes statistics 

of the form f4(Lefti, Leftj; Rightk, Rightl), for all possible pairs of populations in a proposed “Left” set 

and a proposed “Right” set of populations. The theory 3 shows that if the set of “Left” populations 

are descended from N ancestral populations that are related differentially to a set of “Right” 

populations, then the matrix of f4-statistics will have rank N-1. We can compute a single p-value for a 

fit – fully taking into account correlation among neighboring positions in the genome and correlation 

in ancestry among populations – using a Hotelling’s T-Test (empirically measuring the covariance of 

the matrix using a Block Jackknife). For a model that fits, we can then compute mixture proportions 

with appropriate standard errors. 

qpAdm uses f4-statistics to detect shared drift between the target population and the possible admixing 

source populations, relative to a set of differentially related outgroup populations. The target and 

admixture source populations are collectively referred to as “Left” populations, while the outgroup 

populations are collectively referred to as “Right” populations. The great advantage of qpAdm is that 

it does not require that the exact phylogenetic relationships between the target, admixture source and 

outgroup populations be known. We can visualize the approach using the following image: 
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 “Right” Populations:  
 
 
 
 
 
 
 
 
 
 
 

“Left Populations”: 

 

In what follows, we use this visualization to present the various models described in the text. 

Model 1: No admixture 

In the first analysis, we attempt to determine whether the Levant_ChL population can be modeled as 

being descended directly from the source population, relative to the outgroup populations. The model 

is tested using the 09NW set of “Right” population outgroups, and we used every available ancient 

population as a possible source population. 
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In every case, the model is rejected, with a p-value <0.05. These results are reported in Supplementary 

Data 2.2. 

Model 2: Two-way admixture 

In the second analysis, we attempt to determine whether the Levant_ChL population can be modeled 

as the product of a two-way admixture between two source populations. The model is tested using 

the 09NW set of “Right” population outgroups. To reduce the number of statistics calculated, we 

restrict the populations included as possible Source Pop 1 to the 6 populations that are most closely 

related to the Levant_ChL population in space and time. Every available ancient population was used 

as a possible Source Pop 2.  

 

In every case, the model is rejected, with a p-value <0.05 or admixture proportions that do not fall 

within the bounds of 0-1. These results are reported visually in Supplementary Figure 2.2 and 

numerically in Supplementary Data 2.3. 
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Supplementary Figure 2.1. Modeling Levant_ChL as a mixture of two populations, A and B. 

The heatmap presents qpAdm p-values for 2-way admixture models with 09NW “Right” population 
outgroups. Models with admixture estimates that do not fall within the bounds of 0-1 are considered 
implausible, and are colored black and marked with a white asterisk. Cases where the same population 
is used as both Source 1 and Source 2 are not part of this analysis and are shown in grey. There are 
no fitting models of two-way admixture. 

 

Model 3: Three-way admixture 

In the third analysis, we attempt to determine whether the Levant_ChL population can be modeled 

as the product of a three-way admixture between three source populations. The model is tested using 

the 09NW set of “Right” population outgroups. To reduce the number of statistics calculated, we 

restrict the populations included as possible Source Pop 1 and Source Pop 2 to the 6 populations that 

are most closely related to the Levant_ChL population in space and time. Every available ancient 

population was used as a possible Source Pop 3. 
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While most models are rejected, seven give p>0.05 results and have admixture proportions for all 

sources between 0 and 1. These seven models are reported in Table 2.1 of the main text. The full 

results are reported visually in Supplementary Figure 2.3 and numerically in Supplementary Data 2.4. 
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Supplementary Figure 2.2. Modeling Levant_ChL as a mixture of three populations, A, B, and 
C. 

The heatmap presents qpAdm p-values for 3-way admixture models with 09NW Right population 
outgroups. Models with admixture estimates that do not fall within the bounds of 0-1 are considered 
implausible, and are colored black and marked with a white asterisk. Redundant population 
combinations are shown in grey.  

To distinguish between the seven plausible models, we add additional outgroups to the “Right” 

population set. We choose these outgroups by identifying populations that are differentially related to 

the source populations in different models using f4-statistics.  

First, we attempt to distinguish between models that contincludeain either Anatolia_N or Europe_EN 

as source populations. We use a statistic of the form f4(Anatolia_N, Europe_EN; A, Chimp) to 

identify populations that are differentially related to these two (Supplementary Figure 2.4a). The top 

seven such candidate populations are Switzerland_HG, SHG, EHG, Iberia_BA, Steppe_Eneolithic, 
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Europe_MNChL, Europe_LNBA (we chose populations with either the most negative or positive f4-

statistics that were not already being used in the models). 

We then re-ran the three-way admixture model for all plausible models, adding one or more of the 

seven new candidate outgroup populations to the “Right” population set, and find that the addition 

of the Europe_LNBA population to the “Right” population outgroups eliminates all but two models. 

The two remaining models are (1) Levant_N, Anatolia_N, Iran_ChL and (2) Levant_N, 

Anatolia_N_Levant_BA_North (see Table 2.1 in the main text). 

 
Supplementary Figure 2.3. f-statistics highlight differential relatedness between target populations 

and all ancient populations, A. 

[A] The statistic f4(Anatolia_N, Europe_EN; A, Chimp) identifies populations that are differentially 
related to Anatolia_N and Europe_EN. [B] The statistic f4(Levant_BA_North, Iran_N; A, Chimp) 
identifies populations that are differentially related to Levant_BA_North and Iran_N. 

A B
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To distinguish between these two models, we use an f-statistic of the form f4(Levant_BA_N, Iran_N; 

A, Chimp), to identify populations differentially related to Levant_BA_N and Iran_N (Supplementary 

Figure 2.4a). The top candidate population is Iran_N (we chose this population because it had the 

most negative or positive f4-statistic and was not already being used in the models). We then re-ran 

the three-way admixture model for the remaining plausible models, adding the Iran_N population to 

the “Right” population set containing 09NW and Europe_LNBA populations.  
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This eliminated the model involving Levant_BA_North (see Table 2.1 in the main text). Finally, we 

reran qpAdm using all of the additional outgroup populations (Switzerland_HG, SHG, EHG, 

Iberia_BA, Steppe_Eneolithic, Europe_MNChL, Europe_LNBA, Iran_N) in the “Right” set, which 

produces a final estimate of the admixture proportions with the lowest standard error (see Table 2.1 

in the main text).   

Model 4:  

We attempt to model the Levant_BA_North and Levant_BA_South populations as descended from 

Levant_ChL, to see if—with the available if this new population—we have a better source population 

than is available from the models proposed by Lazaridis et al. 3 and Haber et al. 4 which involved 

Levant_N and Iran_ChL.  

First, we established that the Levant_BA_North and Levant_BA_South populations are two distinct 

populations, using the statistic f4(Levant_BA_North, Levant_BA_South; A, Chimp) (see 

Supplementary Data 2.5). We identify a number of cases in which the two populations are differentially 

related to a test population, A, and therefore conclude that the two populations and significantly 

distinct and should be treated separately.  

Next, we model each population as the result of a two-way admixture between either Levant_ChL or 

Levant_N and some other source population, using the 09NW set of “Right” outgroup populations. 
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Several models are plausible in both cases (see Supplemental Figure 2.5 and Supplemental Data 6). 

Therefore, we returned to our procedure of identifying and adding additional population outgroups, 

and re-running the analysis.  

 
Supplementary Figure 2.4. Modeling Levant_BA_South and Levant_BA_North as mixtures of 

two populations, A and B. 

