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10 Abstract

11 Analyses of Neanderthal and Denisovan genomes have characterized multiple interbreeding events

12 between archaic and modern human populations. While several studies have suggested the presence of

13 deeply diverged lineages in present-day African populations, we lack methods to precisely characterize

14 these introgression events without access to reference archaic genomes. We present a novel reference-

15 free method that combines diverse population genetic summary statistics to identify segments of archaic

16 ancestry in present-day individuals. Using this method, we find that 7.97 +0.6% of the genetic ancestry

17 from the West African Yoruba population traces its origin to an unidentified, archaic population (FDR

18 <20%). We find several loci that harbor archaic ancestry at elevated frequencies and that the archaic

19 ancestry in the Yoruba is reduced near selectively constrained regions of the genome suggesting that

20 archaic admixture has had a systematic impact on the fitness of modern human populations both within

21 and outside of Africa.
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» Introduction

»»  Admixture, the exchange of genes among previously isolated populations, is increasingly being recognized as
% an important force in shaping genetic variation in human populations. Analyses of large collections of genome
z  sequences have shown that admixture events have been prevalent throughout human history [1]. Further,
s these studies have shown that modern human populations outside of Africa trace a small percentage of their
2 ancestry to admixture events from populations related to archaic hominins like Neanderthals and Denisovans
w [1, 2, 3]. Studies of the functional impacts of this introduced DNA have suggested that Neanderthal DNA
s that segregates in modern humans contributes to phenotypic variation [4, 5].

» Central to these studies is the problem of local archaic ancestry inference — the pinpointing of segments
33 of an individual genome that trace their ancestry to archaic hominin populations. Methods for local archaic
u ancestry inference leverage various summary statistics computed from modern and ancient genomes. For
35 example, at a given genomic locus, individuals with archaic ancestry are expected to have high sequence
s divergence to segments of modern human ancestry but low divergence to the archaic genome [6]. A number
w of summary statistics have been developed to infer archaic local ancestry [7, 8, 9]. Further, statistical models
s that can combine these summary statistics have also been proposed [2, 10, 11].

30 All of these methods are most effective in settings where reference genomes that represent genetic varia-
w0 tion in the archaic population are available. For example, the analyses of Neanderthal [6, 10] and Denisovan
a  admixture events [12] relied on the genome sequences from the respective archaic populations. In a number
« of instances, however, the archaic population is either unknown or lacks suitable reference genomes. Several
s recent studies have found evidence for archaic introgression in present-day African populations from an un-
« known archaic hominin [13, 14, 15] while analysis of the high-coverage Denisovan genome has suggested that
s the sequenced individual traces a small proportion of its ancestry to a highly-diverged archaic hominin [10].
" One of the most widely used statistics that for identifying archaic ancestry is the S*-statistic [9], which

« identifies highly diverged SNPs that are in high linkage disequilibrium (LD) with each other in the present-
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s day population as likely to be introgressed. The S*-statistic is attractive as it can be applied even where no
w reference genome is available. However, the power of the S*-statistics tends to be low in the reference-free
o setting [3]. Further, the value of the S*-statistic depends on a number of parameters that need to be fixed
si in advance.

5 Recent studies have shown that statistical predictors that combine weakly-informative summmary statis-
53 tics can obtain substantially improved accuracy on a number of population genetic problems [16, 17, 18]. We
s extend this idea to the setting of archaic local ancestry inference and present a statistical method, ARCHaic
55 Introgression Explorer (ArchIE), based on a logistic regression model, that combines several population ge-
s netic summary statistics to accurately predict archaic local ancestry. The parameters of ArchIE are estimated
s from training data generated using coalescent simulations. We show that ArchIE obtains improved accuracy
s in simulations over the S*-statistic while being robust to demographic model misspecification. We apply
5o ArchIE to the 1000 Genomes Western European (CEU) population and show that the inferred segments
6 of archaic ancestry have an increased likelihood of being introgressed from Neanderthals without access to
e Neanderthal genomes. In addition, the inferred segments of archaic ancestry in Europeans recover previ-
62 ously seen features when using reference-based methods. Specifically, using the inferences from our method,
63 we observe a decreased frequency of Neanderthal ancestry in regions of the genome with stronger selective
o constraint [19] as well as elevated frequency of Neanderthal ancestry at the BNC2 and OAS loci, both of
6 which have been previously shown to harbor Neanderthal alleles at high frequency.

