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2.1

2.2

2.3

LIST OF FIGURES

Schematic overview of MAPS. (a) Coalescent times between a pair of hapolo-
types (A and B) will vary across the genome in discrete segments bordered by
recombination breakpoints. On average, longer segments represent shorter pair-
wise coalescent times (Tag) (b) Flow diagram of MAPS. i) We start with a matrix
of called genotypes; ii) IPSC segments between all pairs of chromosomes across the
genome are identified from the data using external methods (such as BEAGLE,
Browning and Browning [2011]); iii) IPSC segments between pairs of individuals
are aggregated at the levels of pairs of populations; iv) A grid is constructed and
individuals are assigned to the most nearby node; v) The probability of the PSC
sharing matrix can be computed under a stepping-stone model where each node
represents a population and each edge represents symmetric migration; vi) We use
an MCMC scheme to sample from the posterior distribution of migration rates
and population sizes. The final MAPS output is the mean over these posterior
samples, and the averaged rates can be transformed to units of dispersal rate and
population density. The diagram does not show a bootstrapping step used to
estimate likelihood weights to account for correlations between IPSC segments,
see Equation (2.6) in Methods. . . . . . . . .. .. ..
Simulations comparing migration rates inferred with MAPS against ef-
fective migration rates inferred with EEMS. (a) We simulated data under
uniform migration rates equal to 0.01 and applied EEMS and MAPS using PSC
segments in the range 2-6cM and 6¢M. Like EEMS, MAPS correctly infers a
uniform migration surface. Additionally, MAPS provides accurate estimates of
the migration rates for both PSC segments 2-6¢cM (mean 0.01) and PSC segments

6¢cM (mean 0.0086). (b) We simulated a recent sudden migration barrier for-
mation 10 generations ago. Here, EEMS is unable to infer a barrier, while MAPS
correctly infers the historical uniform surface (2-6¢cM) and a barrier in the more
recent time scale ( 6¢cM). (¢) We simulated a long-standing migration barrier
that recently dissipated 20 generations ago. EEMS infers a barrier, while MAPS
correctly infers both the historical migration barrier (2-6¢M) and the uniform
migration surface in the more recent time scale ( 6¢M). In all cases shown here,
we simulated a 20 deme stepping stone model such that the population sizes all
equal to 10,000, and 10 diploid individuals were sampled at each deme. . . . . .

16

Simulations comparing population sizes inferred with MAPS and \diversity-

rates' inferred with EEMS. We simulated uniform migration rates of 0.01 and
a trough of low population sizes in the center of the habitat such that population
sizes equal to 1,000 at the center and 10,000 otherwise. Under these simulations,
EEMS infers a barrier in effective migration and infers uniform diversity rates.
However, MAPS correctly infers a uniform migration surface (mean 0.01) and
provides accurate estimates of deme sizes (mean 985 at the center and 9100 at
the edges) . . . . . . .
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3.1

3.2

Inferred Dispersal Surfaces and Population Density Surfaces over time
for Europe. We apply MAPS to a European subset of POPRES Nelson et al.
[2008] with 2,234 individuals and plot the inferred dispersal (X) and population
density De(X) surfaces for PSC length bins (a) > 1c¢M (b) 5-10cM and (c) >10cM.
We transform estimates of N and M to estimates of (%) and De(X) by scaling the
migration rates and population sizes by the grid step-size and area (see Equations
(2.17) and (2.18)). Generally, we observe the patterns of dispersal to be relatively
constant over time periods, however, we see a sharp increase in population density
in the most recent time scale (>10cM). Note the wider plotting limits in inferred
densities in the most recent time scale. . . . . . . . . .. ... oL

Rate heterogeneity causes false inferences of positive selection. a) Simu-
lation scheme for generating sequences with rate heterogeneity. A proportion (p)
of a total of N codons were generated using a codon model with non-synonymous/
synonymous rate A and a tree on which all branches have lengths bp; the remain-
ing (1 p) sites were generated using the same model but with independent
parameters B and bg. All data were generated with both A and B 1. b) Rate
heterogeneity causes false positive inferences. For each generating condition, the
proportion of 50 replicate alignments for which the sites test found a signature
of positive selection (p < 0.05) is shown (circles). Also shown are the proportion
of positive inferences using the branch-sites test (triangles) and an a priori par-
titioned version of the sites test that incorporates rate heterogeneity (crosses).
Dashed line, acceptable false positive rate of 5%. Solid line, best-fit logistic func-
tion to sites test results. ¢) Effect of the prevalence of rate heterogeneity on false
positive inference rates by the sites test. Sequences were simulated under the
conditions shown, and the rate of positive inferences by the sites test was plotted
against the number of sites with the slow evolutionary rate (p in the generating
model). d) Rate heterogeneity causes false inferences of selection even under pu-
rifying selection. The sites test false positive rate is shown as a function of in the
generating model, under the conditions shown. . . . . . ... ... ... ....
Systematic bias towards false positive inferences caused by rate hetero-
geneity. a) The sites test false positive inference rate is shown as a function of
the number of codons in the alignment (N) when sequences are generated under
the conditions shown. Dashed line, acceptable false positive rate (5%). b) The
sites test false positive rate is shown as a function of the number of taxa in the
tree; the total depth of the tree from root to tips was kept constant (0.2 and 0.4
in the two partitions) to mimic improved taxon sampling. . . . . . . . ... . ..
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3.3

3.4

Relationship of rate heterogeneity to positive selection signatures in
empirical data. a) The signal of positive selection in empirical data is weakened
when rate heterogeneity is incorporated. 1596 mammalian genes previously found
to have a signature of positive selection [Kosiol et al., 2008] were reanalyzed
using the standard implementation of the sites test and an alternative version
that incorporates synonymous rate variation (sites test-RH). The left portion of
the graph shows the number of genes with a signature of positive selection (p <
0.05) in each test. The right portion shows the number of genes retaining this
signature after adjusting for multiple testing (1596 tests) at a 5% false discovery
rate is shown. b) Genes inferred to be under positive selection contain substantial
rate variation. For each of the 397 mammalian genes inferred to be under positive
selection by the sites test, we inferred maximum likelihood estimates of the degree
of rate heterogeneity using the null model of sites test-RH. The distribution of
the coefficient of rate variation (CVRV) across these genes is shown. Dotted
line indicates CVRV=0.206, the degree of rate heterogeneity required under the
conditions in Figure 3.1a to yield unacceptably high false positive rates in the
sites test. c¢) Selection signatures are correlated with rate heterogeneity. For
each gene in the set of 1596, the degree of rate heterogeneity was estimated as
the coefficient of variation of the branch length rate multipliers in the mixture
model of sites test-RH. Genes were binned by this metric, and the proportion of
genes in each bin under positive selection according to the sites test (p  0.05)
was calculated. Spearmans correlation coefficient=0.97. D) Incorporating rate
heterogeneity eliminates selection signals rather than reducing statistical power.
For genes with a significant signature of selection in the sites test (p-value < 0
.05), we plotted the sites-test p-value against the sites test-RH p-value. Pearson
and Spearman correlation coefficients=0.21 and 0.26, respectively. . . . . . . . .
Empirically-derived rate heterogeneity causes false positive inferences.
For each mammalian gene with a signature of selection and complete coverage,
the parameters of the sites-test-RHs null model were inferred, and 25 replicate
sequence alignments were then simulated under these conditions (without posi-
tive selection). The false positive rate for each gene is the fraction of replicate
alignments that yielded a significant signature of selection (p < 0.05). The distri-
bution of false positive inference rates across mammalian genes is shown. Dotted
line, acceptable false positive inference rate. . . . . . . .. ...
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3.5

4.1

Causes of spurious support for M2a by rate heterogeneity. a) Support for
the positive selection model vs. null model by category of codon state patterns.
Data were generated on a two-taxon tree with no selection (!=1) in two partitions
of equal size with branch lengths 0.2 and 1.6. Codon sites in the alignment were
categorized by the number of nucleotide differences between taxa; for sites with
1 difference, codons were further as having a nonsynonymous (N) or synonymous
(S) difference. The height of each bar represents the difference in log-likelihood
between the positive selection model M2a and the null model M1a (using the ML
parameter values for each), summed over all instances of sites in each category
in the dataset. Parentheses indicate the number of codon sites of each category
in an alignment of 1000 codons. b) Actual and predicted frequency of codon
state patterns under various models. Data were generated under the conditions
described for panel a. The first column shows the actual proportion of codons
in each category in the concatenated dataset; parentheses show the percentage
of codons in each category generated in the partition with the slower rate. The
next three columns show the predicted proportion given the maximum-likelihood
optimized parameters of models M0, M1a, and M2a. ¢) Model M2a mimics rate
heterogeneity by having three very different effective branch lengths for its three
submodels. Scaling factors and effective branch lengths for codon mixture models
are shown, using ML, parameter estimates given data generated as in panel a. For
each submodel, the bar length shows the effective branch length the expected
number of substitutions given the scaling factor for the model (S, shown x1000),
the ML estimate of the branch length for the model (b), and the total rate of
substitution for the submodel (tx). When St =1, the effective and given branch
lengths are the same. Note the broken scale. . . . . . .. ... ... ... ...

Illustration of the aRchaic grades of membership and mismatch pro les.
(a) The features of a mismatch modeled by aRchaic (b) A depiction of an ancient
DNA sample that has 80% of its reads assigned to cluster 1 and 20% of its reads
assigned to cluster 2. Each cluster is defined by a mismatch pro le showing
the enrichment of the mismatch type, bases flanking the mismatch, the distance
of the mismatch from the nearest end of the read, and the base immediately
5 to the strand-break. To produce a mismatch profile for a cluster, mismatch
features are aggregated across reads assigned to the cluster, and their frequencies
are represented by an EDLogo plot [Dey et al., 2017b]. In the EDLogo plot, the
frequencies are scaled against a background frequency computed from Consortium
etal. [2012]. . . . Lo
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4.2

4.3

4.4

aRchaic clearly distinguishes between modern, ancient (UDG), and an-
cient (non-UDG) samples. aRchaic is applied with K = 3 to a collection
of ancient individuals from four studies Skoglund et al. [2014a], Gamba et al.
[2014], Lazaridis et al. [2016], Lipson et al. [2017] along with modern individu-
als randomly sampled from the 1000 Genomes Project and 10 individuals from
the Human Genome Diversity Panel [Consortium et al., 2012, Cann et al., 2002,
Meyer et al., 2012]. Modern samples have high membership in the red cluster. The
EDLogo representation of this cluster does not show strong enrichment against a
modern background. The ancient (non-UDG) samples are representative of the
blue cluster. The EDLogo plot for the blue cluster shows a strong enrichment
in C-to-T mismatches at the end of reads, a depletion of guanine in the right
flanking base, and a depletion of cytosine at the 5" strand-break. The ancient
(UDG) samples have partial membership both in the red cluster and in the gold
cluster. The EDLogo plot for the gold cluster is enriched in C-to-T mismatches
at the terminal ends of the reads, shows an enrichment of guanine at the right

flanking base, and a depletion of thymine one base 5 upstream of the strand break. 86

Estimated grades of membership re ect levels of contamination. (a)
Reads from one ancient individual (KO1 from Gamba et al. [2014]) were split
into 10 equally sized groups. Reads were added from a distinct individual in the
1000 Genomes Project [Consortium et al., 2012] to each group (S1-S10) at varying
levels of percentages (indicating levels of contamination). (b) We applied aRchaic
with K = 2 on a combined dataset comprised of these 10 contaminated groups
of reads (S1-S10) along with 40 other modern individuals from 1000 Genomes
(¢) The grades of membership in cluster 1 (“modern” cluster) were plotted as a
function of the percentage of contamination before (red curve) and after (green
curve) applying the correction factor discussed in the last paragraph of Section
(3.2). (d) We repeated the same experiment as described in panel a, except we
discarded all reads with no mismatches or greater than one mismatch. The grades
of membership in cluster 1 were plotted as a function of the “mismatch contami-
nation rate” which is defined as the proportion of mismatches that originate from
a contaminated read (e) Each group (S1-S10) was further sub-sampled to 10,000
reads, and aRchaic was applied with K = 2 to the new subsampled groups and
the same 40 modern individuals as in panel b. . . . . . . ... ...
DNA damage and library preparation techniques drive grades of mem-
bership. (a) We applied aRchaic with K = 2 to 25 modern samples from Lindo
et al. [2016]. The samples prepared with the TruSeq kit show nearly full mem-
bership in the pink cluster. Samples prepared with the Nextera kit show partial
membership in the pink cluster and the tan cluster. The tan cluster shows a
blip at the 12th position from the end of the read (b) We applied aRchaic with
K = 2 to 25 ancient samples from Lindo et al. [2016]. The two clusters show
an enrichment of C-to-T mismatches at the ends of reads and an enrichment of
purines at the 5" strand-break. . . . . . . ... ..o
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The performance of MAPS on a recent barrier scenario under di erent
PSC length bins. Here, we investigate the ability of MAPS to detect a recent
barrier (< 10 generations) for various PSC length bins (a) Simulation scenario.
Population sizes were set to 10,000 per deme and 10 diploids were sampled per
deme, replicating the conditions in Figure 2.2b. (b) Results for different PSC
length bins. Length bins that encompass shorter segments (2-4cM 2-6¢M 2-
8cM) recover the higher uniform migration surface; while length bins with longer
segments (>4, >6, >8) recover the recent ancestral barrier. For the last length
scale (> 8cM), the signature of low migration extends across the habitat. The
variation in migration rates is missed presumably because of the small number of
shared segments at this length scale. . . . . . .. .. ... ... ... ......
The performance of MAPS on a past barrier scenario under di erent
PSC length bins. a) Simulation scenario. Population sizes were set to 10000
per deme and 10 diploids were sampled per deme, replicating the conditions
in Figure 2.2c. (b) Results for different PSC length bins. Length bins that
encompass shorter segments (2-4cM, 2-6¢M, 2-8cM) recover the ancestral barrier;
while length bins with longer segments (>4, >6, >8) recover the recent constant
migration surface. . . . ... Lo
The performance of MAPS under a jointly heterogeneous migration
rate and population size surface. a) Simulation Scenario. Heterogeneous
population-sizes and migration rates (as shown) were simulated, and 10 diploid
individuals were sampled per deme. (b) Results for PSC segments greater than
2cM are shown. . . . . . ..
Visualizing normalized sharing of PSC segments that are 1-5cM. The
color scheme is the same as used in Ralph and Coop [2013] where the colors
give categories based on the regional groupings: W Western Europe, S Southern
Europe, and E Eastern Europe (a) The average sharing within each sample locale
is transformed to population sizes using the simple single deme estimator by
Palamara et al. [2012]. This transformation can be roughly summarized as to say
that N / XL where N is the effective population size in deme and X : is
the average péirwise PSC sharing between individuals in deme . (b) Similar to
Ralph and Coop [2013], for each focal population (marked with an x), we plot
the normalized average pairwise sharing between that population and all others
(normalized by the average sharing within the focal population), i.e. if is the
focal population, we show ))E— for each other country . . . .. ... ... ...
The correlation between census size and inverse average PSC sharing
as a function of minimum PSC length considered. We use census size
compiled from the The World Bank [2016] and National Records of Scotland
[2011]. The smooth black curve denotes the loess fit. Longer PSC segments
correlate more strongly with census size than shorter PSC segments . . . . . . .
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S6

S7

S8

S9

Census size versus MAPS estimated population sizes. Using the MAPS
output, we estimate a total size per population by summing the estimated deme-
level sizes across the area of each respective country (whether’s a deme’s location
falls within a country was determined by querying The GeoNames Geographical
Database). Finally, we plot the results on a logl0 scale for different length scales
(a) 1-5¢M, (b) 5-10cM, and (c¢) >10cM. The red curve denotes the linear fit on
the absolute scale. . . . . . . . . ...
Plots of estimated average logl0 di erences in demographic parameters

between adjacent time scales. (a) We plot estimates of E[logl0(—)] and

E [loglO(DD—i))] across the spatial habitat where ! (DY) denotes the dispersal rates
(population densities) in the 5-10cM length bin and  (De) denotes the dispersal
rates (population densities) in the 1-5¢M length bin. (b) The results here are
similarly plotted as above, however, the adjacent length scales are given by: 5-
10cM and >10cM. The logl0 differences are estimated in such a way so that the
mean logl0 difference is shrunk to zero. For example, for estimating dispersal in
5-10cM, we assume logl0( %) = E[logl0( )]+ where E[logl0( )] is estimated
using PSC segments 1-5¢M and N (0; 12) is estimated from PSC segments
5-10cM. Consequently, the log ratio between dispersal rates from the two lengths
bins is constructed to have mean zero apriori (i.e. E[loglO(—o)] =0). ......
EEMS applied to the POPRES dataset. We apply EEMS to the same set
of individuals as used in Figure 2.4 (see Methods). (a) The effective migration
rates (b) The effective diversity rates. Here, we ran EEMS with 200 demes (as in
Figure 2.4) with default parameters and averaged over 10 independent replicate
chains. Each chain ran with 50e6 MCMC iterations, 25e6 set as burn-in, and we
thinned every 5000 iterations. . . . . . . . . . .. ...
Genetic distance vs PSC sharing (a) The averaged genetic distance (as used
in EEMS) is plotted against the average number of PSC segments (> 1cM) for
each pair of populations. Each point denotes a pair, the symbols represent group-
ings from Ralph and Coop [2013] (W Western Europe, S Southern Europe, and
E Eastern Europe), and the colors represent the pair of regions. We see a nega-
tive correlation between the two summary statistics (Pearson’s = -0.38, p-value
= T7e-11), with the largest deviations occurring in comparisons between Eastern
European populations. (b) EEMS results on PSC data transformed to a distance
matrix. First, we encoded the PSC sharing statistics into a similarity matrix S
such that Sj;j is the number of shared PSC segments between samples i and j
and Sj:j is the maximum number of shared segments in the dataset (which we
denote as C) to ensure S is a similarity matrix. Next, we transformed S to a
genetic distance matrix D such that D = c1 1T S+E where E  0is arandom
genetic distance matrix of normal vectors with mean 0 and standard deviation of
0.01 added to ensure D is full rank. Finally, we applied EEMS to the distance
matrix D. Though this procedure is heuristic, we see shared features between
this surface and the MAPS dispersal surface shown in Figure 2.4. . . . . . . ..
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S10

S11

S12

S13

S14

S15

The Sites Test is biased towards false positives under di erent im-
plementations and variations. (a) Rate heterogeneity causes false positive
inferences by the sites test as implemented in Hyphy. Sequences were simulated
under the evolutionary conditions shown and then analyzed using the Nielsen-
Yang method as implemented in the Hyphy software package. The false positive
rate out of 25 repetitions per conditions is plotted as a function of bg=bp. (b)
Rate heterogeneity causes high false positives in the sites test when more com-
plex models are used. Sequences were simulated under the conditions shown and
analyzed using the sites test and models M7 vs. M8 as implemented in PAML
software. Each false positive rate is calculated out of 40 repetitions. . . . . . . .
Rate heterogeneity with longer branches increases the sites tests false
positive inference rate. The rate of false inferences of positive selection is
shown with constant rate heterogeneity bg=ba and increasing branch lengths
in both partitions bg under the conditions shown. The false positive rate is
calculated as the number of positive inferences out of 50 replicate alignments
analyzed for each conditions . . . . . . . ... ... oL
Site-speci c likelihoods of submodels comprised by Mla and M2a. For
each category of state pattern, the likelihoods of each mixture models
submodels are shown, summed over all instances in the alignment. Each
column represents submodel 0, 1, or 2 in models M1a or M2a. Values of ! and
the mixing proportion p for each submodel are shown. The generating conditions
are the rate-heterogeneous conditions with I = 1 as specified in Figure 3.5a. A
dash indicates likelihood < 0.001. . . . . . . . . . . ... ... L
The non-parametric counting method of Nei & Gojobori, 1986 is robust
to model violation. 50 replicate alignments at each condition were generated
by evolutionary simulation with p=0.5, I = 1, N=996, and number of taxa=4.
We implemented and applied the dN/dS inference method described by Nei &
Gojobori, 1986. Confidence intervals were estimated by bootstrapping. . . . . .
Rate heterogeneity causes false inferences of positive selection in the
BUSTED test of positive selection. 10 replicate alignments at each condition
were generated by evolutionary simulation with p=0.5, =1, N=996, bao=0.1, and
number of taxa=4. We applied MEME to test for gene-wide positive selection.