The heatmap presents qpAdm p-values for 2-way models describing target populations (top) 
Levant_BA_South and (bottom) Levant_BA_North with specified outgroups. Models with admixture 
estimates that do not fall within the bounds of 0-1 are considered implausible, and are colored black 
and marked with a white asterisk. Redundant population combinations or those with overlap between 
“Left” and “Right” populations are shown in grey. 

In the case of Levant_BA_North, we repeat the analysis using the Right population outgroup set 

defined in Haber, et al. 4, and further examine the impact of the addition of the Anatolia_N population 

to this outgroup set. We find that the most robust model involves a two way admixture between 

Levant_ChL and either Iran_N or Iran_LN (see Table 2.2 in the main text). 
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In the case of Levant_BA_South, for models that appear plausible using the 09NW outgroups, we re-

ran the analysis, adding various combinations of the following populations to the “Right” outgroup 

set: Armenia_EBA, Steppe_EMBA, Switzerland_HG, Iran_LN, and/or Iran_N. We find that the 

model (Levant_N + Iran_ChL) originally reported in Lazaridis et al. 3 remains the best model to 

describe the ancestry of Levant_BA_South—that is, the only one that is plausible among the models 

we tested.  
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Model 5 

To distinguish between a model in which the most recent common ancestors of the Levant_ChL and 

Levant_BA_South populations split from one another before or after they split from their shared 

admixture source populations used in the model (Levant_N, Iran_ChL), we added the Levant_ChL 

and Anatolia_N populations to the “Right” set of population outgroups. 

 

We find that the model fails when Levant_ChL and Anatolia_N are included in the “Right” population 

outgroups, suggesting that Levant_BA_South and Levant_ChL share drift that is not explained by 

their shared Levant_N and Iran_ChL ancestry. 
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Supplementary Note 2.4 
Population Admixture into East Africa from the Levant 

West Eurasian ancestry detected in East Africans has been previously hypothesized to reflect a back-

migration of West Eurasians into Africa5,6. In Lazaridis et al. 3, the authors systematically searched for 

a possible source of this admixture, modeling present-day East African populations as the product of 

an admixture event between populations related to the ancient Mota7 individual and ancient Near 

Eastern populations. They conclude that Neolithic and Bronze Age Levantine populations serve as 

the best source of this ancestry. However, neither population fit as a model for all East African 

populations. 

We now repeat this analysis, including Levant_ChL, to determine whether it may serve as a more 

proximal source of West Eurasian related ancestry in East Africa.   

We performed qpAdm with the 08ENSW outgroups (Ust_Ishim, Kostenki14, MA1, Han, Papuan, 

Onge, Chukchi, Karitiana, EHG, Natufian, Switzerland_HG, WHG) used by Lazaridis et al. 3. We 

attempt to model the East African populations, Luhya, Luo, Kikuyu, Jew_Ethiopian, Somali, Oromo, 

Masai, Dinka, Datog, Sandawe and Hadza, as a two-way admixture between the Mota individual, and 

all ancient Near Eastern populations in the dataset. Results are reported in Supplementary Data 3.8.  

Lazaridis, et al. 3 find that Neolithic and Bronze Age populations from the Levant are the best single 

proxies for the source population of the West Eurasian related ancestry in East Africa, although 

neither population can serve as a source population for all East African populations. We find that the 

Levant_N and Levant_BA_South populations are both plausible sources for all but two of the East 

African populations (Oromo and Jew_Ethiopian). Levant_ChL is a plausible source population for all 

but three East African populations (Oromo, Jew_Ethiopian, and Masai). These results confirm that 
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the West Eurasian ancestry observed in East Africa may be Levantine in origin, but suggest that the 

Levant_ChL population is not the best available source population to use to model this ancestry. 

Levant_N or Levant_BA_South are at least as good proxies for this ancestry, and possibly somewhat 

better.  
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Supplementary Figure 3. 1 Radiocarbon Dating Calibration Curves 

We generated 37 accelerator mass spectrometry radiocarbon dates and calibrated them using OxCal 
v4.3.2. Individuals are listed in order of mean calibrated radiocarbon date. Possible dates for each 
individual are indicated by the grey histogram (the higher the height of the histogram, the more 
likely that the individual dates to this time period).  
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Supplementary Note 3.1-  
Mitochondrial Haplogroup Determination via Multiplex PCR 

We carried out mitochondrial DNA analysis of 76 skeletal samples from Roopkund at the Center for 

Cellular and Molecular Biology (CCMB) in Hyderabad, India using a multiplex PCR-based method. 

Following the production of bone powder from each of the 76 bone samples (Table 3.2) using a sterile 

dentistry drill, we extracted DNA using a modified version of Yang, et al. 2. We dissolved 

approximately 100mg of bone powder in 1.5 mL extraction buffer (0.5 M EDTA pH 8.0, 0.5% SDS, 

and 500 µg/mL proteinase K) and incubated in a shaking incubator at 37°C overnight. After spinning 

down each tube at 4000 rpm for 5 minutes, we discarded the pellet containing the cellular debris and 

transferred the supernatant containing the DNA to a 4mL Amicon filter (Sigma-Aldrich®). We 

brought the volumes down to 250ul by spinning the samples through the filters for 2-5 minutes. We 

transferred the supernatants to a 2mL Eppendorf tube containing 5X PB binding buffer (Qiagen®).  

We then transferred the samples to MinElute spin columns (Qiagen®), spun them at 7000 rpm for 1 

minute, and discarded the eluate. We added 710 µL of PE wash buffer (Qiagen®) to the filter and 

spun the samples at 10,000rpm for 1 minute. After discarding the supernatant containing ethanol to 

wash off the salts, we dry-spun each tube at 14000 rpm for a minute to remove any trace ethanol. We 

discarded collection tubes and placed the filters in fresh 1.5mL Eppendorf tubes and added 45µL of 

EB elution buffer (Qiagen®) to the center of each filter. We followed this by incubation at 37oC for 

15 minutes. After spinning the tube at 14000 rpm for 1 minute, we added an additional 30µL EB 

buffer to the same filter (to recover any leftover bound DNA molecules), incubated for another 10 

minutes at 37oC and spun as above. We discarded the filter and retained the DNA eluate.   
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We amplified the mtDNA and genotyped it using the Sequenom iPLEX assay via the MassARRAY 

system (SEQUENOM, San Diego, CA), which requires a very small amount of input DNA (picogram 

scale) and is compatible with degraded, small-sized amplicons. Using this system, we designed 4 panels 

(Supplementary Data 3.7) of amplification and extension primers, which target a total of 115 

diagnostic mtDNA sites (23, 36, 31 and 25 sites, respectively). We performed multiplex PCR and 

genotyping according to the manufacturer’s instructions. We report the genotyping results in 

Supplementary Data 3.8 for the 71 samples from which we were able to successfully extract ancient 

DNA. Assigned mitochondrial haplogroups are reported in Table 3.1 and Table 3.2.  
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Supplementary Note 3.2-  
Physical Anthropology Assessment of Roopkund Skeletons 

The following section is an edited version of an unpublished report generated before genetic data were 

available by co-author Prof. Subhash Walimbe. The goal of our edits is to synthesize the 

anthropological discussions included in that report with the genetic findings. Newly added statements 

dealing directly with the genetic results are shown in italics. Some of the content of the original reports 

was used as part of the script of a National Geographic television documentary that was made 

describing the Roopkund Lake Site, so there are similarities between parts of the text that follows and 

that script1. 