66 Finally, we apply ArchIE to genomes from the West African Yoruba (YRI) population in the 1000
& Genomes Project [20] to obtain inferences of archaic local ancestry in this population. At a precision of
e 0.80, 7.9% of the genomes of west African individuals, on average, is estimated to trace its ancestry to a
0o deeply-diverged archaic population. We enumerate 258 megabases (MB) of introgressed DNA, with 2.1 MB
0 at a high (> 50%) frequency. We observe a decrease in the frequency of archaic ancestry in the Yoruban
n populations in more constrained regions of the genome, suggesting that these archaic alleles have been subject
7 to the effects of purifying selection similar to the deleterious consequences of Neanderthal and Denisovan
73 alleles in the modern human genetic background. On the other hand, we find several loci that harbor archaic

7 haplotypes at elevated frequencies (> 60%). These results highlight the landscape of archaic introgression
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s into African populations and provide insight into how modern humans evolved as a species.

» Results

7z Model overview

7 Our method, ArchlE, aims to predict the archaic local ancestry state in a given window along an individual
7 haploid genome. This prediction is performed using a binary logistic regression model given a set of features
s computed within this window. Estimating the parameters of this model requires labeled training data i.e., a
a1 dataset containing pairs of features and the archaic local ancestry state for a given window along an individual
s genome. To this end, we simulate data under a demographic model that includes archaic introgression, label
s windows as archaic or not, calculate a set of features that are potentially informative of introgression, and
s estimate the parameters of our predictor on the resulting data (Figure 1A, Methods).

8 We simulate training data using a modified version of the coalescent simulator, ms [21], which allows
e us to track each individual’s ancestry. We use the demographic model used in Sankararaman et al. 2014
e [2]. In this model, an ancestral population splits T generations ago forming archaic and modern human
e populations. The modern human population splits into two populations at T, one of which then mixes
s with the archaic population (referred to as the target population) while the other does not (the reference
o population). We simulate one haploid genome (haplotype) in the archaic population, 100 haplotypes in the
o target population and 100 haplotypes in the reference population. In the results below, we simulate 10,000
e replicates of 50,000 base pairs each (bp), resulting in 1,000,000 training examples.

03 We summarize the resulting data using features that are likely to be informative of archaic admixture.
o Since we are interested in the probability of archaic ancestry for a given haplotype, we use features that are
os specific for each haplotype, i.e., the focal haplotype. First, for a focal haplotype, we calculate an individual
s frequency spectrum (IFS), which is a vector of length n, the sample size of the target population. Each
o7 entry in the vector counts the number of mutations on the focal haplotype that are segregating in the target
¢ population with a specific count of derived alleles. Due to the accumulation of private mutations in the

% archaic population, we expect an excess of alleles segregating at frequencies close to the admixture fraction
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Figure 1: (A) Outline of the demographic model used for training ArchIE. We simulate a population
starting at size Ny and splitting into archaic and modern human (MH) populations at time Tp. The MH
population splits into an MH reference and target population of size N7 and N, respectively, at time
Ts. Then, at time T,, the archaic population admixes with the target population with an association
admixture proportion m. We use data simulated from this model to train a logistic regression classifier. (B)
Distribution of predictions for ArchIE on test data. Haplotypes predicted to have a low probability
of being archaic in origin are enriched in truly non-archaic haplotypes, while truly archaic haplotypes are

enriched for higher probabilities.
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w0 in the introgressed population. The IFS is expected to capture this signal.

101 Next, we calculate the Euclidean distance between the focal haplotype and all other haplotypes, resulting
12 in a vector of length n. Under a scenario of archaic admixture, the distribution of pairwise differences is
103 expected to differ when we compare two haplotypes that are both modern human or archaic versus when we
14 compare an archaic haplotype to a modern human haplotype.

105 The next set of features rely on a present-day reference human population that has a different demographic
106 history compared to the target population. We term this population the MH reference to make it clear that
w7 our method does not rely on an archaic reference. The choice of the MH reference will alter the specific
s admixture events that our method is sensitive to: we expect the method to be sensitive to admixture events
19 in the history of the target population since its divergence from the MH reference. While our method can
1o also be applied in the setting where no such reference population exists, in the context of human populations
w  where genomes from a diverse set of populations is available [1], the use of the MH reference can improve the
u2 accuracy and the interpretability of our predictions. Given a reference population, we compute the minimum
s distance of the focal haplotype to all haplotypes in the reference population. A larger distance is suggestive
s of admixture from a population that diverged from the ancestor of the target and reference population before
us  the reference and target populations split.