The false positive increases as the degree of rate hetereogeneity (bg=ha) increases. 117

Rate heterogeneity does not cause an elevated false positive rate in
the MEME test of positive selection. 10 replicate alignments at each
condition were generated by evolutionary simulation with p=0.5, 1=1,
N =996, bpo=0.1, and number of taxa=4. We applied MEME to test for
positive selection at each site. Here, we plot the average (over 10 replicates)
number of sites inferred to be under positive selection at a significant level of
0.05. Under the null hypothesis, we expect 996 0:05 50 sites to have a p-value
< 0.05 (red line). The number of sites at that significance level increases as the
degree of rate heterogeneity (bg=bp) increases but is far below the 50. . . . . .
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S20

Four examples of how the reference strand for a mismatch is desig-
nated. The dark yellow line denotes the mapped read, and the blue and teal
line represent the reference genome at two different strand orientations. The ref-
erence strand is always designated as the strand that contains the C mismatch
or T mismatch (latter not shown). . . . . ... ... ... ... ... ...
aRchaic grades of membership for the example in Fig 4.1 corresponding
to 3 di erent values of K (K = 4;5;6). Higher values of K distinguish among
the ancient studies, reflecting lab and study specific biases. . . . . . . .. .. ..
aRchaic plot for K = 2 on the combined data of 25 moderns and 25
ancients from Lindo et al. [2016]. aRchaic clearly distinguishes the moderns
from the ancients. The ancients are primarily presented by the blue cluster.
This cluster shows an enrichment of C-to-T mismatches and depletion of T-to-
C mismatches with respect to modern background, as well as enrichment of G
and depletion of T at the 5" strand break. The red cluster shows a blip at 12th
position from the end of the read, the explanation for which is provided in Figure
S20. . .
We apply aRchaic with K = 6 on the data from Fig 4.4. In addition to
separating out the ancients from the moderns, aRchaic now distinguishes between
moderns individuals based on library kit (Nextera vs Tru-seq.) . . . . . . . . ..
The frequency of all mismatch types plotted against the position of the
read (from the 5’ end) for each of the 25 moderns samples in Lindo
et al. [2016]. Each sample was prepared by one of two library kits: Nextera
and TruSeq. Most of the samples prepared with the Nextera kit show a spike in
frequency at the 12th position from the 5’ end of the read . . . . . . . ... ..
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ABSTRACT

Statistical methods have proven to be fundamental in the analyses of genetic data and have
been used as a means to arrive at many novel biological discoveries; for example, these
methods have helped researchers better understand human history, long-term evolutionary
processes between species, and increased the power of studies with linkage-based imputation
[Stephens et al., 2001, Rosenberg et al., 2002, Felsenstein, 2004, Li and Durbin, 2011]. Many
methods in statistical genetics model sequence data along the genome and assumes that the
data is generated from a tree; while some methods do not. Here, I talk about three PhD
projects that encompass many classes of methods in statistical genetics. Two projects are
connected in that they model nucleotide variation along the genome and assumes the data is
generated from a tree, while the third project models data at the levels of reads and utilizes
a popular class of methods based on an “Admixture” model, which assumes no underlying
tree.

Trees connect all biological organisms on earth. At the most basic level, individuals within
a population are related through a genealogical tree. These trees are influenced by population
level parameters and can be characterized using coalescent theory [Hein et al., 2004]. In my
first project, the underlying tree structure is utilized to infer dispersal and population density
in Europe across space and different time periods. At a higher level, individuals between
species are related through a phylogenetic tree, which can be studied using methods from
phylogenetics [Felsenstein, 2004]. In my second PhD project, phylogenetic-based methods
for inferring positive selection are studied in both simulated and empirical datasets.

However, many methods in statistical genetics do not assume an underlying tree, such as
methods based on “Admixture” models. In my third project, an Admixture model is used
to model mismatches from sequencing reads in ancient DNA. Unlike tree models, Admixture
models assume that each sample is unrelated and has an estimated grade of membership in

each of K unrelated clusters that are estimated from the data [Pritchard et al., 2000]. Taken
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together, my three PHD projects span a wide class of models in statistical genetics.
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CHAPTER 1
INTRODUCTION

Life can only be understood going backwards, but it must be lived going forwards.

Soren Kierkegaard (1813-1855)

Individuals in a population undergo evolution forward in time. However, evolution can
sometimes be more easily modeled backwards in time because individuals are sampled in
the present time and shaped by past processes. A popular approach for modeling genetic
data is to posit latent genealogies, which themselves are modeled as random variables shaped
by population-level parameters [Hein et al., 2004]. These genealogy-based approaches are
commonly referred to as “coalescent models”, and were first independently formulated by Sir
John Kingman, Richard Hudson, and Fumio Tajima [Kingman, 1982, Hudson, 1983, Tajima,
1983].

The coalescent model is based on the simple idea that individuals are related through
an (unobserved) genealogy, and given the genealogy, data can be easily generated from it
[Hudson et al., 1990]. The data is assumed to be in the form of sequence data along the
genome, and furthermore, is often further reduced into bi-alleleic SNP data i.e. the data
can be summarized with a genotype matrix G such that gj.;; 2 f0;1g denotes the allele at
locus | for individual i [Hudson, 1983]. For concreteness, I provide a brief description of the
coalescent model for a sample size of two in a one population model. Here, the underlying

length of the tree Tj;j (in units of generations) between a pair of samples i and j is given by

Tijj eXp(ﬁ)i (1.1)

where Ne is the effective population size [Hudson et al., 1990]. Intuitively, equation (1.1)
captures the idea that individuals are more related to each other (i.e. shorter trees) in smaller

populations. After generating the genealogy, data can be generated by sprinkling mutations
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uniformly on the tree according to a Poisson process. The number of differences between

individuals (or number of “Segregating sites”) Sj.j becomes
Si;jjTi;j POiSSOH(QTi;j ); (1.2)

where is the mutation rate, and under the very good approximation that there is at most
one mutation at any one site (this approximation is often to referred to as the “infinite sites”
assumption because every mutation occurs on a new site in the genome) [Watterson, 1975].
This basic one-deme coalescent model has been used to reveal many interesting biological
insights. For example, a seminal paper by Li and Durbin [2011] infers population-sizes across
time under a single deme model, and has been widely used to learn about demographic history
of many species (e.g. plants, birds, reptiles, mamamals) [Skoglund et al., 2015, Zhao et al.,
2013, Green et al., 2014, Nadachowska-Brzyska et al., 2016].

The coalescent was extended to capture the spatial structure of populations, which is
done by modeling many populations (or “demes”) arranged on a lattice [Notohara, 1990],
here we refer to this extension as the “multi-deme coalescent”. In the multi-deme coalescent,
the lattice is constructed so to only allow migration between adjacent demes, also known
as a “stepping stone” model [Kimura and Weiss, 1964]. The stepping stone assumption is
important because it captures the decrease of genetic correlation with distance observed in
genetic data (this pattern is also known as “isolation-by-distance”) [Kimura and Weiss, 1964,
Weiss and Kimura, 1965, Sawyer, 1976]. The multi-deme coalescent can be mathematically
described with a Continuous Time Markov chain (CTMC) [Bahlo and Griffiths, 2001]. Let
i and j denote the two sampled lineages, d denote the number of demes (or populations),
and ( ; )2 fl,; ;dg  f1;:::;dg denote the locations of the two samples, and let ¢ denote

S
the coalescent state. The state of this CTMC is given by f1; ;dg f1;::;dg c. The



infinitesimal rate matrix is given by

1
R/ vy = ——
()0
2N (1.3)
Re:y(;H)= (M +m ) q
Ry =0
where M = hm . i denotes the migration rate matrix, and m . is the migration rate
between demes ; and N the population size at deme . Let Tj.j denote the (random)

coalescent time between the pair of sampled lineages. Under this framework, lineages make
transitions from state to state, independent of the past according to a discrete-time Markov
chain defined by the ratio of rates. For example, a lone lineage found in deme  moves
to a neighboring deme  with probability Lm But once a lineage enters a state, it
remains in the state, independent of the past, for an exponentially distributed amount of
time (determined by the rates) before changing state again. The coalescent time between
lineage i and j (Tj;j) is simply twice the total time before lineages i and j reach the coalescent
state €. Like before, conditional on knowing Tj:j, mutations can be added according to a
Poisson process.

Many studies have used the multi-deme coalescent to infer migration rates and population
sizes [Beerli and Felsenstein, 1999, 2001, Wilson and Rannala, 2003, Hey and Nielsen, 2004,
Broquet et al., 2009, Barton et al., 2002]. Historically, these methods accommodated only a
handful of demes because computation under the coalescent model can be unfeasible for many
demes. Under the coalescent, the state space grows quadratic with the number of demes.

Furthermore, the number of parameters grow with the number of models and therefore some



regularization is required, which is a non-trivial problem.

Recently, a significant improvement in this area was made with the development of the
“EEMS” method (Estimating Effective Migration Surfaces). EEMS infers effective migration
rates under the coalescent model, and can accommodate a large number of demes [Petkova
et al., 2015]. Furthermore, the EEMS method can both flexibly share information across
adjacent demes and accommodate abrupt changes in migration with a prior parameterized
by a Voronoi tessellation. The underlying machinery of EEMS is based on modeling the
genetic distance between all pairs of individuals, and assuming that the expected distances
are proportional to their expected coalescent times. However, the EEMS method cannot
infer very recent population structure because it models the data through the expected
coalescent time, which can occur a relatively long time ago in the past. More formally,
the expected coalescent time is approximately on the order of the effective population size
O(Neg), which for example, is tens of thousands in human populations. Furthermore, EEMS
infers the effective migration rate which is a compound parameter of the migration rates and
the population sizes, and thereby make it hard for users to disentangle the effects of the two
on the data.

In order to address these problems, in my first project, I develop a method (MAPS) to
infer population-sizes and migration rates separately under the coalescent model. Impor-
tantly, I use long pairwise shared coalescent (IPSC) segments as a summary statistic, which
are a better summary statistic for inferring recent population structure. For instance, several
methods focus on analyzing these long segments to infer recent demographic history because
these segments correspond to recent coalescent times, and as a result, are far more sensitive
to recent population structure than the average genetic distance as used in EEMS [Schiffels
and Durbin, 2014, Sheehan et al., 2013, Terhorst et al., 2016, Palamara et al., 2012, Han
et al., 2017]. Using extensive coalescent simulations, I find the method is capable of revealing

time-varying migration rates and population sizes, including changes that are not detectable



with data summaries that ignore haplotypic structure. I apply the method to a European
subset of the the POPRES dataset (consisting of 2224 European individuals), and provide
insights on recent population structure in Europe [Nelson et al., 2008]

Far back in time, the coalescent genealogies eventually segregate into species trees (or
“phylogenies”) when comparing individuals between different species, and a vast array of
methods exist to estimate these trees [Maddison, 1997]. At the species level, coalescent
models become less useful and phylogentic methods are preferred. The earliest of phyloge-
netic methods were developed to model nucleotide data on a phylogeny [Jukes et al., 1969,
Kimura, 1980, Felsenstein, 1981]. Many of these methods work by modeling evolution with
a CTMC. For example, F81 is a simple of model nucleotide substitution where the transition

matrix between the four states (A, C, G, T) are given by

Qij= j,forj&i (1.4)

where A; G; c; T represent the equilibrium frequencies of the four different nucleotides.
This simple CTMC framework was further extended to model codon evolution a tree
[Goldman and Yang, 1994]. Codons are composed of three nucloetides and specify the DNA
code from the nucleotide level to protein (i.e. a three-nucleotide codon specifies a single
amino acid). Similar to nucleotides, the evolution of codons can be described by a CTMC
such that the states constitute the different types of codons [Goldman and Yang, 1994].
Codon models were further extended to model positive selection. These family of methods
detect positive selection by assessing the ratio of the rate of non-synonymous substitution
(dN) to that of synonymous substitution (dS). Synonymous changes do not alter the protein
sequence, so they are assumed to evolve under the influence of mutation and drift alone;
thus, dN/dS = 1 is expected in the absence of selection, dN/dS < 1 is taken as evidence of
purifying selection, and positive selection is inferred when dN/dS > 1 at some or all sites.

In these models of positive selection, the null hypothesis of neutral evolution and the
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alternative hypothesis of positive selection are each represented by a CTMC. The likelihood
of each model defined as the probability that all the extant sequence data would have evolved
given the phylogeny, the model, and its parameters is calculated, and these are compared
to determine whether a statistically significant improvement results when positive selection
is incorporated into the model. In the simplest version of these tests, the models contain a
single selection-related parameter !, which represents the ratio of the instantaneous rates of
non-synonymous and synonymous substitution; in the null model, ! is constrained to values

1, and the positive selection model allows any value, including ! > 1. The rate matrix is
given by

if two codons differ at more than one position,

8
0;
j for synonymous transversion,
Qij = ji

for synonymous transition, (1.5)
for nonsynonymous transversion,
for nonsynonymous transition,

where j is the equilbirum frequency of codon j, is the transition/transversion ratio, and !
= dN/dS. Many published inferences of positive selection have been based with these codon
models.

In my second PhD project, I show that the phylogenetic-based tests of positive selection
yield frequent, strongly supported false inferences of positive selection under rate hetero-
geneity. Using simulations, I show that even a moderate degree of this kind of heterogeneity
causes the Sites-Test and its popular variant the Branch-Sites test to yield frequent, strongly
supported false inferences of positive selection. In a whole-genome empirical dataset from
mammals, the Sites-Test finds positive selection in hundreds of genes, but rate heterogeneity
is widespread, and a method that incorporates it drastically reduces the number of inferred

positively selected genes. These findings indicate that the bias is strong and empirically



relevant, and many reported cases of positive selection using the Sites-Test and related tests
could be artifacts of unincorporated rate heterogeneity.

Thus far, phylogenies (trees between species) and genealogies (trees within species) were
discussed, however many methods in statistical genetics are not tree-based. For example, a
widely used class of methods in statistical genetics are based on “Admixture” models (also
known “grade of membership” or “topic” models). Instead of assuming that individuals
are related under a tree, admixture models postulate K unrelated populations, and that
individuals are an mixture of these K populations. In addition to inferring structure in
admixed populations [Pritchard et al., 2000], admixture models are widely used to infer
structure in document collections [Blei et al., 2003], RNA-seq data Dey et al. [2017a] and
somatic mutation data [Shiraishi et al., 2015] for example.

Admixture models have a parameter K (the number of “source populations”) that the
user must postulate. The statistical problem now is equivalent to estimating allele frequencies
of the K populations for each locus I, and the admixture proportions of each individual in

each of the K populations. The classical admixture model can be summarized as

b ¢
Elgia] =  Yik2f« (1.6)
k=1

where @j.| is the genotype of individual i at locus I, ¥ is the admixture proportion of
individual i in population K, and fy.| is the allele frequency in population k at locus 1.
Using an Admixture model, in my third project, I develop a method to estimate DNA
damage. These methods start with a Binary Alignment Map (BAM) file, obtained by aligning
each read to a reference genome. The BAM file includes information on the mismatches that
occur in each read (vs the reference). We characterize each mismatch by several relevant
features, including its type (e.g. C-to-G, etc), flanking bases, and distance from the end
of the read. We then use these features to cluster the mismatches into groups, which we

call mismatch pro les. Intuitively, a mismatch profile associated with post-mortem damage
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is expected to show high levels of C-to-T mismatches at the ends of reads. On the other
hand, a mismatch profile that is typical of modern DNA polymorphism will show a different
pattern, such as a transition to transversion ratio of 2:1 [Goldman and Yang, 1994]. These
mismatch profiles are analogous to estimating the allele frequencies of the K populations in
the classical admixture model. Finally I estimate the relative frequency of each mismatch
profile in each sample, which T refer to as the “Grade of membership” [Erosheva, 2006] of
that sample in that mismatch profile. These grades of membership should reflect which
processes generated mismatches in each sample. For example ancient samples should have a

high grade of membership in mismatch profiles characteristic of post-mortem DNA damage.



CHAPTER 2
ESTIMATING RECENT MIGRATION AND POPULATION
SIZE SURFACES

(with Desislava Petkova, Matthew Stephens, and John Novembre)

2.1 Introduction

Populations exist on a physical landscape and often have limited dispersal. As a result,
most genetic data exhibit a pattern of isolation by distance [Wright, 1943], which is simply
to say that populations closer to each other geographically are more similar genetically.
Furthermore, the degree of isolation by distance can vary across space and time [Manel
et al., 2003]. For instance, in a mountainous area of a terrestrial species’ range, a pair of
individuals may be more divergent from each other than a pair of individuals separated by
the same distance in a flat and open area of the habitat. Additionally, the degree of isolation
by distance can change over time — for example, if dispersal patterns are changing over time.
Such spatial and temporal heterogeneity is an important aspect of population biology, and
understanding it is crucial to solving problems in ecology [Turner et al., 2001], conservation
genetics [Segelbacher et al., 2010], evolution [Rousset, 2004], and human genetics [Rosenberg
et al., 2005].

Several methods have been developed to reveal spatial heterogeneity in patterns of isola-
tion by distance [Womble, 1951, Barbujani et al., 1989, Guillot et al., 2005, 2009, Caye et al.,
2016, Petkova et al., 2016, Bradburd et al., 2016, 2017]. Some methods are based on ex-
plicitly modeling the spatial structure in the data [Guillot et al., 2005, 2009, Petkova et al.,
2016, Bradburd et al., 2016, 2017]; others take non-parametric approaches [e.g. Womble,
1951, Barbujani et al., 1989]; while other methods ignore the spatial configuration of the
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samples and rely on researchers to make a post hoc geographic interpretation of the results
le.g. Pritchard et al., 2000, Patterson et al., 2006]. However, none of these methods can be
flexibly applied to address temporal heterogeneity in isolation by distance patterns, and new
methods are needed.