The high-altitude (5029 meters) lake of Roopkund is situated in the eastern part of Chamoli District 

of Uttaranchal State. It nestles in the lap of Trisul (7,122 m), one of the highest peaks in India. The 

lake (kund) is also known as ‘Skeleton Lake’ for the puzzling occurrence of several hundred human 

skeletons in the lake itself and in the vicinity. The lake remains frozen for almost 11 months in a year, 

and when snow melts one can see these human skeletal remains, sometimes with flesh attached, well 

preserved in the alpine conditions.   

At the time of the physical anthropology assessment and prior to the performance of genetic analysis, 

a set of five samples were analyzed by accelerator mass spectrometry (AMS) radiocarbon dating. 

Results are shown in Supplementary Table 3.1, and reveal that at least some of the samples at 

Roopkund Lake date to events approximately ~1200 years ago, a result that we confirmed through 

radiocarbon dating performed in this study for the 23 individuals from the Roopkund_A cluster. An additional 14 

individuals from the Roopkund_B and Roopkund_C clusters had much more recent dates of ~200 years ago (see main 
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text). The fact that individuals from this temporal cluster happened not to be included in the first round of dating explains 

why the previous report does not discuss the presence of a later group of individuals. 

Supplementary Table 3.1. Radiocarbon dates obtained prior to the present study 

OxCal ID Sample ID* Sample 
Type 13C (%) Uncalibrated Date 

(years before 1950 CE) 
95.4% calibrated 

interval 
OxA-12792 Roopkund 11 tooth -19.4 1145±50 BP 727-995 CE 
OxA-12793 Roopkund 13 bone -17.7 1241±27 BP 684-875 CE 
OxA-12794 Roopkund 14 hair -13.2 1200±26 BP 722-892 CE 
OxA-12795 Roopkund 15 tooth -13 1142±27 BP 777-978 CE 
OxA-12796 Roopkund 16 tooth -9.4 1240±28 BP 685-876 CE 

Note: None of these sample IDs are ones for whom we obtained genetic results . 

Many proposals have been suggested to explain the presence of skeletons at Roopkund Lake.  One 

proposal associates the skeletons to King Jasdhaval of Kannauj and his wife as well as their attendants. 

The theory is that the troupe perished in a blizzard following a Devi's wrath. This accident is suggested 

to have occurred around 1150 CE.   

A second theory suggests that the skeletons are the remains of the Dogra General Zorawar Singh's 

army from Jammu which tried to invade Tibet in 1841, and which was beaten off and forced to find 

its way back home over the Himalayas. Both these hypotheses are inconsistent with the five 

radiocarbon dates reported in Supplementary Table 3.1, which fall at neither of these times.   

Anthropologists have known about the site since the early 1950s, and a few attempts were made to 

study these remains. Two expeditions travelled to Roopkund, one led by Prof. D. N. Mujumdar of 

Lucknow University, and the other by the Anthropological Survey of India,  Kolkata. Both these teams 

estimated a population of 600-800 individuals who died at Roopkund Lake. The samples we studied 

anthropologically are randomly drawn from the skeletons. 
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Most individuals are represented in the anthropological analysis by complete neurocranial vaults (skull 

caps), or fragments thereof. Although preservation of the bones is excellent (there is no weathering), 

no skull is complete. No significant bones of the facial region were found in articulation with the 

neurocranial vault (except in one or two cases, where nasal bones are in situ). There were around 20 

complete or fragmentary gnathic bones, maxilla or mandible, with some teeth preserved in their 

sockets.  

A set of 25 complete long bones, 3 broken long bones, and 3 girdle bones were also available for 

study. No bone of the thoracic cage, except 12 vertebrae and one sacrum, were analyzed. 

Prof. Bhattacharya of Delhi University studied the phenotypic features of the skeletons. In his opinion 

articulated at the time of the original composition of this anthropological report (and thus prior to the 

availability of genetic data), there are two distinct groups of individuals: one with very robust features, 

and the other with moderate features. For the ‘robust’ group, the robusticity is evident in the form of 

prominently developed features on the cranium, such as a prominent glabellar region (the central 

region immediately above the orbits), supra-orbital ridges, prominent temporal lines, occipital crest 

(where neck muscles are attached), and large mastoids. These are all places that provide surfaces for 

muscle attachment. The long bones, especially the femora from the Lucknow collection and humeri 

from the Pune collection, are extremely robust.  On the other hand, there is also a ‘not so robust’ 

group with less well-developed features.  

Twenty-five complete long bones permit estimation of stature. Four individuals are very tall, with 

height in the range 184.41-187.55 cm. It is likely that these are males. Except for three individuals with 

statures of 178.16 cm, 181.33 cm, and 179.79 cm, respectively, all other individuals are below 175 cm 

in height. The minimum height recorded for the series is 145 cm. Some of the ‘short’ individuals could 
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be females. Inference of sex is based on robusticity, and because males tend to be more robust and 

females, there is some uncertainty in this classification. Nevertheless, there are at least two cases (in 

the Lucknow collection) where confirmation of sex is based on the morphology of a wide sciatic 

notch, which unmistakably indicates female sex. Evidence of several shell bangles both in the 

Lucknow and Pune collection can be taken as supplementary pieces of evidence confirming that the 

Roopkund population consisted of both males and females. After the compilation of this physical anthropology 

report, we confirmed the presence of many females among the Roopkund individuals, with 23 genetic males and 15 genetic 

females (see the main text). 

Does the differential expression in robusticity fall within the normal range of variation in a 

homogeneous population? This question is difficult one to answer. Is either of the sets of skeletons--

the robust or the delicate ones--consistent with being local? Prof. Bhattacharya’s study on 

morphological assessment of the series is important in this regard, and the following information may 

shed some light on these questions.  

One of the major works undertaken by the Anthropological Survey of India is the study of biological 

variation in Indian populations. Most Indian communities have a stature of around 163-165 cm. There 

are few communities reported to have a typical stature of more than 170 cm, and they include Gujjar 

Muslims of Saho-Chamba (Himachal Pradesh) at 174 cm, Burishki-Hunza of Jammu-Kashmir at 171 

cm, Maharatta Coorg of Karnataka at 174 cm, Moplas Sunni Muslims of Kerala at 176 cm, Jats and 

Sikhs of Punjab at 172-180 cm,  Jats of Meerat at 174-182 cm, and Rajput (Dogra-Hindu-Muslim-

Marwari groups) of the Indo-Gangetic Plain at 175-182 cm. No Indian population, except these, is 

known to have such a large average height.   
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In this regard the Roopkund group is tall: except for individuals 18, 19, 24 and 25 (of which 18 and 

25 are positively females), all have a ‘more than average’ stature. It must, however, be remembered 

that the above are averages and in every population there are exceptionally tall and strong individuals. 

Going to such a high altitude would require a minimum level of toughness and therefore individuals 

having stature up to perhaps 170-172 cm (5’6”-5’7”) might be unsurprising (for example, they could 

be a local group of porters). The ‘sturdy’ group is of individuals having stature of more than 175 cm, 

which were almost certainly ‘visitors’ as their height is very atypical of peoples of the region. It is of 

course tentative to hypothesize anything on the basis of robusticity alone. Nevertheless, it is notable that the physical 

anthropologists who compiled the original version of this report emphasized—prior to the availability of genetic data—

that the variation in robustness of some of the individuals raised the possibility that the individuals coming from multiple 

populations, consistent with the later genetic findings. Although we do not have long bone length measurements on the 

individuals on whom we obtained DNA, it is tempting to hypothesize that the tall and robust individuals correspond to 

the Roopkund_B cluster of Mediterranean origin. 