116 We also calculate the number of SNPs private to the focal haplotype, removing SNPs shared with the MH
ur  reference, as these SNPs are suggestive of an introgressed haplotype. Finally, we calculate S* [9], a feature
us  designed for detecting archaic admixture by looking for enrichments of long stretches of derived alleles in
no  LD.

120 Using these features, we train a logistic regression classifier to distinguish between archaic and non
11 archaic segments. In our training data, we define archaic haplotypes as those that contain > 70% of bases
12 with archaic ancestry and non-archaic as those that contain < 30% archaic ancestry. We discard haplotypes
123 that fall in-between those values in both the training the test datasets. We simulated 1,000,000 haplotypes
124 for the training data and 100,000 haplotypes for the test data which resulted in 988,372 training examples
s and 98,922 test examples after filtering. Figure 1B shows the distribution of predicted probabilities of archaic

126 ancestry on test data. Archaic haplotypes tend to be associated with a high probability of being archaic
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Figure 2: ArchlIE is more accurate than the S*-statistic (A) Receiver Operator Characteristic (ROC)
and (B) precision-recall (PR) curves for ArchIE (black crosses) and S* (red diamonds) in a 2% admixture

scenario with a Human-Neanderthal demography. (C) ROC and (D) PR curves for a 20% admixture scenario.
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127 while non archaic haplotypes are enriched for low probabilities of being archaic.

2 Simulation results

120 We tested the accuracy of ArchIE by simulating data under a demography reflective of the history of Ne-
1w anderthals and present-day humans [2]. We began by simulating an admixture event with 2% Neanderthal
1 ancestry that occurred 2,000 generations ago and simulated 1,000,000 haplotypes under 10,000 different repli-
132 cates (100 haplotypes per replicate). We compute Receiver Operator Characteristic (ROC) and Precision
13 Recall (PR) curves by varying the threshold at which we call a haplotype archaic and calculating the true
e positive rate (TPR), false positive rate (FPR), precision, and recall (Figure 2).

135 We compared these results to an implementation of the S* algorithm similar to Vernot and Akey [3].

13 First, we calculate S* in a cohort of 100 haplotypes from both the reference and target populations. Then,
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w we convert the S* scores into a rank between [0-1] using the empirical cumulative distribution. We obtain
s precision and recall values for varying thresholds between [0-1] and report these values. At a 2% admixture
1o fraction, ArchIE outperforms the S* statistic across all thresholds (Figure 2AB). At a fixed precision of 0.8,
wo 1.e., false discovery rate of 0.20, ArchIE obtains a recall of 0.21, while S* obtains a recall of 0.024. The area
w1 under the ROC curve is 0.943 for S* and 0.969 for ArchIE and the area under the PR curve is 0.431 for S*
12 and 0.535 for ArchIE. We also note that while the ROC curves are quite similar, the PR curve show a large
13 difference, indicative of the utility of PR curves in class imbalance problems.

144 Our simulation setup is challenging partly due to the low admixture fraction resulting in a large class
s imbalance across the archaic and non-archaic classes. In this setting, we find fewer than 20,000 positive
us  examples. We compared the two methods using an admixture fraction of 20%, thereby increasing the
w  number of positive examples in training and test data. While the accuracy of S* only slightly improved, the
us  logistic regression classifier shows a much larger improvement (Figure 2CD). While this admixture fraction is
1o higher than the data suggests for Human-Neanderthal introgression, it is not implausible in other species or
o admixture events [22; 23, 24, 25, 26, 18]. This example indicates the utility of the parameterized statistical
151 model underlying ArchIE that can be tuned to accurately infer archaic ancestry under plausible demographic

12 settings.

s ArchlE learns informative features

15a We examined the weights learned by ArchlE to understand the features that contribute substantially to
15 its predictions. Examining single features, we find that the minimum distance between the focal haplotype
156 and each of the reference MH haplotypes, as well as the number of private SNPs are the most positively
157 correlated with a high probability of being archaic (Figure 3A). Intuitively, as a larger distance to a reference
158 population and a larger number of private SNPs should both indicate archaic ancestry. The next largest
1590 single statistic was the skew of the distance vector, which was negatively correlated with archaic ancestry.
w0 Under a simple scenario of admixture, we expect a bimodal distribution of pairwise distances. However, when
11 there is little archaic ancestry, the distribution will be skewed towards 0, resulting in a negative relationship