One source of information for inferring changes in demography across time is the density
of mutations observed in pairwise sequence comparisons [Li and Durbin, 2011, Schraiber
and Akey, 2015]. For example, when individuals are similar along a long segment of their
chromosomes, it suggests that these segments share a recent common ancestor [Palamara
et al., 2012]. These segments are often called “identity-by-descent” tracts, although here we
prefer the term “long pairwise shared coalescence” (IPSC) segments (as identity by descent
traditionally required a definition of a founder generation, which is not clear in most data
applications). A key feature of these segments is that filtering them by length provides a
means to interrogate different periods of population history. The longest segments reflect
the most recent population history, whereas shorter segments reflect longer periods of time.
Recent analyses using IPSC segments suggest that they can reveal fine-scale spatial and
temporal patterns of population structure that are not evident with genotype-based methods
such as principal components analysis [Ralph and Coop, 2013, Lawson et al., 2012, Leslie
et al., 2015].

Here we develop a new method to infer spatial and temporal heterogeneity in population
sizes and migration rates. The method takes as input geographic coordinates for a set of
individuals sampled across a spatial landscape, and a matrix of their genetic similarities as
measured by sharing of IPSC segments. It then infers two maps, one representing dispersal
rates across the landscape, and another representing population density. Crucially, building
these maps using different lengths of 1IPSC segments can help reveal changes in dispersal
rates and population sizes over time.

Our method is based on a stepping-stone model where randomly-mating subpopulations

10



are connected to neighboring subpopulations in a grid. Such models are parameterized
by a vector of population sizes (N) and a sparse migration rate matrix (M). Stepping-
stone models with a large number of demes can approximate spatially continuous population
models [Barton et al., 2002, Baharian et al., 2016], and this can be exploited to produce maps
of approximate dispersal rates and population density across continuous space.

Our method builds upon a method developed for estimating effective migration surfaces
(EEMS) [Petkova et al., 2016]. While EEMS infers local rates of effective migration relative
to a global average, here we can explicitly infer absolute parameter values by leveraging IPSC
segments and modeling the recombination process [N and M values in the stepping-stone
model, and effective spatial density function De(X) and dispersal rate function (%) in the
continuous limit]. We call this method MAPS, for inferring Migration And Population-size
Surfaces.

We test MAPS on coalescent simulations and apply it to a European subset of 2,224
individuals from the POPRES data [Nelson et al., 2008]. In simulations, we show that MAPS
can infer both time-resolved migration barriers and population sizes across the habitat. In
empirical data, we infer dispersal rates (X) and population densities De(X) across different

time periods in Europe.

2.2 Results

2.2.1 Outline of the MAPS method

MAPS estimates demography using the number of Pairwise Shared Coalescence (PSC) seg-
ments of different lengths shared between individuals. We define a PSC segment between
(haploid) individuals to be a genomic segment with a single coalescent time across its length
(Figure 2.1A). Long PSC (IPSC) segments tend to have a recent coalescent time, and so man-

ifest themselves in genotype data as unusually long regions of high pairwise similarity, which
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Figure 2.1: Schematic overview of MAPS. (a) Coalescent times between a pair of hapolo-
types (A and B) will vary across the genome in discrete segments bordered by recombination
breakpoints. On average, longer segments represent shorter pairwise coalescent timigg )

(b) Flow diagram of MAPS. i) We start with a matrix of called genotypes; ii) IPSC segments
between all pairs of chromosomes across the genome are identi ed from the data using exter-
nal methods (such as BEAGLE, Browning and Browning [2011]); iii) IPSC segments between
pairs of individuals are aggregated at the levels of pairs of populations; iv) A grid is con-
structed and individuals are assigned to the most nearby node; v) The probability of the
PSC sharing matrix can be computed under a stepping-stone model where each node rep-
resents a population and each edge represents symmetric migration; vi) We use an MCMC
scheme to sample from the posterior distribution of migration rates and population sizes.
The nal MAPS output is the mean over these posterior samples, and the averaged rates
can be transformed to units of dispersal rate and population density. The diagram does not
show a bootstrapping step used to estimate likelihood weights to account for correlations
between IPSC segments, see Equation (2.6) in Methods.
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can be detected by various software packages [Gusev et al., 2009, Browning and Browning,
2011, 2013, Chiang et al., 2016]. Because IPSC segments typically re ect recent coalescent
events, counts of IPSC segments are especially informative for recent population structure
[Ringbauer et al., 2017, Palamara et al., 2012, Baharian et al., 2016]. And partitioning IPSC
segments into di erent lengths bins (e.g. 2-8cM, 8cM) can help focus inference on di erent
(recent) temporal scales.

The MAPS model involves two components: i) a likelihood function, which relates the ob-
served data (genetic similarities, as measured by sharing of IPSC segments) to the underlying
demographic parameters (migration rates and population sizes); and ii) a prior distribution
on the demographic parameters, which captures the idea that nearby locations will often
have similar demographic parameters. The likelihood function comes from a coalescent-
based \stepping-stone" model in which discrete populations (demes) arranged on a spatial
grid exchange migrants with their neighbors (Figure 2.1b). The parameters of this model
are the migration rates between neighboring deme®i(. ) and the population sizes within
each deme Il ). The prior distribution is similar to that from Petkova et al. [2016], and
is based on partitioning the habitat into cells using Voronoi tesselations (one for migration
and one for population size), and assuming that migration rates (or population sizes) are
constant in each cell. We use an MCMC scheme to sample from the posterior distribution on
the model parameters (migration rates, population sizes, and Voronoi cell con gurations).
We can summarize these results by surfaces showing the posterior means of demographic
parameters across the habitat.

The inferred migration rates and population sizes will depend on the density of the grid
used. However, using ideas from Barton et al. [2002] and Baharian et al. [2016] we convert
them to corresponding parameters in continuous space, whose interpretation is independent
of the grid for suitably dense grids. Speci cally, we convert the migration rates to a spatial

di usion parameter (%), often referred to as the \root mean square dispersal distance”,
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which can be interpreted roughly as the expected distance an individual disperses in one
generation; and we convert the population sized\() to an \e ective population density"
De(%) which can be interpreted as the number of individuals per square kilometer. Similar
to the original grid-based demographic parameters, we can summarize MAPS results by

surfaces showing the posterior means o{x) and De(%) across the habitat.

2.2.2 Dierences from EEMS

Our MAPS approach is closely related to the EEMS method from Petkova et al. [2016],
but there are some important di erences. First, the MAPS likelihood is based on IPSC
sharing, rather than a simple average genetic distance across markers. This was primarily
motivated by the fact that, by considering IPSC segments in di erent length bins, MAPS

can interrogate demographic parameters across di erent recent time periods. However, this
change also allows MAPS, in principle, to estimate absolute values for the parametbtsand

N, whereas EEMS can estimate only \e ective" parameters which represent the combined

e ects of M and N. This ability of MAPS to estimate absolute values stems from its use of

a known recombination map, which acts as an independent clock to calibrate the decay of
PSC segments. Finally, MAPS uses a coalescent model, whereas Petkova et al. [2016] uses a

resistance distance approximation [McRae and Narnberger, 2006].

2.2.3 Evaluation of performance under a stepping-stone coalescent model

We assess the performance of MAPS with several simulations, and compare and contrast the
results with EEMS. We used the program MACS [Chen et al., 2009] to simulate data under
a coalescent stepping stone model and re nedIBD [Browning and Browning, 2011, 2013]
to identify IPSC segments. All simulations involved twenty demes, each containing 10,000
diploid individuals, and each exchanging migrants with their neighbors. We analyzed each
simulated data set using PSC segments of length 2-6¢cM an&cM, which correspond to time-
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scales of approximately 50 generations and 12.5 generations respectively (see Supplementary
Notes). Results for other length bins are qualitatively similar (Supplementary Figure S1 &

S2).

Migration Rate Inference

First, we simulated under a uniform (constant) migration surface with migration rate 0.01
(Figure 2.2a), assumed to have stayed constant over time. In this case both EEMS and MAPS
correctly infer uniform migration (Figure 2.2a), and MAPS provides accurate estimates of the
migration rate (posterior mean 0.010 when using segments 2-6¢M and 0.0086 using segments

6¢M). As noted earlier, EEMS does not estimate the absolute migration rate; it estimates
only the relative (e ective) migration rates.

Next, we considered a scenario where the migration surface changed across time. Speci -
cally the migration surface matches the constant migration scenario (above) until 10 genera-
tions ago, when a complete barrier to gene ow instantaneously arose (a \vicariance event",
Figure 2.2b). In this setting EEMS again infers a uniform migration surface. This is because
EEMS is based on pairwise genetic distances, which are negligibly in uenced by the recent
barrier. In contrast, by applying MAPS with di erent PSC segment lengths, we can see
both the historically uniform migration surface (for segments 2-6¢M) and the recent barrier
(segments 6¢cM).

Next we consider a complementary time-varying scenario: an ancestral barrier disap-
peared 20 generations ago to allow uniform migration (Figure 2.2c). Here the EEMS results
again re ect the longer-term processes, and a barrier is evident. And again, by applying
MAPS with di erent PSC segment lengths, we can see di erent migration surfaces cor-
responding to di erent time scales, which are here reversed compared with the previous
scenario: the historical barrier (for segments 2-6¢M) and the recent uniform migration (seg-

ments 6¢cM).
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Figure 2.2: Simulations comparing migration rates inferred with MAPS against

e ective migration rates inferred with EEMS. (a) We simulated data under uniform
migration rates equal to 0.01 and applied EEMS and MAPS using PSC segments in the range
2-6¢cM and 6c¢cM. Like EEMS, MAPS correctly infers a uniform migration surface. Addi-
tionally, MAPS provides accurate estimates of the migration rates for both PSC segments
2-6cM (mean 0.01) and PSC segments6¢cM (mean 0.0086). (b) We simulated a recent
sudden migration barrier formation 10 generations ago. Here, EEMS is unable to infer a
barrier, while MAPS correctly infers the historical uniform surface (2-6¢M) and a barrier in
the more recent time scale (6¢cM). (c) We simulated a long-standing migration barrier that
recently dissipated 20 generations ago. EEMS infers a barrier, while MAPS correctly infers
both the historical migration barrier (2-6cM) and the uniform migration surface in the more
recent time scale ( 6¢M). In all cases shown here, we simulated a 20 deme stepping stone
model such that the population sizes all equal to 10,000, and 10 diploid individuals were
sampled at each deme.
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Population Size Inference

As noted above, and discussed in [Petkova et al., 2016], EEMS estimates an \e ective"
migration surface that re ects the combined e ects of population sizet and migration
rates M ; consequently it cannot distinguish between variation itM and variation in N. In

contrast, MAPS has the potential to distinguish these two types of variation.

Figure 2.3: Simulations comparing population sizes inferred with MAPS and
\diversity-rates" inferred with EEMS. We simulated uniform migration rates of 0.01
and a trough of low population sizes in the center of the habitat such that population sizes
equal to 1,000 at the center and 10,000 otherwise. Under these simulations, EEMS infers a
barrier in e ective migration and infers uniform diversity rates. However, MAPS correctly
infers a uniform migration surface (mean 0.01) and provides accurate estimates of deme sizes
(mean 985 at the center and 9100 at the edges)

To illustrate this di erence we simulate data with a constant migration surface, and a
population size surface that has a 10-fold \dip" in the middle of the habitat (deme size 1,000
vs 10,000; Figure 2.3). Petkova et al. [2016] performed a similar simulation, and showed that
EEMS estimated an e ective migration surface with an \e ective barrier" in the middle,
caused by the dip in population size. As expected, we obtain a similar result for EEMS here.

Further, the EEMS inferred diversity surface is also approximately constant, because the
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diversity surface re ects changes in within-deme heterozygosity, and these vary little in this
simulation. In contrast, MAPS is able to separate the in uence of migration and population
sizes: the estimated migration surface is approximately constant (with mean migration rate
equal to the true value 0.01) and the estimated population size surface shows a dip in the
middle, with accurate estimates of deme sizes (mean 985 at the center and 9100 at the
edges). Additional simulations with non-uniform migration rates reinforce these results; see

Supplementary Figure S3.

2.2.4 Applying MAPS to the POPRES data

To illustrate MAPS on real data, we analyze a genome-wide SNP dataset on individuals
of European ancestry [the \POPRES" study Nelson et al., 2008]. Previous analyses of
these data have shown the strong in uence of geography on patterns of genetic similarity
[Novembre et al., 2008, Lao et al., 2008, Ralph and Coop, 2013]. In particular Ralph and
Coop [2013] analyzed spatial patterns in the sharing of PSC segments across Europe. To
facilitate comparison with their results, we use their PSC segment calls, focusing on a subset
of 2224 individuals after ltering (see Methods).

We applied MAPS to these data using three di erent PSC segment length bins: 15cM,
5 10cM, and> 10cM. The longer bins correspond to more recent demography because as
PSC lengths increase, the average coalescent times decrease. Indeed, the average coalescent
times for each of these three length bins is inferred to be 90, 23 and 7.5 generations respec-
tively, which correspond to 2700 years, 675 years and 225 years if we assume 30 years per
generation.

We note that the accuracy of called PSC segments will vary across these bins: based on
simulations in Ralph and Coop [2013] PSC segment calls in the smallest bin (1-5cM) will
likely su er from both false positives and false negatives, whereas for the longer bins PSC calls

should be very reliable. Nonetheless, even in the smallest bin, closely-related individuals will
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still tend to show higher PSC sharing, and so the estimated MAPS surfaces should provide
a useful qualitative summary of spatial patterns of variation even if quantitative estimates

may be less reliable.

Inferring dispersal and population density surfaces

The inferred MAPS dispersal rates (migration rates scaled by grid step size) and population
densities (population sizes scaled by grid area size) for each PSC length bin are shown in
Figure 2.4.

Largely speaking, the spatial variation in inferred dispersal rates and population den-
sities is remarkably consistent across the di erent time scales (Figure 2.4). In the MAPS
dispersal surfaces, several regions with consistently low estimated dispersal rates coincide
with geographic features that would be expected to reduce gene ow, including the English
Channel, Adriatic Sea and the Alps. In addition we see consistently high dispersal across
the region between the UK and Norway, which may re ect the known genetic e ects of the
Viking expansion [e.g Leslie et al., 2015]. The MAPS population density surfaces consistently
show lowest density in Ireland, Switzerland, Iberia, and the southwest region of the Balkans.
This is consistent with samples within each of these areas having among the highest PSC
segment sharing (Supplementary Figure S4a). The MAPS inferred country population sizes
are also highly correlated with estimated current census population sizes from The World
Bank [2016] and National Records of Scotland [2011] (Supplementary Figure S6).

The most notable variation among the estimated surfaces from di erent time scales is a
dramatic increase in the mean estimated population density in the most recent time scale
(Figure 2.4 and Supplementary Figure S7). Indeed, the estimated mean for the last time
scale { 1.4 individuals per square km { is 6-9 fold higher than those for the earlier time
scales (0.16 and 0.22 respectively). This increase is consistent with the recent exponential

growth of human population sizes [Cohen, 1995]. The estimates themselves are lower than

19



Figure 2.4: Inferred Dispersal Surfaces and Population Density Surfaces over time

for Europe. We apply MAPS to a European subset of POPRES Nelson et al. [2008] with
2,234 individuals and plot the inferred dispersal (%) and population density D¢(%) surfaces

for PSC length bins (a)> 1cM (b) 5-10cM and (c)> 10cM. We transform estimates oR and

M to estimates of (%) and De(%) by scaling the migration rates and population sizes by the
grid step-size and area (see Equations (2.17) and (2.18)). Generally, we observe the patterns
of dispersal to be relatively constant over time periods, however, we see a sharp increase in
population density in the most recent time scaleX10cM). Note the wider plotting limits in
inferred densities in the most recent time scale.
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historical estimates of 1-30 individuals per square km based on archaeological data [e.g.
Zimmermann et al., 2009].

The dispersal surfaces show more minor changes between time periods (Figure 2.4 and
Supplementary Figure S7). In particular, the estimated mean dispersal rates are relatively
constant across time, being 73, 103 and 72 respectively (in units of km in a single genera-
tion). These mean estimates are consistent with empirical estimates of 10-100 km in a single
generation compiled by Kaplanis et al. [2018] using pedigrees of individuals living between
1650 and 1950 AD. We do note the lower estimated dispersal rates between Portugal and
Spain in the analyses of longer PSC segments (5-10 andlOcM), and the higher estimated
dispersal rates through the Baltic SeaX 10cM segments), possibly re ecting changing gene

ow in these regions in recent history.

Comparison to Ringbauer et al. [2017]

Ringbauer et al. [2017] also estimate a mean dispersal rate and population density from
the Eastern European subset of the data analyzed here. Their estimates are based on
PSC segments> 4cM, which is most comparable with our analysis of 5-10cM. Unlike our
analysis, their estimates are based on a spatially homogeneous model. To compare with their
estimates we computed the mean of the estimated dispersal rate and population densities
in Eastern Europe (but based on an analysis of the full data). For the dispersal rate this
yields an estimate of 88 km in a single generation, which is consistent with the range of
50-100 given by [Ringbauer et al., 2017]. For the population density, it yields an estimate
of 0.10 individuals per square km, which is somewhat higher than the estimate of 0.05
obtained under a comparable (time-homogeneous) population model in [Ringbauer et al.,
2017]. Possibly our higher estimate partly re ects the in uence of our spatial modeling
approach, which will tend to shift the estimate for Eastern Europe toward the estimated

mean across all of Europe (which is 0.22). In addition, the di erence in length thresholds
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(> 4cM versus 5-10cM) may also be contributing; if segments in the Ringbauer et al. [2017]
analysis are on average shorter and hence older, one would expect lower density estimates,

based on our results that suggest lower densities in the past (Figure 2.4).

Comparison with EEMS

The EEMS results for these data (Figure S8) show non-trivial di erences with the MAPS
results (Figure 2.4a). Two potential causes are: i) di erences in the summary data used
(PSC segment sharing vs genetic distances) and hence sensitivity to di erent timescales;
and ii) di erences in the underlying models (e.g. composite Poisson likelihood vs Wishart
likelihood, and di erent parameterizations/approximations to the coalescent model; see Dis-
cussion). To evaluate the impact of i) we compared the PSC segment sharing and genetic
distances, and found their correlation to be only modest (Pearson's= -0.38), with the
most notable deviation for comparisons between countries in Eastern Europe (Figure S9a).
Furthermore, most of this correlation is due to geographic distance: after controlling for ge-
ographic distance the correlation is only -0.18, which may be a more relevant metric because
inferred spatial heterogeneity in gene ow (barriers and corridors) is driven by departures
from simple isolation by distance.