The Roopkund series is predominantly of middle-aged adults (35 to 40 years). There are young adults 

(around 18-20 years of age) too. One skeleton of an individual of around 15 to 16 years of age was 

noticed at the site. In this case, epiphyseal fusion for distal ends of leg bones, femur and tibia, had 

occurred just prior to the death. There are no immature babies or children so far noted from the site. 

There are a few very old individuals in the series as well (definitely 50+ years). Cranial sutures in these 

individuals are completely fused and the teeth show significant attrition even on the third molars. The 

presence of elderly ladies in the series is noteworthy. It is consistent with the notion of pilgrims and 

inconsistent with the ‘army’ hypothesis.     

The Roopkund individuals overall appear very healthy. Even in old individuals, there is no significant 

noticeable pathology. There are few vertebrae in the collection, so no comment can be made on 
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possible 'degenerative pathologies' like spondylitis or vertebral lipping. Long bone ends do not show 

any indication of arthritic lesions. Even osteoporosis, the most common skeletal metabolic disease in 

older individuals, is not reflected in any of the bones. This disease is primarily characterized by a 

reduction in total bone volume caused by thinning of cortical walls of the long bones; the Roopkund 

long bones are extremely strong. 

The oral health of the Roopkund series is good. Except for the natural wear caused by masticatory 

stress there is no other pathology. The only exception was an alveolar abscess in one specimen above 

the maxillary first molar (which is lost, probably because of caries infection long before the individual 

died). There are few cases of antemortem tooth loss in the old aged specimens.   

There are some indications of nutritional stress, signs of which are seen on bones in the form of 

porosity and porotic hyperostosis. There are two possible deficiencies consistent with the data.  

The first explanation is iron deficiency anaemia, that is, reduction in concentration of haemoglobin 

and/or red blood cell counts below normal. Iron is needed for the development of haemoglobin in 

newly formed RBCs (produced in bone marrow), so in anaemia RBCs become pale and small and 

have a much shorter life span. This can contribute to abnormalities in the skeleton. The main 

diagnostic criteria are thinning of the outer table of the skull and thickening of the diploe between two 

skull tables (reflecting the body’s attempt to produce more RBC by increasing the marrow space). 

When orbital margins are affected, the lesion is called as cribra orbitalia. The changes on the orbital 

roof in the form of 'holes' seen on some specimens can be misunderstood as cribra orbitalia (caused 

by iron deficiency). However, since there are virtually no changes in the cranial bones (such as 

thickening) the diagnosis of iron deficiency (as stated in the earlier reports) is unlikely to fully explain 
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these observations. The porosity on frontal and parietal bones seen in many other specimens could, 

however, be anaemic in origin.   

Another possible explanation for the porosity in these bones might be a vitamin deficiency, for 

example a deficiency in Vitamin C which is necessary for the body to combat infection, for normal 

formation of body tissue, and for the absorption of iron. In addition to reducing the resistance to 

infection, vitamin C deficiency predisposes to bleeding into the skin and beneath the periosteum 

(membrane surrounding the bones). The result is the formation of new bone on the skeleton as a 

response to bleeding. Jaw bones are generally the most affected elements, as the gums tend to bleed 

while chewing food. We have only a few maxillary and mandibular fragments. Yet on one maxillary 

sinus floor there is an evidence of new bone formation (which could be maxillary sinusitis, as well). 

The changes in the orbital region, characteristically new bone formation (in more understandable 

terms 'scurvy'), are positive indications of vitamin C deficiency. A prolonged winter and inhospitable 

climate around Roopkund Lake and the consequent absence of fresh produce for many months would 

contribute to such changes.  

There are also many cases of 'warping' in the Roopkund series. Depression near the bregma seen in 

one case or depression in the post-bregmatic region in the other case could be a result of low weight 

pressure for extended periods of time. Individuals who spent large amounts of time carrying loads on 

the head could be expected to have such skeletal patterns. 

There are examples of cracks on many crania that probably occurred years after death. These cuts are 

sharp, with slight chipping of bone along the edges and running for up to 8 to 10 cm in length along 

the parietal or frontal bones. Such damage is not expected to occur when there is soft tissue cover. A 

possibility is that they reflect landslides causing rolling of defleshed skeletons.  
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There are three cases that require special mention: a depression near the lambdoid region in one 

individual affecting an approximately 5x5 cm area, a depression on the orbital roof in another 

individual, and an ‘injury’ on the frontal bone of the third individual. These can be described as 

‘compression fractures’ which are caused by excessive impacts. The very fact that some broken 

fragments are still attached to the skull and unhealed indicates that the incidents occurred at or near 

the time of death (or could even be the cause of death). A blow by a heavy object like a stone of the 

size of a cricket ball can cause such an injury. 

Can Roopkund’s weather and topography provide a clue to explain these compression fractures? The 

area around Roopkund is known to be regularly hit by hailstones as large as cricket balls. It is also 

interesting to note that in oral traditions, the local folk women sing of an ancient tale, of how the 

Hindu Goddess Nanda Devi, angered by her devotees, rained down a storm of hail as hard as iron, 

killing them all on the spot. This would be consistent with at least some of the Roopkund individuals 

dying as a large group of people, both men and women, was winding its way past Roopkund Lake, 

and encountered a hailstorm from which it could not take shelter, resulting in the death of large parts 

of the party. In light of the genetic data and new radiocarbon dates, a single deadly event could not be the whole story 

of what happened at Roopkund Lake, although it remains a reasonable suggestion that hailstorms explain some of the 

deaths, epsecially in light of the three individuals with compression fractures. 
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Supplementary Note 3.3-  
Genetic screening for ancient pathogens 

One possible cause of death of the individuals at Roopkund Lake is that they were the victims of an 

epidemic. To search for evidence of this, we screened the genetic data for signs of bacterial pathogens 

which may indicate cause of death3.  

While our procedure for generating ancient DNA data was specifically designed for enriching human 

DNA, there is still a large proportion of non-human sequences associated with each sample; in our 

data, an average of 74% of sequences from the libraries made from Roopkund samples do not map 

to any of the 1.2 million SNP sites4-7 that were targeted during the human enrichment capture (range: 

46-93%) (Supplementary Table 3.2). While much of this DNA can be assumed to be the result of 

environmental contamination, it is also possible to identify DNA from ancient bacteria that were 

present in the individual at the time they died.  

We used MALT3 to screen all sequences (after merging and removal of duplicates) for evidence of 

bacterial pathogens in each individual. MALT compares each sequence to the entire NCBI bacterial 

database, using an algorithm to specifically assign each sequence to a particular node representing a 

species or group of species in the bacterial species tree3. We then performed a series of validation steps 

using the tool HOPS8 to assess the authenticity of sequences assigned to 165 nodes of interest 

(Supplementary Table 3.2), selected based on their relationship to common human pathogens. The 

sequences are assessed for authenticity using several criteria9, including: 
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1) Edit distance: A measure of the number of differences in nucleotide identity between the 

sequence and the reference sequence to which it is aligned. When a pathogen is present in a 

sample, we would expect that the majority of aligned sequences to be extremely similar to the 

reference sequence (low edit distance). We therefore require that the distribution of edit 

distances be approximately exponentially decreasing for a particular pathogen node to be 

considered plausibly authentic. 

2) Ancient DNA damage: Authentic ancient DNA has characteristic cytosine deamination 

especially at the terminal ends of molecules. We therefore filter out all sequences that do not 

contain a C-T (cytosine-thymine) mismatch relative to the reference genome.  