12 between skew and archaic ancestry. Examining the distance vector itself, the weights are often flipped
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Figure 3: Relative importance of the features used as input to ArchIE. We examined the weights
associated with each of the features included in the logistic regression model underlying ArchIE. (A) The
first four entries indicate the moments of the distance vector. The skew has the largest weight associated
with it, indicating that this is the most important feature in the distance vector. The S*-statistic has a
very small weight, while the minimum distance and the number of private SNPs have larger weights. (B)
The distance vector has a mix of positive and negative weights, suggesting uninformative statistics. (C) The
individual frequency spectrum mostly has negative weights and lower frequency entries generally have larger

weights associated with them.
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163 positive to negative from one entry to another (Figure 3B) suggesting there is little signal in the distance
16a  vector. On the other hand, the IFS mostly contains negative weights, suggesting that values in these entries
s are negatively correlated with archaic ancestry (Figure 3C). Notably, S* makes little contribution to the

s model likely because it is correlated with the other features included in the model.

v Classifier robustness

18 Our method relies on simulating data from a demography where the parameters are known. In practice, these
1o parameters are inferred from data with some uncertainty. Thus, we wanted to determine the sensitivity of our
wo  method to demographic uncertainty. An exhaustive exploration of demographic uncertainty is challenging
i given the number of demographic parameters associated with even the simplest demographic models. As an
2 alternative to an exhaustive exploration, we systematically perturbed each parameter at a time, simulated
i3 data using the perturbed model, and evaluated the performance of our classifier in terms of changes in
e precision and recall (trained on the unperturbed parameters corresponding to the Neanderthal demographic
ws  history).

176 When the parameters are not perturbed, the recall at a precision of 0.8 is 0.21 (Figure 2B). The accuracy
wr of the classifier is unchanged or increased under many parameter changes (Figure 4). For example, increasing
ws  the split time of the modern and archaic populations (Tj) greatly increases the accuracy because there is
e more time for private mutations to accumulate on the archaic branch. Reducing this time by 25% does not
10 result in a drop in accuracy. For time of admixture (7), decreasing the value results in improved accuracy,
11 likely as a result of having longer haplotype blocks and less time for recombination to spread private variants
12 across the haplotypes in the population. Decreasing the split time of the reference and target populations
w3 (T) largely leaves precision and recall the same.

184 Changing the population sizes of the reference (V1) populations does not result in large differences in
185 accuracy, while changing the target population size does result in decreased accuracy.

186 Finally, increasing the admixture fraction reduces accuracy, while decreasing it has the opposite effect.
17 While this may seem to contradict the increased accuracy in Figure 2B when simulating a 20% admixture

188 scenario, this is likely due to the fact that the IFS is shifted more by a 2X increase in admixture than a 0.5X

10
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Figure 4: ArchIE is robust to misspecification in the demographic model. We tested ArchlE on
data simulated after perturbing single demographic parameters lower (left, blue) and higher (right, orange)
relative to their values in the training data. Values are reported as log fold changes compared to the baseline
model performance (dashed line). We report (A, B) recall at a precision of 0.8 under different parameter
misspecification scenarios. (C, D) precision at the threshold that gives a precision of 0.8 (P(archaic) = 0.862).

(E, F) recall at the threshold that gives a precision of 0.8 (P(archaic) = 0.862).
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189 decrease. Thus there are more simulations in the unperturbed training data that contain samples that are
100 similar to the 0.5X than to the 2X.

191 Recently, Hsieh et al [15] used a demographic model estimated from data to infer archaic admixture in
12 African Pygmy populations. They modeled gene flow from an archaic human population that split off 24,137
103 generations ago into a Pygmy population 5,344 generations ago at a frequency of 2%.

104 In addition to the perturbations we performed here, we wanted to see how ArchIE would perform under an
105 alternative model unrelated to what it had been trained on. Importantly, this model contains many different
106 values across all parameter changes, which provides a different test than systematically perturbing single
17 parameters. We simulated data under the Hsieh et al model and found that at the 80% precision threshold,
18 ArchlIE attained a precision of 0.998 and a recall of 0.700. This high performance is partly due to the fact
109 that under this demographic model, the archaic split time is nearly double that of the Human-Neanderthal

200 split time, allowing additional time for the archaic and modern human lineages to differentiate.