To better assess the impact of ii) we applied EEMS on a distance matrix constructed
to have the same similarity patterns as the PSC segment sharing matrix input to MAPS
(1 5cM length bin). The resulting EEMS surface is more similar to the corresponding MAPS
dispersal surface (Supplementary Figure S9b vs Figure 2.4a), but there remain substantial
di erences. This investigation con rms what we expectea priori | the two surfaces should
be di erent because the underlying models and inferred parameters of MAPS and EEMS
are di erent. As noted before, EEMS infers the \e ective migration rate" which re ects the

e ects of both the migration rates and population sizes, while MAPS infers them separately.
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2.3 Discussion

We developed a method (MAPS) for inferring migration rates and population sizes across
space and time periods from geo-referenced samples. Our method builds upon a previous
method developed for estimating e ective migration surfaces (EEMS) [Petkova et al., 2016].
However there are several di erences between MAPS and EEMS. Most fundamentally, MAPS
draws inferences from observed levels of PSC sharing between samples, whereas EEMS draws
inferences from the genetic distance. These two data summaries capture di erent information
about the coalescent distributions: in essence, PSC sharing captures the frequency of recent
coalescent events, whereas genetic distance captures the mean coalescent time. Consequently
MAPS inferences largely re ect the recent past/( 1000 years for human recombination
rates and generation times with PSC segments 2cM), whereas EEMS inferences re ect
demographic history on a longer timescale across which pairwise coalescence occurs (99% of
events> 6000 years old, assuming diploitle of 10,000 for humans, exponential coalescent
time distribution).

Another consequence of modelling PSC sharing, rather than genetic distance, is that
MAPS can separately estimate demographic parameters related to migration ratéd | and
population sizes N), as in Figure 2.3 for example. In essence MAPS does this by using the
known recombination map as an additional piece of information to help calibrate inferences.

In contrast EEMS, which makes no use of recombination maps, cannot separdMeand N'.
Instead EEMS infers a compound parameter referred to as the \e ective migration rate",
which is in uenced by changes in bothM and N; see Figure 2.3. In principle, if applied

to sequence data instead of genotype data at ascertained SNPs, the genetic distances used
by EEMS could perhaps also separately estimatd and N by exploiting known mutation
rates to calibrate inferences. However, this would require non-trivial additional changes
to the current EEMS likelihood, which was designed to be applicable to ascertained SNPs

and does not explicitly model variation in population sizes. (The EEMS likelihood instead
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uses a \diversity rate" eg, which re ects within-deme heterozygosity but is not explicitly a
population size parameter.)

An additional useful feature of PSC segments is that, by varying the lengths analyzed,
one can infer parameter values across di erent time scales. For example, our simulations
show how by contrasting shorter and longer PSC segments, the method can reveal di erent
gene ow patterns in scenarios with recent changes (see Figures 2.2 and 2.3). Further support
comes from our empirical analysis of the POPRES data-set, where we found population sizes
inferred from longer PSC segments to be more correlated with census sizes The World Bank
[2015 census 2016] and National Records of Scotland [2011, 2011 census] than sizes inferred
from shorter segments (e.g. Spearman's=0:71 for 1 5cM and = 0:84 for> 10cM; see
Supplementary Figures S5 and S6). Also, not surprisingly, PSC segments greatly outperform
using heterozygosity as an indicator of census population size (the Spearman's correlation
coe cient between heterozygosity and census size was insigni cant, p-value = 0.25).

Our estimates of dispersal distances and population density from the POPRES data are
among the rst such estimates using a spatial model for Europe (though see [Ringbauer
et al., 2017]). The features observed in the dispersal and population density surfaces are in
principle discernible by careful inspection of the numbers of shared PSC segments between
pairs of countries (e.g. using average pairwise numbers of shared segments, Supplementary
Figure S4b, as in Ralph and Coop [2013]). For example, high connectivity across the North
Sea is re ected in the raw PSC calls: samples from the British Isles share a relatively high
number of PSC segments with those from Sweden (Supplementary Figure S4b). Also the low
estimated dispersal between Switzerland and Italy is consistent with Swiss samples sharing
relatively few PSC segments with Italians given their close proximity (Supplementary Figure
S4b). However, identifying interesting patterns directly from the PSC segment sharing data
is not straightforward, and one goal of MAPS (and EEMS) is to produce visualizations that

point to patterns in the data that suggest deviations from simple isolation by distance.
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Our results suggest that several features of dispersal in Europe have been relatively stable
over the last 3000 years, whereas the population sizes have been increasing. The relative
stability of the gene ow patterns is perhaps surprising given ancient DNA results suggest
a continually dynamic history of population movements. One possibility is that much of
European population structure may have been established by the end of the Bronze Age
( 4,000 years ago), with relatively more stable patterns in the intervening period that is
re ected in IPSC segments. Nonetheless, the dispersal is not completely stable{ our results
suggest changes in Iberia, the Baltic, and to minor degrees in other areas.

The inferred population size surfaces for the POPRES data show a general increase in
sizes through time, with small uctuations across geography; for instance, Polish samples
have a relatively larger population size in inferred values from the largest length scate (
10cM). In our results, the smallest inferred population sizes are in the Balkans and Eastern
Europe more generally. This is in agreement with the signal seen by Ralph and Coop [2013];
however, taken at face value, our results suggest that high PSC sharing in these regions may
be due more to consistently low population densities than to historical expansions (such as
the Slavic or Hunnic expansions).

Although consistent with previous results, our estimates of dispersal and population sizes
do not exactly agree with empirical estimates. For example, our estimates of population
sizes are consistently lower than the census sizes (Supplementary Figure S6). This is to be
expected for several reasons. First, census sizes include non-breeding individuals (juvenile
and post-reproductive age) that do not impact the formation of PSC segments. Second,
MAPS is tting a single population size per location, and in a growing population the best
t population size will be an under-estimate of contemporary size. Third, in a wide class
of population genetic models, the e ective size, even among reproductive age individuals, is
lower than the census size because of factors that in ate the variance in o spring number.

Fourth, some discrepancy is expected simply because the stepping-stone population genetic
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model used here is only a coarse approximation to the complex spatial dynamics of human
populations. Finally, recombination rate mis-speci cation can bias the inferred parameters.
Furthermore, we caution that our results must be interpreted in the light of the fact that we
have limited spatial sampling across Europe, and only very coarse geographical origin data
(country of origin).

Here, as in Petkova et al. [2016] we use a discrete stepping-stone model to approximate
a process that might be more naturally modelled as continuously varying in space. Recent
work [Ringbauer et al., 2017, Baharian et al., 2016] exploits continuous models to estimate
dispersal and population density parameters from sharing of IPSC segments. However, these
methods assume that dispersal and population density are constant across space: extending
them to allow these parameters to vary across space could be an interesting avenue for future
work.

A major achievement in method development in population genetics would be to jointly
infer migration rates and population sizes across both space and time. MAPS is a step
towards this goal. However, we do not infer demography explicitly as a function of time and
instead infer surfaces in time blocks de ned by PSC length bins. In principle, our method
allows for inference of demography across time by treating PSC segments as independent
across length bins, see Equation (2.27) in Supplementary Notes. However, this requires
tting multiple migration/population surfaces and is computationally unfeasible with our
current MCMC routine. Other computational techniques (e.g. Variational Bayes or fast

optimization of the likelihood) might make this goal possible.
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2.4 Methods

2.4.1 MAPS con guration

For the empirical data analysis, we ran MAPS with 200 demes. The MAPS output was
obtained by averaging over 20 independent replicates (the number of MCMC iterations in
each replicate was to set 5e6, number of burn-in iterations set to 2e6, and we thinned every

2000 iterations). We provide a software tool here: www.github.com/halasadi/MAPS

2.4.2 Inferring PSC segments from the data

When calling PSC segments, we follow the recommendations of Browning and Browning
[2011, 2013] and Ralph and Coop [2013] by running BEAGLE multiple times and merging
shorter segments.

For the empirical data analysis, we use the PSC segments (\IBD") calls from Ralph
and Coop [2013]. We further applied a Iter to retain countries with at least 5 sampled
individuals, and removed Russian and Greek individuals to restrict the habitat to a smaller

spatial scale

2.4.3 Model

MAPS assumes a population genetic model consisting of triangular grid dfdemes (or
populations) with symmetric migration. The density of the grid is pre-specied by the
user with the consideration that the computational complexity isO(d®). We use Bayesian
inference to estimate the MAPS parameters: the migration rates and coalescent ratds
and g respectively. Its key components are the likelihood, which measures how well the
parameters explain the observed data, and the prior, which captures the expectation that
M and g have some spatial structure (in particular, the idea that nearby edges will tend to
have similar migration rates and nearby demes have similar coalescent rates).
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MAPS estimate the posterior distribution of = M;q given the data. The data used
for MAPS consists of a similarity matrix X R = inf} g which denotes the number of PSC
segments in a rang® = [ u; V] base-pairs shared between pairs of haploid individualsj() 2
f1, ;ng f 1, ;ng wheren is the number of (haploid) individuals. Furthermore, a
recombination rate map is required as input for MAPS. The likelihood is a function of the
expected value ofX i'} (E[X if} ]). Below we describe the computation of [X if}] and the
other key components of the likelihood. Finally, we brie y describe the prior used and an

MCMC scheme to sample from the posterior distribution of .

The likelihood function

Let ; denote the demes that (haploid) individuals andj are sampled in, we de ne,
= EX{j]: (2.1)
For the marginal distribution, we assume

Xiji  Pois(, j): (2:2)

and one option for computing the joint distribution of the data is to assume independence
between pairs of individuals i j ) as done previously [Palamara et al., 2012, Palamara and
Peer, 2013, Ralph and Coop, 2013, Ringbauer et al., 2017]. This assumption leads to the
log-likelihood,

X
logL(; X)= n. X. log( : ) - (2.3)
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whereX = fX . gsuchthat(; )2f1, ;dgf 1, ;dganddisthe number of demes.

Furthermore
P
1 R
nn i2d ;j2d Xij if 6 )
P H
1 R
Ty i2diik Xy

(2.4)

w /WO

wheren is the number of sampled individuals in deme, d is the set of all individuals in

deme , and

(2.5)

However, we found that there were signi cant correlations in IPSC segments between
individuals. To deal with this, we down-weighted the likelihood function to re ect the
\e ective" number of samples (. ) instead of the number of pairs (. ). The e ective

number of samples between demes is given by,

X .

In the case of independence, Vaf[. ] ); . However, because of correlations in the data,
the actual variance is signi cantly larger than the variance computed under an independence
model. Here, we estimate Va) . ]| by bootstrapping individuals with replacement. This
way, we model the correlations between pairs of individuals for within and between-deme
comparisons. The loglikelihood adjusted for correlations is given by,

X
logL(; X)= e. X, log( . ) . (2.7)

- - R -
Computing the expectation ofX
Next, we derive expressions to compute the expectation of the number of PSC segments

of length greater thanu (X 5:[ 1 )) conditional on the demography . From results in
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Palamara et al. [2012] it is easy to show that

Z1
ElX U6 R A (28)

u
where G denotes the length of the genome (in base-paird), denotes the random length (in
base-pairs) of the PSC segment betweenand j containing a pre-speci ed position in the
genome (basd say), andf| is its probability density. Intuitively, Gf(lj) is the expected

number of base-pairs that lie in PSC segments of length making Gf—Lf“—)

the expected
number of PSC segments of length Integrating the latter quantity from to 1 gives the
desired result.

To help compute (2.8) we introduceTj; to denote the (random) coalescent time in gen-
erations between and|j at baseb, with density fTi,- (tj ). Then (2.8) can be written as an
integral over Tj; :

Z4

e U1 6 fuq)) =ld @9)
212,
=G fLr, (1)) =ldtdl (2.10)
z, ° Z 4
=Gty () £ (ljt)=Idl dt: (2.11)

using the relation thath;Ti_j (ty)y = fodjt; ) fTi-,- (tj) = f|_(Ijt)f1-i_j (tj ). A key simpli-
cation here comes from the fact that, givenTj; , L is conditionally independent of .
It can be shown that the conditional distribution ofL givenT;; is an erlang-2 distribution

[Palamara et al., 2012, Palamara and Peer, 2013, Hein et al., 2004] with density
fL(ljt) = 4rt%e 21 (2.12)
wherer is the recombination rate per base-pair. Substituting this into the inner integral of
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(2.11) and integrating analytically yields

Zq
f(ljt)=ldt = 2rte 'Y (2.13)

u

leading to z,

EXg U1 6 fr ()2 e 2t (2.14)
; 0 ;
Here, we assume the probability density of;; is given by,

X
fr, (ti) ae M), @MYy, (2.15)

where demes; denote the deme where lineagesand j are sampled from,q = ﬁ IS
the coalescent rate in deme, and M = hm. i is the migration rate matrix between alld
demessuchthat( )2f1l, ;dg f 1;::;dg. We compute the matrix exponential by rst
diagonalizing the matrixM = PDP T and computee Mt = pe DtpT,

Having computed all individual components ofRO1 fTi;j (tj )2 rte 2rudt, we are left to
evaluate a one-dimensional integral which we do by Gaussian quadrature (with 50 weights).

To compute the expected number of PSC segments in aranBe= ( ; )

E[X 5:[ ; ]] — E[X il;:\j’:[ ;1 )] E[xllj:[ i1 )] (216)
As mentioned previously, the units of; are in base-pairs. However, we can transform to

units of centiMorgans (cM) by : .y =100r .

The Prior

MAPS uses a hierarchical prior parameterized by Voronoi tessellation (similar to EEMS).
The Voronoi tessellation partitions the habitat into C cells. Given a Voronoi tessellation of

the habitat, each cellc2 f 1; ;Cgis associated with a migration rate i1 ¢) and population
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size (N¢). Demes () that fall into cell ¢ will have population sizeN = N¢, and similarly,

Mc+Me,
Tatrte

migration rates between demes equalm. = if demes ; fall into cells ¢1

and co. We use an MCMC to integrate over the distribution on partitions of Voronoi cells.

The MCMC

We break up the MCMC updates into updating a series of conditionally independent dis-
tributions. Provided the conditional posterior distributions for each part give support to
all the parameter space, this will de ne an irreducible Markov chain with the correct joint
posterior distribution Stephens [2000]. We use Metropolis-Hastings to update all parame-
ters, and random-walk proposals for most updates, with exception of birth-death updates

for updating the number of Voronoi cells.

Transformation of parameters to continuous space

Given an inferred population size at a particular deme and a grid with uniform spacing,

the transformation from population size to population density is given by
N
De(x) = _A; (2.17)

where A = 'idH— is the area covered per deme such thaty is the area of the habitat

(@in kmz), d is the number of demes, and corresponds to the spatial position of deme.

Intuitively, (2.17) implies that the density multiplied by the area equals population size, i.e.

De(x) A N . Equation (2.17) can is analogous to equation 7 in [Baharian et al., 2016].
Given a migration rate (m), the transformation to dispersal distances is given by,

= pﬁ X; (2.18)

where x is the step size of the grid (km). The dispersal distance represents the distance
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traveled by an individual after one generation, and sometimes is called the \root mean square
distance” or \dispersal rate" [Barton et al., 2002]. Please see derivation of (2.18) below in

Supplementary Notes.

2.5 Supplementary Notes

2.5.1 The model

The coalescent process for two samples under a multi-deme model can be described by a
continuous time Markov chain (CTMC) [Bahlo and Gri ths, 2001]. Let i;j represent sam-
pled lineages and; their locations, respectivelyd is the number of demes (or populations)
and (; )2f1, ;dg f 1;::;dg. Let c denote the coalescent state. The in nitesimal rate

matrix R of this CTMC is

Re: ) )= m; =1;:5d;, 6
Re: )y, Hy=m; =1;:5d;, 6
R(; o= a (2.19)
Ry )= (M +m) g
R(o)i(e) =0
Re: y(;H)=0 5 =1iu5d; 65 6

whereM = hm. i denotes the migration rate matrix, andm. is the migration rate
between demes, andqg = ﬁ is the coalescent rate of deme which is proportional to
the inverse of the population size at deme (N). Let Tj;; denote the (random) coalescent
time between the pair of sampled lineages, arfelri;j (t) denote the probability density of a
coalescent event at timet. Here, we derivef Tij (t) by conditioning on the position of the

two lineages.
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Lemma 2.5.1. Let Xj(t);X;(t) 2f1 ;dg f 1;::dg denote the position of lineage
i and lineagej at time t respectively. The probability densityTi_j (t) that lineagei and j

P
coalesce at timet is given by d:1 qP(Xi(t)= ;;Xj)=):

For t O,
P(Tij 2 [tt+ t]) (2.20)
x |
P(Tij 2 [5t+ tiXi(t)= ;X )= )PXit)= ;Xj{t)= )
=1
(2.21)
xd
g tPXiM)= ;XM= ) (2.22)
=1
Taking the limit t! 0, we arrive at the density
xd
fTi;,- (t) = Ii{p 0 P(Tj 2[tt+ t])= t= qPXi®)= ;X;jt)=): (2.23)
' =1
The random walk approximation to the coalescent
Here, we introduce an approximation,
PXi()= ;XM= ) PXit)= )PX;)= ) (2.24)

The intuition is that probability that lineage i andj coalesce before timeis extremely small
such that the two lineages approximately behave like two independently moving particles.
Each lineage can be modeled by a random walk with transition matri¥ . These assump-
tions were also made in the context of continuous spatial di usion models for haplotype

sharing Baharian et al. [2016], Ringbauer et al. [2017] , and even further back, as a general
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approximation to the two-dimensional continuous-space coalescent process [Barton et al.,
2002, Wilkins, 2004, Blum et al., 2004, Novembre and Slatkin, 2009, Robledo-Arnuncio and
Rousset, 2010].

This approximation implies that

X
fr; (© ae My M), (2.25)
where lineages; | are initially sampled in deme; . Or equivalently in matrix form,
fr, () e MtQe MU (2.26)

]

whereQ = diag(qs; ::; qy)-

Varying migration rates and population sizes across time

Corollary 2.5.1.1. Let time slice k be de ned by the intervalty 1 <t <t y, My denote
the migration rate matrix in time slice k, and Qi = diag(q‘{; :::;cﬁ) where qk denotes the
coalescent rate in deme at time slicek. Let Tj; denote the coalescent time between lineage

i;j sampled in demes; , then under the independence assumption, fo2 (tx 1;tk),

fry 0 Gk (OQk Gk () (2.27)
where G (t) = exp Pllel(tk te DMk (t tx)Mg

Expected number of IPSC segments given the demography

Lemma 2.5.2. Let Xi.j denote the number of PSC segment greater tharbasepairs shared
between haploid individualg j, denote the demographic modeG the size of the genome,

L denotes the random length (in base-pairs) of the PSC segment betweand j containing
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R
a pre-speci ed position in the genome, theE[Xi.jj ] G ul fLdy) =ldl.

Let E[F j] denote the expected fraction of the genome betweenj that lies in PSC
segments greater than , and E[s j ] the expected size of a PSC segment conditional on it

being at least length . According to equations 9-14 from [Palamara et al., 2012],

EX i1 g (228)
Z4

E[F j]= fL(j) d (2.29)
R

le 1 N OKN 30

5117 R g (2.30)

We obtain the desired result by substituting (2.29) and (2.30) into (2.28) and canceling

like-terms.

Expected age of a segment

We choose PSC segment lengths based on their expected age which is derived below.

Lemma 2.5.3. The expected coalescent timé,(in generations) of an PSC segment between
between length. 1 centiMorgans andL > centiMorgans is approximately%)g(I_—l1 + L—lz) if the

e ective population size (N) is su ciently large.