3) Edit distance of damaged sequences: We examine the edit distance distribution of all 

sequences that pass the ancient DNA damage filter at each node. Again, we expect that 

authentic, pathogenic ancient DNA would be similar to the reference sequence (after 

accounting for the minimum of 1 mismatch due to the C-T mismatch used to ascertain these 

sequences). We require that the distribution of edit distances is exponentially decreasing 

(starting at edit distance = 1, rather than 0) in order to consider the node to be plausibly 

authentic. 

The confidence with which we can detect bacterial DNA for each sample is scored based on the 

number of authentication stages that it passes (e.g. if a sample that has an exponentially distributed 

edit distance, but no ancient DNA damage, it will be classified as stage 1) using the tool HOPS8. 

Samples that have aligned sequences to any of the pathogen nodes of interest that pass at least stage 

1 are included in Supplementary Figure 3.2.  
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Supplementary Figure 3.2 Heatmap of positive pathogen screening hits. 

This heatmap shows all positive hits for pathogens at nodes of interest that minimally meet the stage 
1 screening criteria. The highest authentication stage passed is indicated by the color (stage 1: yellow, 
stage 2: orange, stage 3: red), with nodes that did not meet authentication stage 1 shown in grey.  

We manually assessed all positive hits (of stage 1 or greater) using criteria such as number of aligned 

sequences, distribution across the pathogen genome, sequence length, and duplication rate, in addition 

to edit distance and damage profile to determine whether there is any evidence for authentic ancient 

pathogen DNA.  

While we detect a number of plausible occurrences of the Clostridium bacteria in the data, we find no 

evidence of bacterial pathogens that may provide an explanation for the cause of death of the 

individuals at Roopkund. Clostridium is a common soil bacterium10, and its presence among numerous 

samples and the wide variety of different Clostridium nodes with positive hits suggests that this 

bacterium is likely present in the environment at Roopkund. No other pathogens appear to show 

convincing evidence of presence in the ancient DNA samples. We note that while we have been unable 

to detect human pathogens in the Roopkund data, we cannot exclude the possibility that other 

undetected pathogens may have been responsible for the death of the Roopkund individuals.  
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Supplementary Table 3.2 Bacterial pathogens potentially detected in the screen 

African swine fever virus Helicobacter pylori Plasmodium vivax 
Aspergillus fumigatus Herpes simplex virus 1 strain R-15 Pneumocystis carinii 
Bacillus anthracis Herpes simplex virus (type 1 / strain 17) Pneumocystis jirovecii 
Bacillus cereus group Herpes simplex virus (type 1 / strain A44) Porphyromonas gingivalis 
Bartonella bacilliformis Herpes simplex virus (type 1 / strain Angelotti) Porphyromonas gingivalis W83 
Bartonella henselae Herpes simplex virus (type 1 / strain CL101) Rickettsia africae 
Bartonella quintana Herpes simplex virus (type 1 / strain CVG-2) Rickettsia akari 
Blastomyces dermatitidis Herpes simplex virus (type 1 / strain F) Rickettsia conorii 
Bordetella Herpes simplex virus (type 1 / strain HFEM) Rickettsia felis 
Bordetella pertussis Herpes simplex virus (type 1 / strain HZT) Rickettsia japonica 
Bordetella petrii Herpes simplex virus (type 1 / strain MGH-10) Rickettsia prowazekii 
Borreliaceae Herpes simplex virus (type 1 / strain MP) Rickettsia rickettsii 
Borreliella afzelii Herpes simplex virus (type 1 / strain Patton) Rickettsia sibirica 
Borreliella burgdorferi Herpes simplex virus (type 1 / strain R19) Rickettsia typhi 
Borreliella garinii Herpes simplex virus (type 1 /strain RH2) Salmonella enterica subsp. enterica 
Brucella Herpes simplex virus (type 1 / strain SC16) Salmonella typhimurium TR7095 
Brucella abortus Herpes simplex virus unknown type Schistosoma mansoni 
Brucella melitensis Histoplasma capsulatum Shigella boydii 
Brucella microti Klebsiella oxytoca Shigella dysenteriae 
Brucella ovis Klebsiella pneumoniae Shigella flexneri 
Brucella suis Klebsiella pneumoniae subsp. rhinoscleromatis Shigella sonnei 
Burkholderia cepacia Legionella pneumophila Staphylococcus aureus 
Burkholderia mallei Leptospira alexanderi Streptococcus 
Burkholderia pseudomallei Leptospira alstonii Streptococcus gordonii 
Chlamydia abortus Leptospira borgpetersenii Streptococcus gordonii str. Challis substr. CH1 
Chlamydia caviae Leptospira broomii Streptococcus mutans 
Chlamydia felis Leptospira fainei Streptococcus pneumoniae 
Chlamydia muridarum Leptospira inadai Streptococcus pyogenes 
Chlamydia pecorum Leptospira interrogans Taenia solium 
Chlamydia pneumoniae Leptospira kirschneri Tannerella forsythia 
Chlamydia psittaci Leptospira kmetyi Tannerella forsythia 92A2 
Chlamydia trachomatis Leptospira licerasiae Toxoplasma gondii 
Clostridium Leptospira noguchii Treponema 
Clostridium botulinum Leptospira santarosai Treponema denticola 
Clostridium botulinum BKT015925 Leptospira weilii Treponema denticola ATCC 35405 
Clostridium botulinum E3 str. Alaska E43 Leptospira wolffii Treponema pallidum 
Clostridium sporogenes Methanobrevibacter oralis Treponema pallidum subsp. pallidum 
Clostridium tetani Moraxella catarrhalis Treponema pallidum subsp. pallidum 
Clostridium tetani E88 Mycobacterium abscessus Treponema pallidum subsp. pertenue 
Coccidioides immitis Mycobacterium africanum Trichinella spiralis 
Coccidioides posadasii Mycobacterium avium Trypanosoma brucei 
Corynebacterium diphtheriae Mycobacterium bovis Trypanosoma cruzi 
Coxiella burnetii Mycobacterium canettii Variola major virus 
Cryptococcus gattii Mycobacterium colombiense Veillonella parvula 
Cryptococcus neoformans Mycobacterium indicus pranii Vibrio cholerae 
Cynomolgus Epstein-Barr Virus A4 Mycobacterium intracellulare Vibrio parahaemolyticus 
Cynomolgus Epstein-Barr Virus Si-IIA Mycobacterium kansasii Vibrio vulnificus 
Cynomolgus Epstein-Barr Virus TsB-B6 Mycobacterium leprae Yersinia enterocolitica 
Enterobius vermicularis Mycobacterium tuberculosis complex Yersinia pestis 
Epstein-barr virus strain ag876 Mycoplasma pneumoniae Yersinia pseudotuberculosis 
Epstein-barr virus strain p3hr-1 Neisseria Yersinia pseudotuberculosis complex 
Escherichia coli Neisseria gonorrhoeae  
Escherichia coli O111 Neisseria meningitidis  
Escherichia coli O157:H7 Parvimonas micra  
Escherichia coli O26 Peptostreptococcus anaerobius  
Haemophilus influenzae Peptostreptococcus micros CC57A  
Haemophilus influenzae Rd KW20 Plasmodium falciparum  
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Supplementary Note 3.4-  
Stable carbon and nitrogen isotope analysis of bone collagen 

The analysis of stable carbon (d13C) and nitrogen (d15N) isotope ratios of bone collagen is regularly 

utilized as a method of palaeodietary reconstruction in archaeology 11-15. The method is based on the 

fact that stable carbon and nitrogen isotope ratios in bone collagen reflect the stable carbon and 

nitrogen ratios of the diet, and that different food sources can be differentiated into groups on the 

basis of these ratios12,16,17. Controlled diet experiments with laboratory rats have shown that owing to 

preferential routing, bone collagen d13C and d15N values primarily reflect dietary protein and not the 

whole diet 18.  