.1 ArchlE detects Neaderthal introgression in European genomes

22 To validate our method on a realistic setting, we applied our method to data from Phase 3 of the 1000
23 Genomes Project[20] to detect regions of Neanderthal introgression in the European populations without us-
24 ing any of the Neanderthal genomes [6, 10, 27]. We compared our inferences to results from a previous method
25 that inferred Neanderthal ancestry using the high-coverage Altai Neanderthal genome as a reference[10] and
26 trained on data simulated under a demographic model with parameters described in [2].

207 We randomly selected 50 individuals from a European (CEU) population as our target individuals and 50
28 individuals from an African (YRI) population as a reference and calculated the summary statistics described
200 above. We evaluated the average percent of windows inferred as archaic as a function of the calling threshold
a0 (Figure 5A). On average, we inferred 1.99% (jackknife SE= 0.3%) of the genome as archaic at a precision of
a1 0.8 (P(archaic)= 0.862) of the genome as archaic, which is in line with proportion of Neanderthal ancestry
22 from previous analyses [2, 6, 10].

213 Next, we sought to determine whether the archaic haplotypes inferred by our model are enriched for

as introgressed Neanderthal variants. For each 50 kb window, we computed a Neanderthal match statistic

12


https://doi.org/10.1101/285734
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/285734; this version posted March 21, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

Figure 5: Application of ArchIE to 1000 Genomes European (CEU). (A) Percentage of genome
called archaic as a function of probability threshold. (B) Neanderthal match statistic for haplotypes inferred
as archaic vs non-archaic. (C) Frequency of haplotypes labeled as archaic near BNC2 gene and (D) the OAS
gene cluster. (E) Mean frequency of archaic ancestry increases with B-statistic. A B-statistic near 0 denotes

more selectively constrained regions. Lines indicate standard error of the mean.
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a5 (NMS) as the number of shared variants between an individual haplotype and the Altai Neanderthal reference
26 genome sequence [10] divided by the total number of segregating sites in that window. We see that the archaic
ar regions confidently inferred by our method (P(archaic) > 99.99%) have a higher NMS suggesting that, even
28 in the absence of a reference genome, the archaic ancestry segments identified by the classifier are likely to
no  represent introgressed Neanderthal sequence (Figure 5B; P value = 1.87 x 107! via block jackknife).

220 We then focused on two genomic regions at which the frequency of Neanderthal ancestry in European
a1 individuals has been found to be relatively high: the BNC2 gene (Chromosome 9:16,409,501-16,870,786)
22 [2] and the OAS gene cluster (Chromosome 12:113,344,739-113,357,712) [7]. The frequency of confidently
23 inferred archaic ancestry is substantially increased in both these genes (Figure 5C, D).

24 Finally, we analyzed the correlation between a measure of selective constraint of a given genomic region
25 (B-value [19]) and frequency of confidently inferred archaic segments in the CEU population in the same
2 region. Sankararaman et al. 2014 [2] describe a relationship where more constrained regions (lower B-value)
2z have a lower frequency of archaic ancestry. We observe the same trend where more neutral regions (B-value
28 > 750) contain more archaic ancestry than constrained regions (B-value < 250), consistent with selection
2o against the archaic ancestry (P value = 8.49 x 10~% via block jackknife; Figure 5E).

230 These analyses suggest that ArchIE obtains results concordant with those from a previous reference-aware
2 method indicating that the inferences from ArchIE are reasonable. We caution, however, that the observed

22 concordance can be inflated due to any biases shared by the two methods.

. Ghost admixture into the Yoruba

2 We next turned our attention to inferring archaic ancestry across the genomes of 50 Yoruban individuals
25 (YRI) from the 1000 Genomes Project [20]. We set the CEU population as the MH reference population
26 and inferred archaic ancestry in 50KB windows. We applied the logistic regression predictor trained using
2 the parameters from the modern Human-Neanderthal demography. While this predictor is likely to be most
28 accurate if the introgressing archaic population had a similar relationship to the Yoruba as the Neanderthals
20 to the CEU, we expect the predictor to be sensitive to introgression events from populations that diverged

20 from the ancestors of the Yoruba before the YRI-CEU split and then introgressed after. We found that at a
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2 precision of 0.8 (P(archaic)= 0.862), 7.97% (jackknife SE= 0.6%) of the genome is inferred to harbor archaic
22 ancestry on average.