We choose to work in units of basepairs, and will convert back to units of morgans at the

end. We convertL 1 into units of base-pairs with the transformation: = TIET%Y and similarly
_ Lo
- 100

Let us denoteTjl;N as the random coalescent time of a PSC segment that is at least

length | under a single-deme demography model with population si2¢. The expected
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coalescent time of an PSC segment longer thanbase-pairs can be expressed as

Z4

z, o
EMil :NJ= @l N )dt i@ i9fr(UN)
0

t -
f Lt jN)
_ e L0 iDfr(N)dt
o fu  jofr(N)dt’

dt
(2.31)

wheref | (Ijt) = 4r2t%le 2" denotes the probability density that a PSC segment is of length
| given it has a common ancestor event at timég, f1(tjN) denotes the probability density
that a coalescent event occurs at timé¢ under the demography model with population size
N.

Next, we expand a key term in equation (2.31)

Z
fLd jt) = foijpd =2rt +1)exp 2t +1 (2.32)
and assume,
e t=N

fr(tjN) = (2.33)

Putting everything together,

- 3

E[Tjl ;N]ZN(1+6Nr )=(1+2Nr )° _ N(1+6Nr ) (2.34)

(1+4Nr )=(1+2Nr )2 1+6Nr +8N2(r )2
We can remove the dependence bf by taking limy; as done similarly in Baharian et al.

[2016],

: , _ _ 3
NI!En E[Tj]l ;N ]= i (2.35)

Now that we have derived the expected age of PSC segment longer thant is quite simple
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to expand the equation for PSC segments betweenand base-pairs,

R
R 1 . .
er 1 - S 1 iy o U000 fl 0 Ty @
= B . -
f I jtfrndt R _ _
0 Tl Wi o fLl i fLa b frjn (Dt
31,1
- - 4+
4 r r

(2.36)

We transform back to units of centimorgans: let.q1 =100r and L2 =100r be in units of

centiMograns, and taking the limit, we get the desired result
lim E[tj I = — —+ — 2.37
Jim Eft ] (2:37)

2.5.2 Transformation of migration rates to dispersal rates

Migration rates inferred under a discrete model can be transformed to dispersal distances

representing parameters in continuous space. Here, we derive the transformation.

Lemma 2.5.4. Consider a random walk on a 2D grid, where steps are taken according to a
Poisson process with raten, and let X (t) be a vector denoting the coordinates of the particle
at time t. The distribution of X (t) approximately only depends on the compound parameter

m( x)2 (or equivalentlyp m x).

()
X(t) = Zj; (2.38)
i=1

whereN (t) is the number of steps taken by time, and Z; is a random variable representing
the direction and magnitude taken at step. SinceX (t) is a sum of iid variables, a form of
the central limit theorem applies here andX (t) converges to the normal distribution [Renyi,

1960].
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In a random walk on a triangular grid, a particle can move in one of the 6 directions

(upper-right, right, lower-right, left, upper-left, and lower-left):

=(1=2 X" 3=2)T with p=1=6

=( x;O)T with p=1=6

=( x=2; <" 3=2)T with p=1=6
=( X 0)T with p=1=6

=( x=2 xp 3=2)" with p=1=6

=( x=2 xp 3=2)" with p=1=6

where X represents the step size in the grid (i.e. edge length). The mean and variance are

given by,

EX()]=0 (2.39)

and,

mt( x)?
— 2 |,

VarX(t)] = —

(2.40)
where |5 is the identity matrix. Under normality, the mean and variance are su cient

statistics. Note that (2.39) and (2.40) also hold for square grids.

Interpretation of the migration di usion parameter m(  x)?

In addition, we provide a physical interpretation to ( x)2 in terms of the squared distance

from the origin per generation. Let the distanced = kX (t)k = x% + x%, then
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m( x)? m( x)?

- 2.
> > =m( x)°: (2.41)

E[d=t = E[x{ + x3|=t = E[xf]=t+ E[x3]=t =

q____
% = pm X can be interpreted as the distance traveled by an individual after

one generation, and sometimes is called the \dispersal" distance or the \root mean square

distance".

2.5.3 Diversity rates versus coalescent rates

For computational e ciency, the EEMS software uses a combination of the resistance dis-
tance model and within-deme \diversity rates" to approximate expected pairwise coalescent

times, in which,

8
3R, G te . g
Eff. 1= ° A : (2.42)
T3

WhereE['I‘\; ] is the resistance distance approximation to the expected coalescent time be-
tween deme and deme , eq is the \diversity rate" in deme , andR. is the resistance
distance between demes [Petkova et al., 2016]. The diversity rates have no simple ex-
pression in terms of population-genetic parameters under the multi-deme coalescent model.
As an alternative, diversity rates can be interpreted as re ecting average within deme het-
erozygosity sinceeq = E[Tw]/ H where the heterozygosity for deme (H ) is de ned
as,

1 X

H = Dij ; (2.43)
2 i<jio2; 2

whereDj;j is the average number of di erences between (haploid) individualsand j .
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Migration and population sizes are identi able in MAPS

MAPS models the recombination process using rates estimated from a recombination rate
map. In this model, population sizes and migration rates can be inferred separately rather
than as a joint parameter. Intuitively, the recombination rate serves an independent clock
to calibrate estimates.

More formally, a statement of identi ability is a statement regarding the likelihood.
MAPS models the expected number of IPSC segments shared between pairs of (haploid)
individuals, and can be computed with an integral (2.14). The integral can be broken up
into a product of two functions: a function describing the decay of PSC segments as a
function of time (\recombination rate clock"), and the coalescent time probability density
fTi;j (t) (2.15). The migration rates and population sizes only appear iﬁTi;,- (t), and cannot
be cannot be factored into parameters involving combinations of the migration rates and

population sizes.

2.5.4 The prior

The structure of the prior closely resembles the prior in the EEMS method Petkova et al.
[2016]. The tessellation for the migration ratesTy) is encoded by a list M;m;cn; m)
where|™ are the locations of each celln the rates of each cell, and are vectors of length
Cm (i.e. number of Voronoi cells), and n, is the overall mean migration rate. The Voronoi
tessellation for the coalescent rates iBq = (19, g;¢cg; q)-

The location of each (unordered) Voronoi cell is distributed uniformly across the habitat,

1M 19 GyH); (2.44)

and the number of cells (a-priori) are drawn from a negative binomial distribution,
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cm NegBi(rm; pm):

The e ects of each Voronoi cell is normally distributed with variance 2.

iid

log10M;) "* N( m;! Z)

id

log10G) " N( ¢! 3)

The probability of a particular (unordered) cell con guration is,

p(mjcm) = cm!  N(Mjj m;!' {)
i=1

We assume,

logl0(l m) U( 3;logl0(1.5))

log100 ¢) U( 3;log10(1))

(2.45)

(2.46)

(2.47)

(2.48)

(2.49)

(2.50)

We set log10(2) as the upper bound for log10f,) so them so the probability that it is within

3 orders of magnitude from the mean is 0.95 a priori, and we set log10(1) as the upper bound

for log10( q) to restrict the population sizes so to be within 2 orders of magnitude from the

mean with probability 0.95 a priori.

We assume,

m U( 1G4)
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q U( 104). (2.52)

We place a uniform prior on the log of the mean rates to re ect that we are uncertain about

the order of magnitude. Here, the data is highly informative of the mean, as a result, we

can allow the support of the prior to vary by many orders of magnitude.

255 MCMC

Re-parameterization

We re-parameterize the model to improve mixing of the MCMC. We decouple the migration

(or coalescent) rates from the mean rate (), and variance ( ) by introducing a new variable

€,

e "4 N©: 1) (2.53)

and the cell speci ¢ migration (or coalescent) rates are computed as,

loglOMm;) = ! + ; (2.54)

which allows us to update the magnitude of the parameters J and the variance scale!()

separately.
P
We add MH joint random-walk updates to and g to ensure thate = ‘Te' 0. To do
this, we jointly update and g by,
0= 4 (2.55)
=g - (2.56)



where N (0; 1). We do this for both the migration rates and population sizes.

Updating the number of cells

The number of cells change the dimension of the likelihood, and a result, we must use
a Reversible Jump MCMC step so that the ratio of densities in the Metropolis-Hastings
acceptance ratio is well-de ned [Green, 1995]. We choose to update the number of cells with
a birth-death update [Stephens, 2000]. Fortunately, in such a case, the updates reduce to
standard Metropolis-Hastings because the dimension matching constant (i.e. the "Jacobian®)
equals one [Petkova et al., 2016, Stephens, 2000]. See equations S31 and S32 in Petkova et al.
[2016] for formulas regarding the birth-death update. Here, we use nearly identical updates
(with a slight modi cation).

When increasing the number of cells frona to c+ 1 (i.e. a birth-update), we randomly
choose a location uniformly across the habitat, and the new migration is proposed from a
standard normal because our cell e ects are standardized. In contrast, EEMS proposes cell
e ects migration to be normally distributed around a cell e ect at a randomly chosen point
in the habitat. Here we set, p(birth) = p(death) = 0.5 if the number cells 1, otherwise
p(birth) = 1.

The acceptance ratio for a birth update (going front cells toc+ 1 cells) is

p(death)  1(x9p(x9&ip
" p(birth) 1(x)p(X)N (c+1j0; 1)

(x;x% = min (1 ); (2.57)

wherex denotes the current state of the MCMCxCthe proposed stateg.;1 is the proposed
cell e ect drawn from a standard normal. Conversely, in a death-update, we randomly choose

one cell uniformly to kill. In this case, the acceptance ratio for a death proposal (going from
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c+1 cells to ccells) is

p(birth) 1(xYp(xIN (eqj0; 1)

(ax9 = min (3 et ()P0 i1

): (2.58)
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CHAPTER 3
SUBSTITUTION RATE HETEROGENEITY CAUSES FALSE
POSITIVE INFERENCES IN PHYLOGENETIC BASED-TESTS
OF POSITIVE SELECTION

(with Joseph Thornton)

3.1 Introduction

Positive selection is the evolutionary process by which bene cial alleles rapidly increase in
frequency in a population. A central program in modern studies of molecular evolution is

to identify genes involved in adaptive evolution based on statistical signatures of positive
selection in gene sequence data [Yang and Bielawski, 2000, Nielsen et al., 2005, Przeworski
and Bustamante, 2004]. One major family of methods detects positive selection by assessing
the ratio of the rate of non-synonymous substitution (dN) to that of synonymous substitution
(dS). Synonymous changes do not alter the protein sequence, so they are assumed to evolve
under the in uence of mutation and drift alone; thus, dN/dS = 1 is expected in the absence

of selection, dN/dS< 1 is taken as evidence of purifying selection, and positive selection is
inferred when dN/dS > 1 at some or all sites. The earliest positive selection tests simply
counted the number of synonymous and non-synonymous substitutions between sequences
[Nei and Gojobori, 1986, Suzuki and Gojobori, 1999]. These methods have been largely
supplanted by a family of statistical tests that use maximum likelihood (ML) phylogeny-
based approaches and probabilistic codon models of evolution [Zhai et al., 2012, Yang and
Bielawski, 2000]; these ML tests have now been used to support thousands of published
inferences of genes that have evolved under historical positive selection.

In the ML tests, the null hypothesis of neutral evolution and the alternative hypothesis of
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positive selection are each represented by a probabilistic Markov model of sequence change.
The likelihood of each model de ned as the probability that all the extant sequence data
would have evolved given the phylogeny, the model, and its parameters is calculated, and
these are compared to determine whether a statistically signi cant improvement results when
positive selection is incorporated into the model [Nielsen and Yang, 1998, Yang, 1998, Yang
and Bielawski, 2000]. In the simplest version of these tests, the models contain a single
selection-related parametet , which represents the ratio of the instantaneous rates of non-
synonymous and synonymous substitution; in the null model, is constrained to values

1, and the positive selection model allows any value, including> 1. The sites test
elaborate on this approach to incorporate the possibility that positive selection might a ect
only a subset of codons in a gene, while others drift neutrally or are constrained by purifying
selection [Nielsen and Yang, 1998, Yang and Bielawski, 2000] . This scenario is represented
by a mixture model that sums likelihoods over submodels that have di erent values of.
The null model sums the likelihoods of two submodels one in which sites are subject to
purifying selection ( < 1) and another that evolves by drift { = 1). The positive selection
model adds a third submodel in which may exceed 1, representing sites that repeatedly
undergo rapid substitution at a rate greater than drift. The null hypothesis is a constrained
version of the positive selection model, so the latter will always have a greater or equal
likelihood; a likelihood ratio test using a 2 distribution is therefore used to determine
whether the observed improvement in likelihood is greater than would be expected due to
tting stochastic variation in the data if the null hypothesis were true. A further elaboration,
the branch-sites test, uses a similar approach to test for positive selection in a subset of sites
on speci ed lineages of the tree.

The sites and branch-sites tests have been applied to many thousands of genes and
gene families and have provided the foundation for a great number of inferences of positive

selection. In recent years, new methods and models have been introduced, but the sites and
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branch-sites test remain in widespread use. Simulation studies have shown that the sites test
is powerful and accurate when the underlying model used for the analysis is the same one
used to generate the data. Speci cally, when evolution is simulatad silico under the sites
tests null model and the resulting sequences are then analyzed using the sites test, the rate
of false positive inferences is lower than the acceptable error rate [Anisimova et al., 2001,
Wong et al., 2004]. In real phylogenetic analyses, however, the true model is never known,
and it is unlikely that it is ever available, because real protein coding sequences evolve under
complex dynamics [Thornton and Kolaczkowski, 2005]. The models used in the standard
implementation of the sites test are relatively simple: along with three categories of dN/dS
ratio, they include a parameter for di erent rates of nucleotide transitions and transversions
and independent equilibrium frequency parameters for each of the four nucleotides at the
three codon positions. They do not incorporate many other ways in which evolutionary
dynamics may vary among sequence sites and lineages. For example, they assume that the
same rate of synonymous substitution applies to all codons in the sequence, that the rate
of nonsynonymous substitutions does not depend on the amino acids being exchanged, and
that the equilibrium frequency of codons is identical among sites and does not depend on
the amino acid the codon produces. If these assumptions are violated, then both the null
and positive selection models would be incorrect; in principle, the likelihood ratio test might
reject the null model even when positive selection is absent, because the extra parameters
in the positive selection model might allow a signi cantly better t to the data even if those
parameters are di erent from those that generated the data [Zhai et al., 2012, Wong et al.,
2004].

Heterogeneity in evolutionary rates is a particularly pervasive form of evolutionary com-
plexity, but little is known about the e ects of unincorporated rate heterogeneity on the sites
test. One form of rate heterogeneity variation due to di erences in the dN/dS ratio among

sites { is incorporated into the sites tests mixture models. There are, however, other impor-
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tant forms of rate heterogeneity that have not been thoroughly assessed for their e ects. For
example, codons may di er in their substitution rates for reasons unrelated to variability in
dN/dS if, for example, mutation rates or selective constraints on synonymous substitution
vary among codons, or the recombination rate varies along a sequence. In such cases, the
rate of synonymous substitution, or the overall rate of both synonymous and nonsynonymous
substitution, would di er across codons. These kinds of heterogeneity { which we refer to
simply as substitution rate variation, to distinguish them from variation in dN/dS per se are
pervasive in real datasets [Yang, 1996, Pond and Muse, 2005a, Dimitrieva and Anisimova,
2014, Shriner et al., 2003, Begun et al., 2007].

Previous work suggests that substitution rate heterogeneity might bias the sites test [Pond
and Muse, 2005b]. In particular, among-codon variation in the synonymous substitution rate
has been shown to in ate estimates of the dN/dS parameter and to a ect the post-hoc
classi cation of individual sites as positively selected or not [Pond and Muse, 2005b, Sche er
et al., 2006, Spielman and Wilke, 2015]. There has not, however, been a systematic analysis
of the e ects of substitution rate heterogeneity on the sites tests primary use as a statistical
test of the hypothesis that positive selection was involved in the evolution of some gene. It
is unknown whether substitution rate heterogeneity causes elevated rates of false inferences
of positive selection or if it does { how much heterogeneity is necessary to lead to high error
rates. Further, if a bias is produced, whether it strongly a ects conclusions under realistic
conditions is unknown.

We therefore used several strategies to assess the impact on the sites test of heterogeneity
in the substitution rate. First, we simulated data under simpli ed, controlled evolutionary
conditions in order to directly test how heterogeneity in substitution rate a ects the sites
tests propensity to produce false positive inferences. Second, to understand how substitution
rate hetereogeneity observed in real coding sequences a ects the sites test, we analyzed a

genome-wide empirical dataset using the sites test and a modi ed version of the test that in-
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corporates such rate heterogeneity. Third, we simulated sequence evolution under conditions
derived from this large empirical dataset to determine whether the degree of substitution
rate heterogeneity present in real sequences is su cient to produce frequent false inferences
of adaptive evolution. Fourth, we analyzed the speci c patterns in sequence data that can
be produced by substitution rate heterogeneity that may lead to false positive inferences. Fi-
nally, we examined more recently introduced positive selection tests to determine the extent

to which they can remedy any bias observed in the classical tests.

3.2 Results

3.2.1 Simulating codons with among-site rate heterogeneity.

To understand the e ects of substitution rate heterogeneity on the sites test, we rst applied
it to sequence data generated by simulation under simple evolutionary conditions with this
kind of heterogeneity. We varied speci ¢ parameters of the generating model while holding
the others constant, an approach that allowed us to make direct causal inferences about
factors that a ect the rate of false positive inference. We simulated codon evolution using
a neutral model of evolution corresponding to the sites tests null hypothesis of drift and
constraint, except that the sequence data were generated in two partitions with di erent
overall substitution rates and then concatenated into a single alignment. In this partitioned
model, a proportion of sites f) were generated in partition A, with the remainder (1 p) in
partition B. The underlying tree topology was identical for both partitions, but the branch
lengths di ered, yielding di erent overall substitution rates for the two sets of sites: in
partition A, all branches have lengthba, while in partition B, every branch has lengthbg
(see Figure 3.1a). The exible dN/dS! g parameter of the null model was allowed to di er
between partitions, but no sites were subject to positive selectioh { and ! g were always

assigned values 1). In most but not all of our simulations, we set o = ! g, causing codons

50



in the two partitions to have di erent overall substitution rates but identical dN/dS ratios,

as might occur if mutation rates di er between the partitions (a ecting synonymous and
nonsynonymous substitution rates equally), or if synonymous and nonsynymous substitutions
are both subject to selective constraints that di er among codons. The other parameters of
the model (the transition/transversion ratio and the equilibrium frequencies) were identical
between partitions. Other than the heterogeneity in substitution rate between the two
partitions, this generating model represents a speci ¢ instance of the sites tests null model.
Although it is highly simpli ed, the model makes it possible to speci cally test the e ects
of overall substitution rate heterogeneityper seon the sites tests accuracy under controlled
conditions.

We analyzed the simulated sequences using the sites test as implemented in CODEML
and HYPHY software, comparing the models Ml1la and M2a. As is customary, we used the
likelihood ratio test and a - distribution (df=2) to evaluate the statistical signi cance of
inferences of positive selection, applying a signi cance cuto of p-value 0.05. Because
the sequences were simulated with 1, every inference of positive selection by the sites
test represents a false positive error. If the method is unbiased, this approach should yield
positive inferences for no more than 5% of replicate datasets simulated under any set of

evolutionary conditions.