Stable carbon isotope analysis primarily focuses on the variability of carbon isotope ratios between 

different groups of primary producers in the environment which is linked to isotopic fractionation 

during photosynthesis. Since the lighter isotope, 12C, diffuses faster than the heavier 13C, all plants are 

enriched in 12C compared to 13C, albeit to different degrees. Three different photosynthetic pathways 

allow the grouping of plants on the basis of this enrichment. The C3 or Calvin-Benson pathway is 

found in most plant species, including crops such as wheat, rice, barley and potato. In C3 plants the 

d13C varies between -24 to -36‰ 19,20. The C4 or Hatch-Slack pathway is commonly seen in arid-

adapted plants, and crops such as maize, sorghum and millet. The δ13C for such plants averages -

12.5‰19,21. A small proportion of plants utilize the Crassulacean Acid Metabolism (CAM) pathway 

and these demonstrate tremendous variability in isotopic fractionation19. In marine ecosystems, the 

primary producers demonstrate relatively enriched 13C, which affects the whole trophic chain. As a 

result, consumption of marine food sources results in elevated d13C values compared to terrestrial-

based diets 12.  
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Animals (including humans) consuming these plants reflect these isotopic differences, so that stable 

carbon isotope analysis of their tissues allows inferences about the diet of past individuals18. Stable 

nitrogen isotope analysis of these tissues provides further dietary resolution. d15N values indicate the 

trophic level of an organism within its ecosystem, with an average of 3-5‰ trophic enrichment in 15N 

from food source to consumer17,22. However, d15N values within an ecosystem are also affected by 

factors such as manuring of crops, aridity, physiology, soil salinity, and weaning23-25. In marine 

ecosystems, the trophic level enrichment results in high d15N, distinguishing them from terrestrial-

based diets 26.  

Stable isotope measurements for all 45 bones analyzed in this study, including 37 samples for which 

we also report ancient DNA, are reported in Supplementary Data 3.4.  
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Supplementary Note 3.5-  
Relationship of Roopkund_B to individuals from present-day Crete 

The analyses reported in this study highlight a close relationship between the Roopkund_B group and 

individuals from present-day Crete (Crete.DG). A qpWave analysis of Roopkund_B and 26 present-

day groups from around the world indicates that Roopkund_B is consistent with being a genetic clade 

with individuals from Crete with respect to all other groups included in the analysis. However, as this 

analysis was only performed a subset of the groups for which we have genetic data, we sought to test 

this in a more rigorous way.  

We first attempted to determine whether Roopkund_B shows greater affinity for the population from 

Crete than to any other groups in the dataset, using the statistic f4(Roopkund_B, 

South_Africa_2000BP; Crete.DG, Test), where Test is all other populations in the dataset. This statistic 

is expected to be significantly negative in cases where Roopkund_B shows more affinity to the Test 

population than to Crete.DG. We observe multiple cases where the statistic is significantly negative 

(more than 3 standard errors away from zero) (Supplementary Figure 3.3a; Supplementary Data 3.9), 

particularly when Test is an ancient population from present-day Eastern Europe. 

To obtain insights into the nature of the differences in ancestry observed between Roopkund_B and 

individuals from Crete, we use the statistic  f4(South_Africa_2000BP, Test; Crete.DG, Roopkund_B). 

This statistic tests whether Crete.DG and Roopkund_B behave as a true genetic clade with respect to 

all other populations in the dataset. In cases where the Test population is more closely related to 

Roopkund_B than Crete.DG, the statistic will appear significantly positive, while in cases where the 

reverse is true, the statistic will be significantly negative. We observe a number of instances where the 

statistic is significantly different from 0 (Supplementary Figure 3.3b; Supplementary Data 3.10). The 
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statistic is most significantly positive in cases where Test represents a population of ancient Eastern 

European or Near Eastern ancestry.  

Finally, we use f3-statistics to determine whether modeling the ancestry of Roopkund_B using the 

Crete.DG population may require admixture from an additional source population. We computed 

statistics of the form f3(Roopkund_B; Crete.DG, Test), which can be significantly negative only if 

Roopkund_B is admixed with ancestry related (perhaps distantly) to both Crete.DG and the Test 

population. We observe 4 instances in which the statistic is significantly negative (Supplementary 

Figure 3.3c; Supplementary Data 3.11), the most significant of which involve a Test population that is 

ancient Eastern European or Near Eastern in origin, providing further evidence that the Roopkund_B 

population is admixed. 
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Supplementary Figure 3.3 f-statistics 

(A) The statistic f4(Roopkund_B, South_Africa_2000BP; Crete.DG, Test) measures the 
relationship between Roopkund_B and Pop . The statistic is most negative in cases where 
Roopkund_B shares a greater affinity for Test than Pop . (B) The statistic 
f4(South_Africa_2000BP, Test ; Crete.DG, Roopkund_B) tests whether Roopkund_B and Pop 
behave as a clade. The statistic is most positive in cases where Roopkund_B shares a greater 
affinity for Test than Pop . (C) The statistic f3(Roopkund_B; Crete.DG, Test) is significantly 
negative in cases where the target population, Roopkund_B, is admixed, and requires 
ancestry from both Pop and Test populations in order to model its ancestry. In each panel, 
the 25 Test populations that produce the most significantly negative or positive statistics are 
shown. Error bars represent ±3 standard errors. 

These analyses indicate that while Roopkund_B is closely related to the population from present-day 

Crete, the two groups do not belong to a homogenous genetic clade. Instead, Roopkund_B possesses 

additional ancestry that is slightly more related to other populations, particularly those from ancient 

Eastern Europe or the Near East. The population from Crete represents the best available proxy for 

the ancestry observed in the Roopkund_B group, but analysis of additional data from ancient 

populations that are contemporaneous with Roopkund_B may reveal a better fitting source of the 

ancestry of these individuals. 
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Supplementary Note 3.6-  
Modeling the ancestry of Roopkund_A and Roopkund_C individuals 

While the homogenous ancestry observed in the Roopkund_B group makes it possible to model the 

group’s relationship with other present-day populations using qpWave, the heterogeneous composition 

of the Roopkund_A group makes such an analysis less well defined. We applied the qpWave/qpAdm 

methodology 6,27,28 to model the ancestry of each individual in the Roopkund_A group separately (as 

well as the Roopkund_C individual).  

We first attempt to determine whether each Roopkund_A individual is consistent with being a genetic 

clade relative to any present-day population using qpWave.27,28 In this case, the present-day population 

comparison dataset includes 14 present-day populations (Brahmin_Tiwari, Chukchi, French, Han, 

Karitiana, Mala, Mbuti, Onge, Papuan, Bengali, Palliyar, Irula, Baniyas, and Kalash). We find that some 

individuals can be plausibly modeled as a genetic clade with one or more of these populations 

(Supplementary Figure 3.4; Supplementary Data 3.12). As it was not possible to plausibly model all 

Roopkund_A individuals using this method, we also applied the related qpAdm methodology 6 to 

attempt to model each individual as related to any two of the selected populations via admixture 

(Supplementary Data 3.13). We also computed a published f4-ratio statistic27 of the form 

f4(Yoruba,Basque;Test,Onge)/f4(Yoruba,Basque;Georgian,Onge) to infer the proportion of West 

Eurasian ancestry in the Roopkund_A individuals as well as in present-day Indian populations, and 

found that groups that formed clades with the individual ancient samples tended to have similar West 

Eurasian-related ancestry proportions (Supplementary Data 3.14). 
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Supplementary Figure 3.4 Indian Cline PCA. 