23 To understand the source of archaic ancestry in the Yoruba, we first computed a Neanderthal Match
24 Statistic as before and and found a significant enrichment of Neanderthal matching windows (Figure 6B, P
25 value = 5.87 x 10737 via block jackknife). It is plausible that this archaic ancestry is, at least partly, the
xus  result of Neanderthal introgression into the Yoruba mediated by more recent west Eurasian gene flow into
27 Yoruba [10]. However, the proportion of Neanderthal ancestry in Yoruba is very small (about 2 x 107%) [10]
s S0 that we would not expect this small proportion to explain our signal.

29 Another potential explanation for this archaic signal is the result of admixture with an extant but highly-
0 diverged African population. Recent studies have provided evidence for recent gene flow between Yoruba
s and western Central African Pygmy populations[15]. To test the hypothesis that the archaic ancestry is
s  due to admixture with an ancestral population related to present-day Pygmy populations, we ran a similar
»3  matching statistic using a genome from the Biaka Pygmy as the reference (Figure 6C). While there is much
s more matching in non-archaic haplotypes, consistent with a more recent divergence, there is a depletion of
s matching with archaic haplotypes suggesting that the Biaka are not the source of admixture (P value =
s 3.23 x 1071 via block jackknife). Thus, the source of archaic ancestry in the Yoruba does not appear to be

»7 - well-represented by extant populations.

» The genomic distribution of archaic ancestry in the Yoruba

0 We examined the relationship between B-value and archaic frequency to test where selectively constrained
0 regions are less likely to contain archaic ancestry. More constrained regions (B-value < 250) harbor less
s archaic ancestry than more neutrally evolving regions (B-value > 750) (P value = 3.01 x 10~ via block
% jackknife; Figure 6D) indicating that archaic alleles that introgressed into the Yoruban population were
»3  deleterious on average.

264 On the other hand, we also find evidence for loci at which the introgressed archaic alleles are segregating
x5 at substantially elevated frequencies with 2.1 MB of introgressed sequence at high-frequency (> 50%) and

w6 258 MB of introgressed sequence total (Figure 8). Previous studies [9, 28] found evidence for introgres-
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Figure 6: Application of ArchIE to 1000 Genomes Yoruba (YRI). (A) Average percentage of genome
called archaic as a function of calling threshold for 50 Yoruban individuals. (B) Neanderthal match statistics
for archaic regions and non archaic called in Yoruba. (C) Pygmy match statistic for archaic and non archaic

regions in Yoruba. (D) B-value versus archaic ancestry frequency. Lines indicate standard error of the mean.
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27 sion into Yoruban individuals using the S*-statistic on 135 loci in 12 individuals. Based on this limited
xs data, they found evidence for introgression in several genes. We used our map of archaic introgression
%0 in the Yoruba to confirm their top three hits (ranked by P-value), XRCC/ (Chromosome 5:82,373,317-
w0 82,649,579), TJPI1(Chromosome 15:29,992,338-30,261,038), DUT (Chromosome 15:48,623,215-48,635,570)
o (Figure 7), validating their results. Further, we found several genes at high frequency including NF1, a
a2 tumor suppresor gene, HSD17B2, a gene involved with hormone regulation, and KCNIP/, which is a gene
a3 involved with potassium channels (Table 1). We also find genes coding for a transcription factor and an
s miRNA, suggesting a role for transcription regulation in these introgressed genes. Of the genes where the
a5 archaic haplotype is at high frequency, several have been found in previous scans for positive selection in the
x6  Yoruban population, including NF1 [29, 30], KCNIP/ [31], and TRPSI [32].

o77 Taken together, these results suggest that introgression from one or more deeply diverged populations
as has shaped the genomes of a modern human population in Africa. Further, we find that natural selection
a9 has altered the frequency of these introgressed haplotypes, suggesting there are possible functional impacts

250 of this introgression.