3.2.2 Moderate substitution rate heterogeneity causes false inferences of

positive selection.

We began by simulating data on a simple four-taxon tree, with all codons evolving neutrally
(! A = !'g = 1), equally sized partitions (p = 0:5), and relatively short branch lengths in
partition A ( by = 0:1). We imposed substitution rate heterogeneity by varying the ratio
bg =hn.
When heterogeneity was absent, false positive inferences were rare. However, even a
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small degree of rate heterogeneity between partitionsd = 0:15, corresponding to a 1.5-fold

di erence in substitution rate between partitions) is su cient to produce an unacceptably
high rate of false positive errors (Figure 3.1b). False positive error rates increased mono-
tonically as the degree of heterogeneity between partitions increased. A three-fold di erence
in rates between partitions yielded a false positive error rate of 60%, and a four-fold dif-
ference produced a 95% error rate. When substitution rate heterogeneity was incorporated
into the model used for analysis using a partitioned version of the sites test which allows
the branch lengths of the two partitions to be optimized independently, false positive errors
occurred rarely and at an acceptable rate, and their frequency did not increase with greater
heterogeneity (Figure 3.1b). This result indicates that the false positives we observed were
speci cally caused by heterogeneity in the overall substitution rate among sites and the
inability of the sites test to incorporate it.

This bias is not unique to a speci ¢ implementation of the sites test. We observed nearly
identical results when using either PAML or Hyphy software (Supplementary Figure S10a)
and when using a di erent model comparison that models among-site variation in dN/dS
ratio using a exible continuous distribution (M7 vs. M8, Supplementary Figure S10b).

We also assessed the e ects of substitution rate heterogeneity on three other methods
for detecting positive selection by analyzing the simulated data described above. First,
the branch-sites test uses the same underlying model as the sites test but seeks evidence
of selection acting on a subset of codons on a subset of phylogeny: we found a high rate
of false inferences of positive selection in the face of substitution rate heterogeneity, and
this rate increased with the degree of heterogeneity between the two partitions. (Figure
3.1b). Second, the more recent method BUSTED tests for site-and-lineage-speci c positive
selection by allowing selection to vary stochastically over branches and sites. We found
that BUSTED was subject to a false-positive bias induced by increasing substitution rate

heterogeneity (Supplementary Figure S14). Finally, we assessed MEME, which uses a xed-

52



Figure 3.1: Rate heterogeneity causes false inferences of positive selection. a)
Simulation scheme for generating sequences with rate heterogeneity. A proportiqgn) ¢f a
total of N codons were generated using a codon model with non-synonymous/ synonymous
rate A and a tree on which all branches have lengths, ; the remaining (1 p) sites were
generated using the same model but with independent parameters B abgl. All data were
generated with both A and B 1. b) Rate heterogeneity causes false positive inferences.
For each generating condition, the proportion of 50 replicate alignments for which the sites
test found a signature of positive selection (g 0.05) is shown (circles). Also shown are
the proportion of positive inferences using the branch-sites test (triangles) and an a priori
partitioned version of the sites test that incorporates rate heterogeneity (crosses). Dashed
line, acceptable false positive rate of 5%. Solid line, best-t logistic function to sites test
results. c) E ect of the prevalence of rate heterogeneity on false positive inference rates by
the sites test. Sequences were simulated under the conditions shown, and the rate of positive
inferences by the sites test was plotted against the number of sites with the slow evolutionary
rate (p in the generating model). d) Rate heterogeneity causes false inferences of selection
even under purifying selection. The sites test false positive rate is shown as a function of in
the generating model, under the conditions shown.
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e ect likelihood mode over sites that allows the non-synonymous and synonymous rate is
estimated separately for every site: this test identi es speci ¢ sites with evidence of positive
selection rather than testing on a gene-wide basis. We found that, after a correction for
multiple testing (FDR < 0.05), MEME displayed no evidence of bias, with no sites falsely
inferred to be under positive selection, even as heterogeneity increased. Thus, whereas
methods that hold dS invariant across sites are biased by substitution rate variation, a
method that relaxed this assumption and allowed dS to independently vary did not display
this bias.

To determine whether the e ect of substitution rate heterogeneity on the false positive
error rate depends on the branch lengths of the underlying tree, we imposed a constant
degree of heterogeneitybg=b = 2) but this time varied the branch lengths of the two
partitions. We found that longer branch lengths monotonically increase the rate of false
positive errors (Supplementary Figure S11). Even at this moderate level of heterogeneity,
for example, relatively short branch lengthslfy = 0:2, bg = 0:4) yielded a false positive
error rate of approximately 40%.

We next asked how the prevalence of substitution rate heterogeneity de ned as the
portion of sites in each partition { a ects the accuracy of the sites test. We found that
heterogeneity that a ects only a relatively small number of sites can still produce a high rate
of false positive inference. Speci cally, when the two partitions di er in rate by a factor of 4,
an elevated false positive rate is obtained when only 10% of sites are in the slower evolving
partition (or in the faster evolving partition) (Supplementary Figure S10c), and the error
rate is at a maximum of 1.0 across a broad range of intermediate valuespof

Neutral evolution with ! o = 1:0 represents a borderline condition in which false inferences
of positive selection might be particularly likely to occur. Real coding sequences typically
evolve with many sites under purifying selection, with! values much less than 1; such

conditions might bu er the test against false positive inferences. We therefore investigated
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how the sites test performs in the face of moderate rate heterogeneityy(= 0:1, bg =

0:2, p = 0:5) when one partition evolves under strong purifying selectior! (y variable but
< 1) and the other evolves under weak purifying selectiorl § = 0:8). Even under these
conditions, we observed an elevated false positive rate. For example, when = 0:2, the
false positive rate is twice the acceptable rate (Figure S10d). When, = 0:4, the error rate

is close to 50%.

3.2.3 Systematic bias is not alleviated by better sequence sampling.

The high rate of false positive inferences that we observed might be due to a systematic bias,
or it might be limited to cases in which sequence data are sparsely sampled. We therefore
investigated whether the susceptibility of the sites test to high error rates could be alleviated
by increasing the amount of data analyzed.

First, we asked whether increasing the length of simulated sequences analyzing more sites
and thereby reducing sampling error improved the false positive error rate. To the contrary,
we found that increasing the sequence length monotonically increased the false positive rate
(Figure S11a). For conditions that yield a 10% false positive rate when 1000 codons are
analyzed, the false positive rate rises to almost 50% when 5000 codons are analyzed and
approaches 100% as the dataset continues to grow larger. This nding indicates that the
sites test su ers from a systematic bias towards false positive inferences, which grows worse
as the sampling of sequence sites becomes more complete.

Second, we asked whether using denser taxon sampling to reduce branch lengths and
improve phylogenetic signal could reduce the false positive inference rate. Previous studies
have shown that the accuracy of phylogenetic inferenger se the probability of inferring
the correct tree topology { can be dramatically improved by sampling additional sequences
to break up long branches on the tree [Hillis, 1996, Zwickl and Hillis, 2002]. We simulated

sequences with weak heterogeneity and no positive selection as above, but increased the
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Figure 3.2: Systematic bias towards false positive inferences caused by rate het-
erogeneity. a) The sites test false positive inference rate is shown as a function of the
number of codons in the alignment (N) when sequences are generated under the conditions
shown. Dashed line, acceptable false positive rate (5%). b) The sites test false positive rate
is shown as a function of the number of taxa in the tree; the total depth of the tree from
root to tips was kept constant (0.2 and 0.4 in the two partitions) to mimic improved taxon
sampling.

number of taxa sampled while keeping the total tree height constant (Figure 3.2b). Surpris-
ingly, we observed that increasing the number of taxa monotonically increases the rate of
false positive inferences (Figure 3.2b). For example, the false positive rate increases from
about 10 percent when four sequences are sampled to 75 percent when 32 are sampled, and
it approaches 100 percent when 64 sequences are analyzed.

Taken together, these experiments indicate that the sites test (and its variant the branch-
sites test) is sensitive to substitution rate heterogeneity caused by dynamics other than
positive selection or variation in the dN/dS ratio. Even weak or moderate heterogeneity
is su cient to produce unacceptably high rates of false positive inference. This bias is

systematic and cannot be alleviated using the popular strategies of sampling more taxa or

sequence sites.
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3.2.4 Analysis of empirical sequence data.

The simulation conditions we evaluated in the experiments described above are simple and
unrealistic. We therefore investigated whether substitution rate heterogeneity a ects in-
ferences of positive selection in real data. We focused on a classic genome-wide dataset
previously used to analyze the extent of positive selection in mammals a set 016,500
aligned orthologous genes from human, chimp, macaque, mouse, rat, and dog [Kosiol et al.,
2008]. The previously published analysis of these data used a slightly modi ed version of
the sites test and found that 1596 genes had a statistically signi cant signature of positive
selection (p-value< 0.05); of these, 400 remained signi cant after correcting for multiple
testing (false discovery rate FDR< 0.05). These results led to a conclusion of widespread
positive selection in mammalian genomes [Kosiol et al., 2008].

We sought to understand whether some inferences of positive selection in this large
dataset might be due to the biasing e ects of substitution rate heterogeneity. We there-
fore focused on the subset of 1596 genes previously found to contain signatures of positive
selection. We rst reanalyzed these data using the standard implementation of the sites test
in CODEML and found that 397 genes yielded a signature of positive selection at p-valge
0.05. (This smaller set re ects di erences between the two implementations of the sites test
in the speci c ways that model parameters are optimized and p-values calculated.)

To determine the role of unincorporated substitution rate heterogeneity in producing
signatures of positive selection in this dataset, we analyzed the same 1596 genes using a
variant of the sites test that incorporates rate heterogeneity in both nonsynonymous and
synonymous substitutions rates [Sche er et al., 2006, Pond and Muse, 2005b]. This test
(which we call sites test-RH) has the same general form as the traditional sites test, but
the models include an additional exible rate multiplier parameters, which a ects both
synonymous and nonsynonymous rates and therefore serves as a scalar on branch lengths

that can di er among submodels. As implementeds can take on three independent values,
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Figure 3.3: Relationship of rate heterogeneity to positive selection signatures in

empirical data. a) The signal of positive selection in empirical data is weakened when rate
heterogeneity is incorporated. 1596 mammalian genes previously found to have a signature
of positive selection [Kosiol et al., 2008] were reanalyzed using the standard implementation
of the sites test and an alternative version that incorporates synonymous rate variation (sites
test-RH). The left portion of the graph shows the number of genes with a signature of positive
selection (p< 0.05) in each test. The right portion shows the number of genes retaining
this signature after adjusting for multiple testing (1596 tests) at a 5% false discovery rate is
shown. b) Genes inferred to be under positive selection contain substantial rate variation.
For each of the 397 mammalian genes inferred to be under positive selection by the sites test,
we inferred maximum likelihood estimates of the degree of rate heterogeneity using the null
model of sites test-RH. The distribution of the coe cient of rate variation (CVRV) across
these genes is shown. Dotted line indicates CVRV=0.206, the degree of rate heterogeneity
required under the conditions in Figure 3.1a to yield unacceptably high false positive rates in
the sites test. c) Selection signatures are correlated with rate heterogeneity. For each gene in
the set of 1596, the degree of rate heterogeneity was estimated as the coe cient of variation of
the branch length rate multipliers in the mixture model of sites test-RH. Genes were binned
by this metric, and the proportion of genes in each bin under positive selection according
to the sites test (p  0.05) was calculated. Spearmans correlation coe cient=0.97. D)
Incorporating rate heterogeneity eliminates selection signals rather than reducing statistical
power. For genes with a signi cant signature of selection in the sites test (p-value 0 .05),

we plotted the sites-test p-value against the sites test-RH p-value. Pearson and Spearman
correlation coe cients=0.21 and 0.26, respectively.
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so the overall null model is a mixture over six submodels (three valuesfimes two values
of I , with ! always< 1) and the positive selection model is a mixture over nine submodels
(three values ofs times three values of , one of which may exceed 1). This test incorporates
the type of rate heterogeneity we produced in our simpli ed simulations, but it does so via
a mixture rather than partitioned model.

We found that taking into account substitution rate heterogeneity dramatically curtailed
inferences of positive selection. Using sites test-RH, only 58 of the 1596 genes tested retained
a signature of positive selection at p-valug 0.05. Thus, the set of genes inferred to be under
positive selection by the sites test shrank from 397 to just 58 when rate heterogeneity was
incorporated (Fig 3.3a), an 85% reduction. When a large number of genes are independently
analyzed, some statistically signi cant results are expected by chance due to multiple testing.
We therefore adjusted our analysis of the 1596 genes for multiple testing [Benjamini and
Hochberg, 1995] at a false discovery rate 0.05. When this correction was applied to
the results of the sites test, 115 genes retained a signi cant signature of positive selection.
When the results of the sites test-RH were corrected in the same way, only 5 genes retained
statistically signi cant support for the positive selection model a 96 percent reduction
caused by incorporating rate heterogeneity (Figure 3.3a). Thus, out of hundreds of genes
in mammalian genomes originally found to carry signatures of positive selection, just ve
retain a signal of positive selection when rate heterogeneity and multiple testing artifacts

are taken into account.

3.2.5 Bias vs. loss of power.

The near-complete disappearance of the signal of positive selection when the sites test-RH
is used could have either of two explanations. First, consistent with our simulation studies,
unincorporated substitution rate heterogeneity in the data might cause artifactual positive

results in the sites test. Alternatively, the more highly parameterized models used in the
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sites test-RH might result in a loss of statistical power, so that genes that in fact evolved
under positive selection might fall below the threshold of statistical signi cance, leading to
false negative inferences by the sites test-RH.

These two explanations each make speci ¢ testable predictions. If the inferences of pos-
itive selection are caused by heterogeneity-induced bias, then rate heterogeneity should be
rampant. Further, statistical support for the positive selection model by each gene should be
related to the degree of rate heterogeneity present in that gene. To test these predictions, we
estimated the coe cient of rate variation (CVRV) for each of the 1596 genes, which expresses
the normalized deviation of the three estimated weighted rate multipliers s from their mean.

Both predictions were corroborated. First, substitution rate heterogeneity was perva-
sive. The mean CVRV was 1.6, indicating very substantial variation among codons within
each gene in their underlying substitution rates that cannot be captured by di erences in
the dN/dS ratio. For comparison, a far lower degree of heterogeneity CVRV=0.206 was
su cient to cause the sites test to produce an unacceptable false positive error rate under
the simulation conditions we reported in Figure 3.1blgg/ by =1.5). In fact, of the 397 mam-
malian genes with positive results in the sites test, 98 percent have CVRY 0.206, as do
94% of all 1596 genes analyzed (Figure 3.3b).

Second, rate heterogeneity was a good predictor that a gene would have a sites-test
signature of positive selection. We binned genes based on their CVRV and, for each bin,
calculated the proportion of genes inferred to be under selection by the sites test at p-value
< 0.05. We observed a nearly perfect monotonic relationship between the degree of rate
heterogeneity and the propensity of genes to carry a signature of positive selection in the
sites test (Spearmans correlation = 0.97 with p-value=0.000165, Figure 3.3c).

The second hypothesis { that the signal of positive selection in most genes disappears
because the sites test-RH test has reduced statistical power predicts that there should be

a relationship between the strength of support for positive selection in the sites test and
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that in the sites test-RH, and genes with signi cant evidence of positive selection in the
sites test should be marginally signi cant in the sites test-RH. We tested this prediction by
plotting for each gene its p-value in the sites test-RH against its p-value in the sites test.
As shown in Figure 3.3d, the sites test p-value does not accurately predict the sites test-RH
p-value (Pearson correlatiorr2=0.213). Further, of the genes that have a signi cant p-value
in the sites test, the majority (77%) have p-values in the sites test-RH that are far from the
threshold of signi cance.

Taken together, these results indicate that by incorporating rate heterogeneity, the sites
test-RH eliminates an artifactual signature of positive selection in the vast majority of genes
previously thought to be under positive selection. However, reduced power may also play an

additional role.

3.2.6 Realistic substitution rate heterogeneity is su cient to produce false

inferences of positive selection.

The analyses above do not directly assess whether the degree of rate heterogeneity in real
data is su cient to produce false positive inferences in the sites test. We therefore simulated
sequences under conditions derived from real data to address this question.

For each of the 397 mammalian genes inferred to be under positive selection by the sites
test, we used the sites test-RH to estimate (by maximum likelihood) all other parameters
of the neutral null model, including the rate multipliers that represent rate heterogeneity,
the branch lengths, and the values of . We then simulated sequences in multiple replicates
under the conditions derived from these genes and then analyzed these sequences using the
traditional sites test. Only 84 of the 397 genes had complete coverage for all six taxa in the
dataset, and branch lengths cannot be estimated from missing sequences, so we restricted
our simulations to these genes. All sites in the simulations evolved without positive selection,

S0 any positive inference is false. For the evolutionary conditions associated with each gene,
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Figure 3.4: Empirically-derived rate heterogeneity causes false positive inferences.

For each mammalian gene with a signature of selection and complete coverage, the param-
eters of the sites-test-RHs null model were inferred, and 25 replicate sequence alignments
were then simulated under these conditions (without positive selection). The false positive
rate for each gene is the fraction of replicate alignments that yielded a signi cant signature
of selection (p< 0.05). The distribution of false positive inference rates across mammalian
genes is shown. Dotted line, acceptable false positive inference rate.

we determined the frequency of false positive inferences as the fraction of replicate datasets
simulated under those conditions that yielded a signature of positive selection € 0.05).

We found that the inferred evolutionary conditions for 83 of the 84 genes produced false
positive inferences at an unacceptable rate (p-valwe 0.05, Figure 3.4). More than 80% of
the genes yielded an error rate of 1.0, and more than 90% of genes had an error ra@5.
The one gene that did not yield an unacceptably high error rate had an inferred coe cient
of rate variation of zero, yielding sequences simulated with no heterogeneity.

This result establishes that for virtually every mammalian gene inferred by the sites test
to have been under positive selection, the degree of substitution rate heterogeneity present in
that gene is su cient to have produced a false positive inference. Some of these genes could
also have evolved under authentic positive selection, but, because of this bias, the sites test

does not provide reliable evidence of this possibility. Taken together with our nding that

virtually none of the genes with signatures of positive selection in the sites test maintain
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this signature when rate heterogeneity is taken into account, this result indicates that a
large proportion of genes inferred to be under positive selection using the sites test could be

artifacts of the biasing e ect of unincorporated rate heterogeneity.

3.2.7 Causes of bias.

Why does substitution rate heterogeneity produce a false signal of positive selection in the
sites test? The likelihood ratio test evaluates whether the di erence in likelihood between
the simpler and more complex models is greater than would be expected by tting stochastic
variation in the data if the simpler hypothesis were true. If neither model is correct, the
null model will be rejected if additional exible parameters in the positive selection model
yield a signi cantly improved t to patterns in the sequence data, even if those parameters
are di erent from the ones that generated the data. We therefore hypothesized that the
additional category of evolutionary rates in the positive selection mixture model allows it
to artifactually improve the t to data simulated under neutrality with substitution rate
heterogeneity.