A zoomed in version of the Indian Cline PCA (Figure 3.2a in the main text), with Roopkund_A 
individuals assigned different markers. Individuals that could be modeled as a genetic clade with one 
or more populations in the qpWave analysis are labeled with the population with which they could 
be modeled.  

We also apply the same method to the Roopkund_C individual, this time use the comparison set 

Brahmin_Tiwari, Chukchi, French, Han, Karitiana, Mala, Mbuti, Onge, Papuan, Bengali, 

Brahmin_Nepal, Japanese, Korean, Malay, Tibetan.DG, and Vietnamese. We are unable to model the 

Brahmin_Tiwari

Baniyas

Mala

Baniyas

Brahmin_Tiwari

Brahmin_Tiwari/Baniyas/Bengali

Brahmin_Tiwari
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Roopkund_C individual as a genetic clade with any of these populations (Supplementary Data 3.15), 

and therefore perform a qpAdm analysis to determine whether it is possible to model Roopkund_C as 

related to any two of these populations via 2-way admixture. The only such model that is plausible 

assigns approximately 82% of the ancestry of the Roopkund_C individual to a population related to 

present-day Vietnamese, and the remaining 18% to a population related to present-day Malay 

(Supplementary Data 3.16). These results suggest that Roopkund_C individual is likely of Southeast 

Asian origin.  

We also repeated these analyses adding in the population Cambodian.DG to the outgroup set. Doing 

so results in the rejection of the model that Roopkund_C is a mixture of groups related to Malay and 

Vietnamese (Supplementary Data 3.17). This suggests that the Roopkund_C individual shares some 

genetic drift with the Cambodian.DG population that is not shared with either Malay or Vietnamese. 

However, a qpAdm model with Cambodian.DG and Malay as sources has a passing p-value (0.18) 

albeit with implausible admixture proportions of 123% from Cambodian.DG and -23% from Malay. 

A possible interpretation of this is that the Roopkund_C individual falls on a genetic cline that includes 

the Cambodian.DG and Malay populations, but that Roopkund_C falls in a more extreme position 

on the cline, beyond the position of the Cambodian.DG individual. There is known South Asian-

related admixture in Cambodian populations and interaction between Cambodia and South Asia is 

also evident in the material culture record as reflected for example in the South Asian-influenced 

culture that built Angkor Wat29. Putting the genetic and cultural information together, we hypothesize 

that the Roopkund_C individual of Southeast Asian-related ancestry could have been from a group 

that was in cultural and genetic contact with South Asia like Cambodians, but that it has additional 

South Asian-related ancestry beyond what is observed in any of the Southeast Asian populations 

included in the present analysis. This evidence that the Roopkund_C individual was probably from a 
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southeast Asian group in cultural contact with South Asia adds richness to our observation that the 

individual died near an important Hindu shrine at around ~5,000 meters in the high Himalayas.
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Supplementary Note 3.7 -  
No affinity of Roopkund_A to modern Himalayan groups 

In order to determine whether the skeletons of Roopkund are genetically related to present-day 

populations that neighbor the Indian Himalayas, we generated genome-wide data from 5 populations, 

using two different platforms. We obtained blood samples with informed consent of donors following 

practices reviewed by the Institutional Review Board of the Centre for Cellular and Molecular Biology 

in Hyderabad India. We obtained genome-wide SNP genotyping data from 88 individuals from the 

highlands of the Leh and Ladakh regions of Jammu and Kashmir using the Illumina Global Screening 

Array. These samples will be referred to collectively using the population label ‘Ladakh’. We genotyped 

an additional 16 samples from 4 groups from four villages that are nearby to Roopkund Lake (Dewal: 

n=5, Baimaru: n=5, Wan: n=3, Tiirpak: n=3) using the Affymetrix Genome-Wide Human SNP Array 

(6.0).  

The Illumina Global Screening Array generated genome-wide information from 635,700 sites, while 

the Affymetrix Genome-Wide Human SNP Array yielded genome-wide data from 909,622 sites. To 

maximize the number of sites analyzed, we treated these two datasets separately. We separately merged 

each dataset the 591,304 SNP dataset described in the main text using the program mergeit 30 with 

default parameters, including docheck: YES and strandcheck:YES. To ensure that different SNP 

naming strategies between the sequencing platforms did not result in data loss during merging, we 

considered SNPs to be the same if they had identical genetic positions, except in cases where the 

described alleles did not match, or where it was not possible to determine the strand of each allele (i.e. 

C/G and A/T). This resulted in two merged datasets with 54,565 SNPs in the case of the Illumina 
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Global Screening Array and 162,341 SNPs in the case of the Affymetrix Genome-Wide Human SNP 

Array. 

To determine the relationship between these newly sequenced samples and the Roopkund samples, 

we regenerated the “Indian Cline” Principal Component Analysis (PCA) plot described in the main 

text for each dataset, using smartpca 30 with default parameters, in addition to the settings 

lsqproject:YES and numoutlier:0. The PCA included 1,453 present-day populations defined in 

Nakatsuka, et al. 31. We projected the Roopkund individual and the newly reported present-day 

Himalayan individuals.  

We find that the individuals from Ladakh do not cluster along the “Indian Cline” (Supplementary 

Figure 3.5a). Instead they form a broad cline along PC1, suggesting that some individuals have more 

East Asian-related ancestry than is observed in the other present-day Indian groups included in our 

analysis. Although some individuals from this sample fall close to some of the Roopkund_A and 

Roopkund_C individuals, the ancestry of the Roopkund samples is not well described by the 

heterogeneous ancestry of the Ladakh individuals.  

We observe a similar excess of East Asian-related ancestry in the individuals from villages that 

neighbor Roopkund Lake (Supplementary Figure 3.5b). These individuals do not appear to have 

ancestry related to any of the groups from Roopkund, and do not form a tight cluster, and their 

positioning on the plot does not appear to be correlated with their village, suggesting that the ancestry 

of individuals from around Roopkund Lake is relatively heterogeneous. 
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Supplementary Figure 3.5 

Principal component analysis of 1,453 present day individuals from populations throughout India 
(highlighted in grey), in addition to French (highlighted in blue), Han Chinese from Beijing (CHB; 
highlighted in orange), and Onge (highlighted in yellow). In each plot, the 38 Roopkund individuals 
are projected onto the first two principal components. The individuals from Roopkund are grouped 
into three distinct categories (Roopkund_A, Roopkund_B, and Roopkund_C) based on their position 
in the PCA. (A) Present-day individuals from Ladakh are projected. (B) Present-day individuals from 
Baimaru, Dewal, Tiipak, and Wan are projected.  

We also computed pairwise FST between the newly described populations and all other populations in 

the dataset (Supplementary Data 3.18; Supplementary Figure 3.6). We find that the individuals from 

the four sampled villages (Dewal, Tiirpak, Wan, and Baimaru) exhibit little population differentiation 

(average pairwise FST=0.007). The people of these villages do not appear to exhibit a particular affinity 

to either of the Roopkund groups, showing similar levels of affinity to Roopkund_A as they do to 

other present-day Indian populations (Brahmin_Tiwari and Mala) and to Roopkund_B as they do to 

Crete.DG. A similar pattern is apparent for the Ladakh samples.  