Chromosome | Gene name Frequency | Gene type
chrl7 KRT18P61 0.84 pseudogene
chrl RP11-286M16 0.84 lincRNA
chrl7 NF'1 0.83 protein coding
chr21 MIR125B2 0.76 miRNA

chrl6 HSD17B2 0.74 protein coding
chrl RN7SKP160 0.74 pseudogene
chr4 KCNIP/ 0.73 protein coding
chr8 TRPS1 0.71 protein coding
chrl7 RP1115F18 0.67 pseudogene
chr6 MTFR2 0.67 protein coding

Table 1: Genomics regions with a high frequency of archaic ancestry in the Yoruba.
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Figure 7: Validation of previously found genes suggestive of archaic introgression [9]. Top to

bottom: XRCCY, TJP1, DUT.
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Figure 8: Genome wide map of archaic ancestry in Yoruba. Y-axis denotes the frequency of archaic

haplotypes.
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» 1iscussion

2 Detecting archaic admixture and characterizing its impact on genetic variation is an important problem
263 in human population genetics. Here, we present a classification approach to detecting regions of archaic
2 local ancestry without the need for an archaic reference sequence. Our method combines weakly informative
25 signals across a wide range of statistics to create a more powerful predictor.

286 Our results suggest that Yoruban individuals trace about 7.9% of their genomes to an as yet unidentified
27 archaic population. This is in agreement with some results from previous papers in other African populations
288 such as the Biaka and the Baka [15], suggesting that there was a rich diversity of hominin species within Africa
20 and that introgression was commonplace. Using our inferred segments of archaic ancestry in the Yoruba,
20 we find that there are regions of the genome that are under higher selective constraint have reduced archaic
21 ancestry on average indicating that the archaic alleles were deleterious in the hybrid population. More data
22 is needed for a complete picture of these ghost populations. For example, it is unclear whether the archaic
203 signatures found here are from the same as those found in other African populations[13, 14, 15, 33].

204 One advantage of our approach is that the learning algorithm is general allowing it to be applied broadly to
205 diverse prediction problems as well as input features while its simplicity allows for a transparent interpretation
26 of the features and the model. It is possible for us to examine the weights and determine the relative
27 contribution the algorithm learns to place on each feature. In doing so, we find that there is moderate
28 weight on each value of the individual frequency spectrum and more weight is placed on the skew of the
200 distance vector, the number of private SNPs, and the minimum distance to the MH reference.

300 There are several future directions we propose based off these results. First, it is possible to train more
s0  complex models like deep neural networks, which can learn and capture non-linear relationships between
s2  features and tend not to suffer from the curse of dimensionality [16]. These methods have been used to great
w03 success in tasks such as image classification [34] and we anticipate their use in population genetics could
s improve predictive power. Preliminary results applying deep learning to this problem with the features used
s here are promising, motivating future work. A related direction could be to automatically learn features
s from raw sequencing data. Our method relies on hand crafted features that are informed by population

s genetics theory, similar to other methods that have been proposed in population genetics [16, 17, 35, 36].
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308 In conclusion, our method improves on previous methods for reference-free inference of archaic ancestry by
a0 combining informative summary statistics in a statistical learning framework. We anticipate that this method
si0 will be informative not only in human populations where questions about admixture with other hominins
su  abound, but also in other species and systems where pervasive admixture has shaped the distribution of

sz genetic variation.

+ Methods

s Simulating training data

as  We simulated training and test data sets using a modified version of ms [21] that tracks ancestry of each
a6 site in each individual genome. Using a previously proposed demographic model relating modern humans
av and Neanderthals [2], we sampled 100 haplotypes from from population 2 (the target), and 100 haplotypes
s from population 1 (MH reference) over a region of length 50 kb. We use a mutation rate p = 1.25 x 1078
s0 and a recombination rate r = 1 x 1078, This was used as training data for both the CEU-Neanderthal
s20 introgression inference and the YRI-Ghost introgression inference.

31 The general demography is as follows: a population of size N, splits from a population of size Ny Ty
a2 generations ago. Then, at Tg, two populations split off from the ancestral population that are size N; and
23 Ny. Then, at time T4, the archaic population migrates into P, with a rate of m. See Figure 1A for a

3¢ graphical outline.

»s Feature calculation

2  FEach simulation at a given locus generates 100 haplotypes in the target population. For each haplotype, we
37 calculate the following classes of summary statistics: haplotype level frequency spectrum, distance vector to
s all haplotypes within the test population, minimum distance to haplotypes in population 1, the number of
9 private SNPs, and the S*-statistic.