To evaluate this hypothesis, we rst determined what kinds of codon character patterns
and sequence substitutions provide false support for the positive selection model when rate
heterogeneity is present. We also analyzed which submodels contribute the most to the
di erence in likelihood between the positive selection model (called M2a in CODEML) and
the null model (called M1a). To facilitate this analysis, we generated sequences under very
simple heterogeneous conditions that produce false inferences of positive selection; we used
the simplest possible tree a two-taxon tree, which, because it has only one branch, allows
sequence di erences to be unambiguously mapped onto the tree and categorized as syn-
onymous or nonsynonymous. We calculated the site-speci ¢ log-likelihoods of the positive
selection and null models and then categorized codon sites into classes according to the num-

ber and types of sequence di erences between the two taxa on the tree: constant sites (the
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same codon state in both taxa), one nonsynonymous di erence, one synonymous di erence,
etc. For any category of sites, the support provided for the positive selection model is de ned
as the di erence between the total log-likelihoods of M2a and M1a given the data at sites in
that class.

One might expect that M2a would be supported primarily by codon patterns with mul-
tiple nonsynonymous changes. Surprisingly, however, we found that the majority of the
support for the positive selection model comes from constant sites, in which the same codon
is conserved in both sequences. Constant sites favor M2a by an average of 3.57 log-likelihood
units per codon, a statistically signi cant di erence in likelihood at each codon. Such sites
make up more than half of the entire alignment, so together they yield overwhelming support
for the positive selection model (Figure 3.5a). Codons with three di erences between the
two sequences also support M2a; these sites provide stronger support for M2a per site, but
they are very rare, so their overall contribution to support for the positive selection model
is smaller.

Why would constant sites, which manifest neither nonsynonymous nor synonymous sub-
stitutions, provide signi cantly greater support for a model that includes an elevated dN/dS
parameter? Further, why would codons with multiple substitutions support this model so
strongly, if those codons were produced by a process with an equal rate of nonsynoynmous
and synonymous substitution? The answer is that substitution rate heterogeneity produces
an excess of constant and multiple-hit codons, and the more exible model M2a can better
accommodate these patterns. Under the strictly neutral conditions we used for our simu-
lations, the data partition with a slow substitution rate produces a very large number of
constant codons, and the partition with a fast rate produces an excess of codons with three
substitutions: when combined into a single dataset, the frequency of these two categories
of pattern is greater than would be expected under a homogeneous model with one under-

lying rate, such as that used in the sites test (Figure 3.5b). When these data are analyzed
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Figure 3.5: Causes of spurious support for M2a by rate heterogeneity. a) Support

for the positive selection model vs. null model by category of codon state patterns. Data were
generated on a two-taxon tree with no selection! (1) in two partitions of equal size with
branch lengths 0.2 and 1.6. Codon sites in the alignment were categorized by the number of
nucleotide di erences between taxa; for sites with 1 di erence, codons were further as having
a nonsynonymous (N) or synonymous (S) di erence. The height of each bar represents the
di erence in log-likelihood between the positive selection model M2a and the null model
M1la (using the ML parameter values for each), summed over all instances of sites in each
category in the dataset. Parentheses indicate the number of codon sites of each category in an
alignment of 1000 codons. b) Actual and predicted frequency of codon state patterns under
various models. Data were generated under the conditions described for panel a. The rst
column shows the actual proportion of codons in each category in the concatenated dataset;
parentheses show the percentage of codons in each category generated in the partition with
the slower rate. The next three columns show the predicted proportion given the maximum-
likelihood optimized parameters of models MO, M1a, and M2a. c) Model M2a mimics rate
heterogeneity by having three very di erent e ective branch lengths for its three submodels.
Scaling factors and e ective branch lengths for codon mixture models are shown, using ML
parameter estimates given data generated as in panel a. For each submodel, the bar length
shows the e ective branch length the expected number of substitutions given the scaling
factor for the model (S, shown x1000), the ML estimate of the branch length for the model
(b), and the total rate of substitution for the submodel ¢x). When S;, =1, the e ective and
given branch lengths are the same. Note the broken scale.
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using the sites test, model M2a which allows three di erent nonsynonymous substitution
rates can better t the excess of these patterns than can the two-class model Mla or the
one-category model MO.

When we examined the contribution of each of the submodels to the likelihood for each
type of codon pattern, we noticed a surprising pattern (Supplementary Figure S12): for
constant codons, the likelihoods of submodel ® € 1) and of submodel 1 = 1) are much
higher in M2a than they are in model M1a, despite the fact that the ML parameters of these
two submodels are identical( = 0 and ! = 1, respectively). We hypothesized that this
apparent paradox occurs because the presence of a third submodel in M2a a ects the scaling
factor applied to the rate matrices and branch lengths of submodels 0 and 1, changing the
overall rate of evolution implied by those submodels. Instantaneous rate matrices are scaled
to insure that the total number of substitutions predicted along a branch by a model equals
the branch length used as an input, which is accomplished by multiplying each element of the
matrix by a scaling factors and the branch length b, wheres is the reciprocal of the sum of
all the instantaneous substitution rates among di erent codons within the matrix (weighted
by the starting codons frequency) before scaling. Mixture models use a single scaling factor,
which is calculated from the weighted average of the scaling factors that would have applied to
each of the submodel matrices. This \average" scaling factor is then applied to all submodels
rate matrices, which causes the total number of expected substitutions across the mixture
model to be the same as the branch length, and the synonymous substitution rate remains
the same for all submodels [Yang, 2014].

This procedure has two relevant consequences. First, because M2a contains a third sub-
model with an elevated! » , its overall scaling factor ends up being smaller than that of M1a;
in turn, the \e ective branch length" after scaling the expected number of substitutions
given submodels 0 and 1 in M2a will be much smaller than in M1a, even if the correspond-

ing submodels contain the exact same parameters. For example, under the conditions we
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examined, the scaling factor for M2a is only 0.3 times that of M1a (Figure 3.5c), and the
scaled e ective branch lengths for the submodels 0 and 1 are much shorter. The probability
of a codon remaining identical is higher when branches are short than when they are long,
so the likelihood of the positive selection model is higher given a constant codon, even given
the same values of g and ! 1.

The second consequence is that, because the submodels are scaled by the same \average"
factor, they all imply di erent total substitution rates; M2as three submodels have more
divergent substitution rates and thus can t much more heterogeneity than M1a can. Under
the conditions we examined, the estimated e ective branch lengths for M2as class 2 and
class O di er by a factor of> 70; thus, submodel 2 has a high likelihood given codons with
multiple di erences, and submodel 0 has a high likelihood given constant codons. Model M1a
incorporates much less heterogeneity, with & 4-fold di erence in e ective branch lengths
between its submodels (Figure 3.5¢). Because M2as mixture model incorporates submodels
with far more divergent e ective branch lengths than Mlas does, it can better t the large
number of codons with no substitutions or many substitutions that are produced by rate

heterogeneity without positive selection.

3.3 Discussion

The analyses we report here indicate that substitution rate hetereogeneity causes a strong,
systematic bias in the sites test towards false inferences of positive selection. The initial
simulations we conducted involved very simple conditions; this approach allowed us to vary
speci ¢ parameters and demonstrate a causal relationship between substitution rate het-
erogeneity and elevated false positive error rates. These experiments establish that even a
moderate amount of heterogeneity causes very high rates of false positive error, and that
this bias cannot be alleviated with better sampling of taxa or codons. Our results are con-

sistent with previous ndings that unincorporated substitution rate heterogeneity, such as
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that produced by variability in synonymous rate among codons, can bias estimates of the
dN/dS parameter! [Spielman and Wilke, 2015] and increase support for the a posteriori
classi cation of codons as under positive selection [Pond and Muse, 2005b]. These prior
studies, however, did not address the e ects of rate heterogeneity on the performance of the
likelihood ratio test of positive selection itself.

We examined in a preliminary but not systematic fashion whether a similar bias a ects
other ML-based positive selection tests. Our limited analysis suggests that two methods
that do not allow for substitution rate heterogeneity are also biased towards false positive
inferences as heterogeneity increases. MEME, in contrast, which does allow dS to vary over
sites, did not display this bias. Further, our analyses of empirical data using the sites+RH
test ameliorates some or all of the heterogeneity-induced bias. These data suggest that
methods that allow dS to vary, in either a xed or random e ects likelihood framework,
represent a promising approach to incorporating substitution-rate heterogeneity and reducing
the rate of false positive inferences.

Our simulations under very simpli ed conditions say little about the propensity of real-
world conditions to bias the sites test, but our analysis of a genome-wide empirical dataset
does. We analyzed a very large set of aligned genes that previously was used to support
the conclusion that positive selection is widespread in mammalian genomes. Our analyses
of these data establish that bias in the sites test caused by substitution rate heterogeneity
is a matter of concern in real-world settings. The sites test nds that hundreds of mam-
malian genes were subject to positive selection, but incorporating heterogeneity eliminates
this signal for virtually all of these genes. And a loss of power by the more complex model
does not appear to be the major cause, suggesting that a meaningful proportion of positive
selection inferences in the mammalian genome made using the sites test may be artifacts of
unincorporated substitution rate heterogeneity.

Using simulations under empirically derived conditions but without any positive selection,
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we were able to determine how often the sites test produces false positive inferences when
confronted with realistic levels of substitution rate heterogeneity. We found that the degree
of heterogeneity present in virtually every mammalian gene with a signi cant signature of
selection in the sites test is su cient to yield a very high rate of positive inferences. It is
therefore plausible that a large number of the sites tests positive inferences in this dataset
were artifacts produced by use of an overly simple model.

Are our ndings from the mammalian dataset generalizable? It is possible that mam-
malian genes harbor more substitution rate heterogeneity than genes in other taxa, but
we know of no reason to expect this to be the case. A recent study, for example, found
widespread variation in synonymous substitution rates among codons in over 7,000 groups
of homologous genes from a wide variety of taxa [Dimitrieva and Anisimova, 2014]. The
mammalian dataset we analyzed comprises a small number of taxa, but our experiments
show that more complete taxon sampling tends to increase false inferences of positive selec-
tion due to substitution rate heterogeneity, not ameliorate it. We must therefore consider
the possibility that many { or perhaps even most published reports of positive selection
based on the sites test could be artifacts of unincorporated rate heterogeneity.

We do not claim that positive selection is unimportant it obviously is a crucial evo-
lutionary process or that every gene for which the sites test has obtained a signature of
positive selection evolved without positive selection. Rather, our work merely indicates that
the sites and branch-sites tests provide no reliable evidence of an adaptive history { not even
suggestive omprima facie evidence. There is no way at present to distinguish between au-
thentic and artifactual positive results in the sites test, so inferences of positive selection by
the sites test may be correct in some cases. For example, there are cases of ongoing adaptive
evolution involving host-parasite and intracellular genetic con icts that produce sequence
signatures of positive selection that are very likely to be authentic [Barber and Elde, 2014,

Daugherty and Malik, 2012]. Indeed, viral genes likely to be subject to ongoing Red Queen

69



positive selection by host immune systems maintain a signature of positive selection when
rate heterogeneity is incorporated into the sites test [Pond and Muse, 2005b]. The persuasive
evidence for adaptive evolution in these cases, however, comes from sources other than the
sites and related tests.

If the sites test is unreliable in the face of widespread evolutionary heterogeneity, what
should researchers do? We see several options, all of which have advantages and disadvan-
tages. First, sites test-RH, MEME, and similar approaches [Kosakovsky Pond and Frost,
2005] can be used to accommodate substitution rate heterogeneity into likelihood ratio tests
of positive selection. This strategy would address the speci ¢ form of heterogeneity on which
we focus in this study and seem likely to reduce the rate of false positive inferences. However,
there are numerous other forms of evolutionary complexity that are not incorporated into
these tests, such as heterotachy (di erent substitutions rates among both sites and lineages
[Lopez et al., 2002]), among-site di erences in amino acid preferences [Bloom, 2014], di er-
ences in the exchange rate among pairs of amino acids [Miyazawa and Jernigan, 1993], biases
in the mutational processes that cause mutations within a codon [Schrider et al., 2011], and
variation in the dN/dS in forms other than that incorporated into the sites tests models.
Failure to incorporate these or other forms of complexity might, in principle, continue to
bias the sites test-RH even after substitution rate heterogeneity among sites is taken into
account. Future studies are therefore necessary to assess the robustness of tests of positive
selection to these and other forms of model violation and, if necessary, to develop improved
techniques.

A second alternative is to use non-parametric \counting" methods to estimate dN/dS [Nei
and Gojobori, 1986, Suzuki and Gojobori, 1999]. These methods are not biased by among-
site rate heterogeneity (Supplementary Figure S13), but they do not provide a framework for
statistical hypothesis testing, and they have dramatically reduced power to detect positive

selection [Yang and Bielawski, 2000, Wong et al., 2004]. For instance, the test of Nei &
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Gojobori requires dN to exceed dS across the entire gene, rather than at only a subset
of sites, so it is likely to su er from a high rate of false negative inferences. Likelihood-
based counting methods have also been developed to identify speci ¢ sites with an excess of
nonsynonymous substitutions, and some of these methods allow hypothesis testing at speci ¢
sites [Kosakovsky Pond and Frost, 2005].

Finally, researchers can use functional experiments to explicitly test hypotheses of adap-
tive evolution. For example, they might experimentally determine whether historical changes
in protein sequence actually produce the predicted changes in protein function or phenotype,
and they might measure e ects on tness in evolutionarily relevant environments (e.g., [Bar-
ber and Elde, 2014, Yokoyama et al., 2008, Storz et al., 2009, Chen et al., 2009]. This
approach requires time-consuming and challenging laboratory and eld work [Barrett and
Hoekstra, 2011] and cannot be implemented on a genome-wide scale. ldeally, future work
will develop more robust models to detect positive selection, and experimental analyses of
biological cause and e ect can be used to test and enrich the inferences made using these

approaches.

3.4 Methods

3.4.1 Controlled simulations

We simulated codon sequence evolution using the software INDELIible [Fletcher and Yang,
2009] and the basic GY codon substitution model speci ed by [Nielsen and Yang, 1998], a

continuous time Markov chain whose state space consists of all 61 non-stop codons and is
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de ned by the rate matrix

8

(0 if two codons di er at more than one position,
i for synonymous transversion,
Qij = j;  for synonymous transition, (3.1)
! j;  for nonsynonymous transversion,

-~ ! j; for nonsynonymous transition,

whereQj; speci es the relative instantaneous substitution rates from codon stateto state

j» j isthe equilibrium frequency of codon, is the transition-transversion ratio, and! is

the ratio of the nonsynonymous to synonymous substitution rates. We xed =1 and the
frequencies of each codon state to 1/61. Sequences of lenytlcodons were simulated in
two partitions, with partition A containing pN codons and partition B containing (1 p)N
codons. Both partitions evolved on a symmetric tree in which all branches have lengbh

but by and bg are independent. For most conditions! g for both partitions was set at 1 to
represent neutral evolution at all sites. Simulated sequences from the two partitions were
then concatenated and analyzed as a single dataset. For each set of conditions, 50 replicate

alignments were generated.

3.4.2 Analysis

All simulations were conducted under conditions with 1, so any inference of positive
selection is false. We imposed a statistical signi cance cuto of p-value 0.05; an unbiased
test should produce false positive inferences at a frequency 0f0.05.

To determine the degree of rate heterogeneity / ba ) at which the false positive inference
rates exceeds the acceptable false positive rate of 0.05, we tted a logistic function to the data

in Figure 3.1b using the nls R package, and analytically solved for the value of the indepen-
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dent variable bg at which the function equals 0.05. The coe cient of rate variation (CVRV)

P
for this degree of heterogeneity is 0.206, calculated as CVRV=pa(ba )2+ pp(bs )2=,
where equals the mean of the two-class discrete branch length distributioh €1, bg =0.15191,
bAZO.l, PA=PRB =0.5).

3.4.3 Sites test and sites test-RH

The standard sites test compares the likelihoods of the null model Ml1a with the alternate
model M2a using a likelihood ratio test [Yang and Bielawski, 2000]. M1a is a mixture model
with two submodels, which represent di erent evolutionary dynamics. Submodel O represents
purifying selection with ! 1; submodel 1 represents neutral evolution with; = 1. M2ais a
model of positive selection, which extends M1a by incorporating an additional submodel with
I'> 1. All free parameters, including the weight applied to each submodel, are estimated
by maximum likelihood, and the total likelihood of a model is the sum of the weighted
likelihoods of its submodels. The likelihood ratio test compares the likelihood-ratio statistic
(LRS twice the log of the likelihood ratio) to a - distribution with two degrees of freedom,
which describes the expected distribution of LRS when the null model is true. We used the
implementations of the Sites Test in the CODEML/PAML software [Yang, 2007] and Hyphy
software packages [Pond and Muse, 2005b]. Analyses were conducted using CODEML unless
noted otherwise. For each set of simulation conditions, the rate of false positive inference is
the fraction of replicates yielding an inference of selection at p-value 0.05.

For the partitioned version of the sites test, we separately analyzed each partition of sites
(with accurate partitioning known a priori), optimized the parameters of model Mla and
M2a for that partition, summed the log-likelihoods across the two partitions for each model,
and then compared the total log-likelihoods of M2a and M1la as described above (df=4).
Sites test-RH is described in Sche er et al. [2006]. Briey, the test is constructed as is the

traditional sites test, but the submodels of both Mla and M2a incorporate an additional
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variable parameters, which scales all branch lengths of the phylogeny to represent variation
in substitution rate (equivalent to varying the underlying synonymous substitution rate).
Each submodel is represent by a rate matrix with the following form

8
0; if two codons di er at more than one position,

iS for synonymous transversion,
Qij = js;  for synonymous transition, (3.2)
! js; for nonsynonymous transversion,

~ 1 js; for nonsynonymous transition.

The value of s is drawn from a discrete distribution with three categories, scaled so the
weighted means = 1. Sites test-RHs mixture model Mla consists of six submodels (three
values of s times two values df ), and its M2a consists of nine submodels (three values ®f
times three of! ). Sites test-RH is implemented in the Hyphy batch language (PARRIS.bf),
packaged with Hyphy [Pond and Muse, 2005b]. In our analysis, we used the following op-
tions: F3x4 estimated, HKY85, Dual Variable Rates Model, non-synonymous rate omega is
multiplied by synonymous rate, 1 synonymous rate per codon, and PARRIS model compar-
ison.

Sites test-RH as implemented in Hyphy calculates the coe cient of rate variation for a

q B
gene as CVRV= i K Pk (Sk s)2=s, where s, is the synonymous rate multiplier for sub-

model k, py is the probability or weight on submodelk, and s is the weighted mean values

of s across submodels.

3.4.4 Options used for other tests of positive selection

We simulated the data in the same way as Figure 3.1b with varying degrees of rate hetero-

geneity. We tested for positive selection using the branch-sites test, BUSTED, and MEME.
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For the branch-sites, we arbitrarily chose one of the four branches to test for positive se-
lection (because of symmetry the choice of branch does not matter). For BUSTED, we
used the option to test for selection on the entire phylogeny and default options. Both the
branch-sites test and BUSTED is a gene-level test of positive selection. However, MEME
tests individual sites for positive selection. We computed two measures of false positive rate
for MEME: (1) a site-level false positive rate by counting the number of sites with p-value

< 0.05 which should total to less than 0.05*996 50 sites if the test is well-behaved (2) a
gene-wide false positive rate by designating a gene to be under positive selection if a site is
found to have qvalue< 0.05. For MEME, we used default options and estimated dn/ds w/o

branch correction.