 

A            B 



 

 200 

 

Supplementary Figure 3.6  

Pairwise FST between the newly reported present-day Indian groups (Baimuru, Dewal, Tiirpak, Wan, 
and Ladakh) and Brahmin_Tiwari, Mala, Roopkund_A, Roopkund_B, and Crete.DG. All 
comparisons with the Ladakh population (enclosed in a black border) are made using the merged 
Illumina Global Screening Array dataset, while all other comparisons made using the merged 
Affymetrix Genome-Wide Human SNP Array dataset. Darker colors indicate greater affinity between 
comparison populations. Missing comparisons are shown in grey. 
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Supplementary Note 3.8-  
Systematic ancestry differences in Roopkund_A males and females 

We were struck by the large proportion of genetically female individuals identified in the dataset and 

were curious whether it was possible to detect any systematic differences in ancestry between males 

and females each of the two Roopkund groups, as this may provide further clues about the identity 

and purpose of these travelers.  

We visually examined the relative placement of genetic males and females from each group on the 

same PCA plots presented in Figure 3.2 of the main text, distinguishing between the two sexes using 

marker color. We first examine the placement of the Roopkund_A individuals on the “Indian Cline” 

PCA (Supplementary Figure 3.7a). While male and female individuals are scattered along the cline, we 

note a cluster of male individuals at the “top” of the cline, suggesting that there is an excess of non-

West Eurasian-related ancestry in males relative to females in the Roopkund_A grouping. We next 

examined the distribution of male and female individuals from the Roopkund_B group on the “West 

Eurasian” PCA (Supplementary Figure 3.7b). In this case, we do not observe any qualitative difference 

in the placement of male and female individuals. 
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Supplementary Figure 3.7 

Principal Component Analysis of (A) Indian Cline and (B) West Eurasian populations with 
Roopkund_A and Roopkund_B individuals distinguished by genetic sex. See Figure 3.2 for full 
details of each PCA plot.  

To test whether there is a significant genetic difference in ancestry between the males and females 

from each group, we divide the two groups into subpopulations based on sex. We then compute 

symmetry statistics of the form f4(Mbuti, Test; Male, Female), where Test is all populations in the dataset 

(Supplementary Figure 3.8, Supplementary Data 3.19). In the case of the Roopkund_A population, 

we find numerous instances where the statistic significantly deviates from zero (more than 3 standard 

deviations), while in the case of Roopkund_B we do not find any significant statistics.  

 

A B
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Supplementary Figure 3.8 

f4-statistics of the form f4(South_Africa_2000BP, Test; Roopkund_Male, Roopkund_Female), for 
Roopkund_A (left) and Roopkund_B (right), where Test is all populations in the dataset. The top 10 
most positive and most negative statistics are shown (full results are given in Supplementary Data 
3.19). Error bars indicate ±3 standard errors.   

Although these results suggest that there is a significant difference between the genetic composition 

of the Roopkund_A males and females, this difference may be an artifact of the random sample of 

male and female individuals in the dataset. We therefore performed a permutation test to determine 

whether this result is likely to have been obtained randomly. We randomly assigned each individual in 

the Roopkund_A population to one of two groups, with group sizes corresponding to the number of 

males and females in the true groups. When we analyzed the real data, the most significant statistic 

was observed when Steppe_MLBA was used as the Test population. We therefore recomputed this 

statistic f4(Mbuti, Steppe_MLBA; Roopkund_A_group1, Roopkund_A_group2) for each simulation, 

and determined the associated Z-score. We ran this simulation 10,000 times and observe the 
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distribution of z-scores (Supplementary Figure 3.9). We find that in 150 out of 10,000 cases, the Z-

score obtained is higher than the true observed Z-score, corresponding to a randomization-based p-

value of 0.015. Thus, there is weakly significant evidence (at p<0.05) but not strongly significant 

evidence (at p<0.01) of genetic differences between males and females in the Roopkund_A group. 

 

Supplementary Figure 3.9 

The frequency of Z-scores produced by 10,000 permutations of f4-statistics of the form 
f4(South_Africa_2000_BP, Steppe_MLBA; Roopkund_A_Group1, Roopkund_A_Group2).  

f4(South_Africa_2000BP, Steppe_MLBA; Roopkund_A_Group1, Roopkund_A_Group2)

Observed z-score
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Supplementary Note 3.9-  
Constraints on the origin of Roopkund_B 

The identification of a group of individuals with eastern Mediterranean-related ancestry in the remote 

Himalayan site of Roopkund Lake dating to around the 17th century raises the question of when this 

group came to the region. Although it seems most plausible that individuals in the Roopkund_B group 

were themselves travelers who were visiting South Asia, we also considered the alternative possibility 

that Roopkund_B might represent a genetically isolated population with distant eastern Mediterranean 

ancestry that had been living in the region for many generations. 

There are several South Asian groups that identify as Indo-Greek—claiming descent from the army 

of Alexander the Great. However, these groups (such as the Kalash) possess substantial South Asian-

related admixture32,33. The Roopkund_B population does not possess any discernable South Asian 

related ancestry (as evidenced by the genetic analyses described in the main text, particularly f-statistic-

based analyses, such as qpAdm) and is therefore genetically distinct from known groups who claim 

Indo-Greek ancestry.  

If the Roopkund_B individuals did descend from a population with eastern Mediterranean-related 

ancestry that has been genetically isolated in the Himalayan region for many generations without 

experiencing any South Asian admixture, we might expect to see genetic signatures of this extended 

genetic isolation. In order for such a highly isolated group to persist without admixing with local 

populations, the group would need to have practiced strict endogamy (i.e. always mating with 

individuals from within their genetic group). Such a practice might be expected to contribute to 

reduced diversity in an isolated population of small enough size to remain otherwise undetected.  
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We therefore considered the amount of genetic diversity in the Roopkund_B population by measuring 

relative levels of conditional heterozygosity using popstats34. Conditional heterozygosity is calculated by 

randomly sampling alleles from two individuals belonging to a single population and calculating the 

probability of two random sequences mismatching at each site. In populations that are more diverse, 

the probability of sampling two different alleles at each is greater than in a population that lacks genetic 

diversity.  

Although there are many factors that contribute to the value of conditional heterozygosity measured 

in a population, we would expect that highly inbred, genetically isolated populations would have 

relatively lower conditional heterozygosity than populations that are not inbred. We therefore 

compared the conditional heterozygosity measured in Roopkund_B individuals with the distribution 

of conditional heterozygosity measured in other ancient European populations dating to within the 

last 5000 years (Supplementary Data 3.20). Supplementary Figure 3.10 shows that the conditional 

heterozygosity measured in the Roopkund_B population is high relative to the distribution of values 

observed in other ancient populations with comparable or greater coverage. These findings indicate 

that the Roopkund_B population is unlikely to be descended from a small, inbred population that has 

been isolated from its eastern Mediterranean source population for a large number of generations.     
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Supplementary Figure 3.10 Relative Genetic Diversity in Roopkund_B. 

The distribution of the level of genetic diversity (measured by conditional heterozygosity) in all 
ancient European populations with a minimum of 20,000 SNPs (shown in light green, exact values 
for each population are indicated by blue vertical l ines at the bottom of the plot). The conditional 
heterozygosity measured in the Roopkund_B population is indicated by a vertical orange line. 

 

A further line of evidence that supports this conclusion is the failure to identify any close relatives (3rd 

degree of closer) within the Roopkund_B group, as we would expect there to be an increased 

likelihood of observing close relatives in a small, endogamous population. 

The relatively high level of genetic diversity observed in the Roopkund_B population suggests that 

these individuals do not descend from a small, genetically isolated population that has lived in the 

Himalayan region for many generations.  
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