330 The individual frequency spectrum is created as follows: given a sample of n haplotypes, for each hap-

3 lotype j, we construct a vector X of length n where entry X; counts the number of derived alleles in the
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s focal haplotype j at frequency i. For example, the first entry counts the number of singletons present in the
a3 haplotype, the second entry counts the number of doubletons and so on until n.

334 The distance vector is a vector of length n where each entry is the Euclidean distance from haplotype x
s to haplotype y; over all sites, where z is the focal haplotype and y; is the haplotype being compared.

336 This results in 208 features per example (a 50kb window for a single haploid genome), with 100 exam-
s ples per locus and 10,000 loci resulting in 1,000,000 examples for training before filtering haplotypes with

;s intermediate levels of admixture.

s Learning algorithm

uo  We tested the ability of a logistic regression framework to classify archaic ancestry from non-archaic ancestry.
s We used the “glm” function in R to construct a logistic model using the family=binomial(“logit”) option.
a2 We used the predict function to obtain a prediction and converted it to a probability using the “plogis”
s function.

344 We evaluated the performance using Precision-Recall (PR) curves. We calculated precision and recall as:

B TP(t)
Recall(t) = m

o _ TP(t)
Precision(t) = TP(t) + FP(t)

345 Where T'P(t) is the number of true positives at threshold ¢, F'N(t) is the number of false negatives at
us  threshold ¢, and F'P(t) is the number of false positives at threshold ¢. In this case, a true positive is a
wr  haplotype that traces ancestry back to the archaic population that we call as archaic. A false negative is
us a haplotype that also traces ancestry back to the archaic population, but does not pass our threshold for
uo calling archaic. A false positive is a haplotype that passes our threshold for being called archaic, but traces

w0 its ancestry back to the target population rather than the archaic population.

s Robustness

2 We examined the robustness of ArchlE to a specified demographic model by systematically perturbing one

3 parameter at a time, simulating a dataset, and evaluating ArchIE’s performance. We doubled and halved
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3¢ the parameters, except when doing so would produce a demographic model that is not sensible.

s Neanderthal introgression

s We validated our method using the Neanderthal introgression scenario as a test case. We downloaded phased
57 CEU genomes from the 1000 Genomes Phase 3 dataset [20] and calculated the features mentioned above in
s HOKB windows. For each individual haplotype, we inferred the probability that the window is archaic. We
30 then intersected our calls with the 1000 Genomes strict mask using BEDtools v2.26.0 [37], removing regions
%0 that are difficult to map to.

361 We calculated a Neanderthal match statistic (NMS) for focal haplotype ¢ as the number of segregating

%2 sites in a window shared with the Altai Neanderthal [10] genome:

S.
NMS; = ——
" N+ H;

363 where S; denotes the number of segregating sites between the focal haplotype and the Neanderthal

s genome, INV; denotes the number of Neanderthal segregating sites, and H; denotes the number of human
s segregating sites. Since the Neanderthal genome is not phased, we counted a site as matching if it contained
w6 at least one single matching allele or more. We dropped sites with missing data in the Altai reference genome.
367 We tested for significant differences between windows we call archaic and non archaic using a 1 megabase
ws  (MB) block jackknife. For each window, we compute the mean NMS for archaic and non archaic haplotypes,
w0 take the difference, and then divide by the ungrouped mean NMS to control for mutation rate heterogene-
s ity. To compute significance, we drop 1 MB windows (non-overlapping) and recalculate the genome wide

sn difference in means.

s»  Background selection

sz In order to assess the relationship between background selection and inferred archaic ancestry, we use the
s B-values from McVicker et al. 2009 [19] and intersected them with our calls. For visualization, we binned

a5 the B-values into 4 bins, [0-250], (250-500], (500-750], and (750-1000].
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376 We tested for significant differences in allele frequency between the lowest and highest bins using a block

sr jackknife, dropping each window and recalculating the difference in allele frequency.

s Ghost admixture

sn We evaluated the presence of ghost admixture into the Yoruba population by sampling 50 individuals from
;0 the 1000 Genomes project phase 3 data set [20]. As before, we calculated features in 50 KB windows,
s intersected the calls with the 1000 Genomes strict mask, this time using the CEU population as the MH
s reference. We calculated NMS on confidently archaic and non archaic haplotypes as above and calculated a

3 Pygmy match statistic (PMS) using a single Biaka genome as the reference [1].
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