3.4.5 Analysis of empirical mammalian dataset

For analysis of empirical data, we used aligned coding sequences of orthologous genes from
6 mammalian genomes [Kosiol et al., 2008]. We extracted the 1596 genes previously found
to be under positive selection using a version of the sites in which the models are the same
as the traditional sites test, but the methods used to optimize parameters and compare
likelihoods are slightly di erent [Kosiol et al., 2008]. We analyzed the alignment for each
gene using the sites test and the sites-test RH as described above. To reduce convergence
artifacts in parameter estimation, we inferred model parameters for each gene under the
null model of sites test-RH in 25 independent runs and chose the set of conditions with
the highest likelihood. The reported coe cient of rate variation under the null model was
recorded, as was the p-value for rejecting the null model using the sites test-RH. In analyzing
the correlation of p-value with the coe cient of rate variation, we excluded 68 genes (4% of
total genes) with no inferred rate variation (cvrv=0), because we found that such estimates
occur as a convergence artifact, as reported also in other studies [Dimitrieva and Anisimova,

2014].
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For simulations under empirically-derived conditions, we used sites test-RH as described
above to identify the maximum likelihood estimates of all parameters under the null model for
each of the 397 mammalian genes with statistically signi cant support for positive selection
in the sites test. Of these, 84 contained complete sequence for all six taxa. We used Hyphy
to simulate sequence evolution in 25 replicates under the maximum likelihood parameters of
the sites test-RHs null model for each of these genes. We then analyzed these sequences for
a signature of positive selection using the traditional sites test (p-value 0.05). Sequences
were generated without positive selection, so all positive inferences are false. The rate of false
positive inference for each gene is the fraction of replicates generated under the conditions

inferred from that gene that yield a signi cant inference of selection.

3.4.6 Causes of bias

To analyze the causes of support for the positive selection model, we used Indelible to
simulate sequences of length 106 codons using a partitioned model consisting of two taxa, a
single! =1, =1, equal codon frequencies, and branch lengths of 0.2 and 1.6 in the two
partitions [Fletcher and Yang, 2009]. We then analyzed these data using Hyphy to identify
the ML parameter estimates for M2a, Mla, and the non-mixture model MO. We then
calculated the exact log-likelihoods given these parameters for every possible codon state
pattern, which we de ne as every possible pair of codons in the two taxa (of which there are
61x61); this was accomplished by preparing a pseudoalignment consisting of one instance
each codon state patterns and analyzing this pseudoalignment in Hyphy with parameter
values xed to the ML values as calculated above. Support for M2a vs. Mla by any single
instance of a codon state pattern was calculated as the di erence in site-speci c log-likelihood

(LLD ;) for the two models given the data at one site containing that pattern, or

LLD ; = InP (DjjM2a; p2a) NP (DijjM1a; mia); (3.3)
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where \, is the set of maximum likelihood estimates of the model parameters and branch
lengths for modelM, given the entire alignment. For a class of sites in an alignment for
example, the set of constant sites, which have the same codon state in the two taxa the
total support for M2a is the sum over all sites in that class of the site-speci ¢ log-likelihood
di erences, or
LLD = X InP (DijM2a; m2a) NP (DijM1a; m1a): (3.4)
i

The expected number of sites in a group was calculated as the sum of the expected
frequency of each codon state pattern in the group given the generating conditions, times the
length of the sequence. The expected frequency of each codon state pattern was calculated
using Hyphy by xing parameter values to the true generating conditions, calculating the
site-speci c likelihoods of each codon state pattern, and summing those likelihoods over
partitions.

The scale factors for any simple model is de ned as = 1=t, wheret is the total unscaled
instantaneous substitution rate, calculated as the sum of all the o -diagonal elements of the
rate matrix, each weighted by the frequency of the starting codon, dr= Pi—ili,-gT For
WOHM). For a mixture model, the overall scaling

factor S is computed by determiningt for each submodek and then taking the inverse of the

equal codon frequencies and=1, t =

weighted sum over submodelsS = Pklm Likelihoods are then calculated by multiplying
each element of the rate matrix by the scaling factor times the branch lengthhand then
exponentiating the resulting matrix. The e ective branch length for any submodel is de ned
as the expected number of substitutions given the rate matrix, the given branch length
and the scaling factor applied, and are calculated &, b. For a simple model and the scaling
factor derived from it, st = 1, so the e ective branch length isb. For a submodel of a mixture
with a scaling factor calculated as described abov&;, 6 1, so the e ective branch length

6 b
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CHAPTER 4
INFERENCE AND VISUALIZATION OF DNA DAMAGE
PATTERNS USING A GRADE OF MEMBERSHIP MODEL.

(with Kushal Dey, John Novembre, and Matthew Stephens)

4.1 Introduction

Ancient DNA (aDNA) research has seen rapid growth with the recent advancements in recov-
ery of short DNA fragments, increased throughput, and lower per-base cost in sequencing
[Shapiro and Hofreiter, 2014]. Both the number and size of aDNA datasets have grown
rapidly over the last ve years, and several recent studies sequenced hundreds of ancient in-
dividuals [Mathieson et al., 2015, Allentoft et al., 2015, Mathieson et al., 2017, Olalde et al.,
2017, Lazaridis et al., 2016, Lipson et al., 2017].

This rapid recent growth in aDNA research has provided novel insights into human his-
tory. However, working with aDNA remains challenging. For example, ancient samples often
contain very little endogenous DNA because in many environments DNA degrades rapidly
post-mortem [Sawyer et al., 2012]. Furthermore, ancient samples are often contaminated by
microbes and exogenous human DNA [Malmstem et al., 2007]. Both these factors mean
that many sequence reads generated by an aDNA study may not actually come from the
ancient sample.

Because of these challenges, aDNA researchers pay careful attention to quality control
(QCO), including checking sequencing reads from each sample for signatures of endogenous
aDNA. These signatures include: short fragment length, an enrichment of purines before
strand breaks, and a high frequency of cytosine to thymine substitutions (C-to-T) at the
ends of fragments [Sawyer et al., 2012, Ginolhac et al., 2011, bnsson et al., 2013, Briggs
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et al., 2007, Skoglund et al., 2014b]. One common QC procedure is to plot, for each sample,
the C-to-T mismatch rate as a function of position from the end of the read, and to look
for an elevated rate near the ends of reads as an indication of the presence of endogenous
aDNA. Another common procedure is to look for elevated rates of purines (A & G) before
the 5' strand-breaks. Both these procedures are implemented in the softwareapdamage
[Ginolhac et al., 2011, bnsson et al., 2013], for example.

These commonly-used QC checks, though simple and useful, have several limitations. For
example, they produce a plot for each sample, which can be inconvenient to work with and
di cult to compare across many samples. This issue becomes increasingly important with
the growing size of aDNA datasets. These plots can also be dicult to interpret, in part
because they do not contrast observed patterns with expected patterns in modern samples.
Finally, these approaches can detect only pre-de ned damage signatures, and may fail to
capture other key features or artifacts in the data.

Here we introduce methods to help address these problems. These methods start with a
Binary Alignment Map (BAM) le, obtained by aligning each read to a reference genome.
The BAM le includes information on the mismatches that occur in each read (vs the ref-
erence). We characterize each mismatch by several relevant features, including its type (e.g.
C-to-G, etc), anking bases, and distance from the end of the read. We then use these fea-
tures to cluster the mismatches into groups, which we cathismatch pro les. Intuitively, a
mismatch pro le associated with post-mortem damage is expected to show high levels of C-
to-T mismatches at the ends of reads. On the other hand, a mismatch pro le that is typical
of modern DNA polymorphism will show a di erent pattern, such as a transition to transver-
sion ratio of 2:1 [Goldman and Yang, 1994]. Finally we estimate the relative frequency of
each mismatch pro le in each sample, which we refer to as the \Grade of membership" [Ero-
sheva, 2006] of that sample in that mismatch pro le. These grades of membership should

re ect which processes generated mismatches in each sample. For example ancient samples

79



should have a high grade of membership in mismatch pro les characteristic of post-mortem
DNA damage. Grade of membership models are widely used to infer structure in admixed
populations [Pritchard et al., 2000], document collections [Blei et al., 2003], RNA-seq data
Dey et al. [2017a] and somatic mutation data [Shiraishi et al., 2015] for example.

We have implemented methods to t this model, and visualize the results in a software
package,aRchaic. For example, the grades of membership for all samples are succinctly
displayed in a single STRUCTURE plot [Rosenberg et al., 2002], and each mismatch pro le
is displayed using simple intuitive plots [Dey et al., 2017b]. Together these plots provide
a concise visual summary of DNA damage patterns, as well as other processes generating

mismatches in the data.

4.2 Methods

information on the mismatches (vs a reference) that occur in reads from the sample. First
we lter out low-quality reads (mapping 30), low-quality mismatches (base quality 20),
and mismatches that occur more than 20bp from the end of a read (since these are unlikely to
re ect damage patterns [Briggs et al., 2007]). When a read carries more than one mismatch
we treat these as independent (an assumption we veri ed by checking that the probability
of a mismatch conditional on the occurrence of another mismatch on the same read is not
signi cantly di erent from the marginal probability, p-value = 0.43).

Let J; denote the total number of remaining mismatches. For each mismatgh =
1, ;J;, we rstidentify the strand in the reference genome that carries a C or T allele; we
call this strand the "reference strand” and denote it by5j . Let Xi;j = (Xi;j; 1; Xiij; 25 Xiij; 35 Xij; 45 Xij: 5)
denote the following features of the mismatch (see Supplementary Figure S16 for illustra-

tion):
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1. Xjj; 1 2 f T-to-A; T-to-C; T-to-G; C-to-A; C-to-G; C-to-Tg denotes the mismatch (with

respect to the reference strand; ).
2. Xijij: 2 2 f A; C; G; Tg denotes the nucleotide immediately 5' to the mismatch of; .
3. Xij;j; 32 f A;C;G; Tg denotes the nucleotide immediately 3' to the mismatch of; .

4. Xij: 4 2 1 0;:::20g denotes the distance (in base-pairs) from the mismatch to the nearest

end of the read.

5. xijj: 5 2 f A; C; G; Tg denotes the nucleotide that occurs one base upstream from the 5'
end of the reference strand that is closest to the location of mismatch. Since mismatches
resulting from damage primarily occur at 5' ends of the reads, this features captures
the enrichment of purines immediately one base 5' upstream of the strand-break for

samples with su cient DNA damage [Sawyer et al., 2012, Briggs et al., 2007].

These features are designed to re ect the major modes of DNA damage [Briggs et al.,

2007, Sawyer et al., 2012, Pnsfer et al., 2014, Sawyer et al., 2012]). For each feature

Our model assumes that each mismatch in each individual arose from oné&komismatch
pro les (\clusters"). We introduce latent variables z;; 2 f 1;::;K g to denote the pro le that

gave rise to mismatch in individual i. We assume

Pr(z; = k) = g; (4.1)

wheregq;.x represents the membership proportion of individual in mismatch pro le (cluster)

k2 1::K.
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We further assume that, givenz;;j = K,

Pr(xi;j;| = mjzi;j = k) = fi; (m); (4.2)

cluster k. We follow [Shiraishi et al., 2015] in assuming independence among features within
each cluster.

Putting this all together, and assuming independence of observations yields the likelihood:

Y X
L(g;f;x) = Fieat (Xiejar )Gk : (4.3)
Bl k
We t this model, and estimate the individual parameters ) and cluster parameters{) by
maximum likelihood using an accelerated EM algorithm. We use the same EM updates as
in equations 2-4 in [Shiraishi et al., 2015], and we add rst-order quasi-Newton acceleration
to improve convergence [Lange, 1995, Alexander et al., 2009, Taddy, 2012].
For each clusterk, we visualize the cluster parameter$, using an EDLogo plot [Dey
et al., 2017b], see Figure 4.1. ThEDLogo plot allows one to visualize both enrichment and
depletion of mismatch features scaled against a reference frequency. In our application, the
reference frequency was computed by averaging the proportion of the @afRkchaic features
across individuals in the 1000 Genomes Project. This allows us to to compute an enrichment
score which e ectively compares mismatch pro les in our samples against that of modern
individuals from Consortium et al. [2012]. We use a STRUCTURE plot [Rosenberg et al.,

2002] to visualize the estimates af. for each sample.

4.3 Results

We demonstrate the utility of aRchaic using three case-studies.
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Figure 4.1: lllustration of the  aRchaic grades of membership and mismatch pro les.

(a) The features of a mismatch modeled byRchaic (b) A depiction of an ancient DNA
sample that has 80% of its reads assigned to cluster 1 and 20% of its reads assigned to
cluster 2. Each cluster is de ned by amismatch prole showing the enrichment of the
mismatch type, bases anking the mismatch, the distance of the mismatch from the nearest
end of the read, and the base immediately 5' to the strand-break. To produce a mismatch
pro le for a cluster, mismatch features are aggregated across reads assigned to the cluster,
and their frequencies are represented by d&DLogo plot [Dey et al., 2017b]. In theEDLogo

plot, the frequencies are scaled against a background frequency computed from Consortium
et al. [2012].
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4.3.1 aRchaic clustering of modern and ancient individuals

We applied aRchaic to a combined dataset of 52 ancient samples from four recent studies
Skoglund et al. [2014a], Gamba et al. [2014], Lazaridis et al. [2016], Lipson et al. [2017] and 60
modern samples from Consortium et al. [2012] (n=50) and 10 individuals from HGDP [Cann
et al., 2002] individuals sequenced by Meyer et al. [2012]. Two of the aDNA studies used
partial-UDG treated libraries, which removes most { but not all { of the C-to-T deamination
[Rohland et al., 2015].

Figure 4.2 shows results fromaRchaic with K = 3 (see Supplementary Figure S17 for
K =4;5;6). To give a sense of computational requirements, these results took approximately
23 minutes to generate on a single modern compute node. The results clearly highlight
di erences between modern, ancient (UDG), and ancient (non-UDG) samples. The modern
samples show very strong membership in a single cluster (red). As expected, this "modern”
cluster shows only modest enrichment in its mismatch type, anking base composition, and
mismatch location, relative to the modern background.

Ancient (non-UDG) samples show high membership in a second cluster (blue). This
cluster is characterized by a very strong enrichment of C-to-T mismatches at the ends of the
reads, which is a typical sign of DNA damage [Rohland et al., 2015], and this enrichment
is accompanied by a depletion of guanine just 3' to the mismatch. We see this depletion
in guanine because the blue cluster is driven by mismatches at cytosine sites which seldom
precedes a guanine because CpG sites occur less frequently than expected [Shen et al., 1994].

The ancient UDG-treated individuals show high membership in the third (orange) clus-
ter, and partial membership in the rst (red) cluster. The membership in the red cluster
presumably re ects the fact that the UDG-treatment repairs much of the damage in these
samples, making them look more "modern” in their mismatch pro les. The orange clus-
ter is characterized by enrichment of C-to-T mismatches very close to the ends of reads,

with a strong enrichment of guanine at the right anking base. That is, an enrichment
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of CpG-to-TpG mismatches at the ends of reads. This may be explained by the fact that
when a methylated cytosine undergoes deamination it becomes thymine (in contrast to un-
methylated cytosines, which deaminate to uracil) and these thymines are not repaired by
the UDG-treatment [Duncan and Miller, 1980]. Furthermore, we see a depletion of thymine
5' upstream of the strand-break, which consequently is manifested as a depletion of thymine

at the left anking base.

4.3.2 The e ects of contamination on inferred grades of membership

We next sought to examine the e ects of exogenous modern contamination on inferred grades
of memberships in ancient samples.

We performed anin-silico experiment to arti cially contaminate ancient samples with
modern data from the 1000 Genomes Project [Consortium et al., 2012]. We selected one BAM
le from an ancient sample (KO1 from [Gamba et al., 2014]), and split its reads into 10 equal
subsets. We then contaminated each subset with reads from a distinct modern individual
from the 1000 Genomes Project, varying the contamination level from 0% to 100% (Figure
4.3a). This results in 10 samples (S1-S10) representing 10 contaminated ancient samples
with known levels of modern contamination.

We applied aRchaic with K = 2 on the contaminated samples (S1-S10) plus 40 other
modern individuals (randomly sampled from the 1000 Genomes Project; Figure 4.3b). Mod-
ern individuals showed high grades of membership in one cluster (red). Fully contaminated
individuals nearly showed full membership in the red cluster, while uncontaminated ancient
samples showed essentially no membership in this cluster. For samples in between, member-
ship in the red cluster increased approximately monotonically with the level of contamination
(Figure 4.3c). We obtained similar results even with only 10000 randomly-sampled reads for
each sample (Figure 4.3e) implying that these results are robust to low sequencing depth.

We nd that the grades of membership in the red cluster (representing moderns) are
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Figure 4.2: aRchaic clearly distinguishes between modern, ancient (UDG), and

ancient (non-UDG) samples.  aRchaic is applied with K = 3 to a collection of ancient
individuals from four studies Skoglund et al. [2014a], Gamba et al. [2014], Lazaridis et al.
[2016], Lipson et al. [2017] along with modern individuals randomly sampled from the 1000
Genomes Project and 10 individuals from the Human Genome Diversity Panel [Consortium
et al., 2012, Cann et al., 2002, Meyer et al., 2012]. Modern samples have high membership in
the red cluster. TheEDLogo representation of this cluster does not show strong enrichment
against a modern background. The ancient (non-UDG) samples are representative of the
blue cluster. The EDLogo plot for the blue cluster shows a strong enrichment in C-to-
T mismatches at the end of reads, a depletion of guanine in the right anking base, and
a depletion of cytosine at the 5' strand-break. The ancient (UDG) samples have patrtial
membership both in the red cluster and in the gold cluster. Thé&DLogo plot for the
gold cluster is enriched in C-to-T mismatches at the terminal ends of the reads, shows an
enrichment of guanine at the right anking base, and a depletion of thymine one base 5'
upstream of the strand break.
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consistently less than the proportion of contaminated reads (Figure 4.3c red curve). This
pattern can be partly explained by the fact that the vast majority of reads from a DNA
library contain no damage. To elaborate, only a fraction of contaminated DNA from a
modern source have mismatches, and this fraction will typically be less than for ancient
DNA. Thus, the estimated proportion of mismatches arising from a \modern DNA" cluster
should generally be expected to be less than the contamination fraction of the library. This
implies aRchaic will typically provide a lower bound on contamination rates.

In this experiment, if we de ne the \mismatch contamination rate" as proportion of
mismatches that originate from a contaminating read, we see that thaRchaic grades of
membership are approximately linearly proportional to the mismatch contamination rate,
and only slightly underestimate the true proportion of contaminated reads (Figure 4.3d).
This encourages the use of a possible correction factor to infer a true read-level contamination
rate. The fraction of a DNA library with mismatches can be measuredf{ e.g.f" = 0:3),
and the fraction of modern DNA reads with mismatches to referencél\,(e.g. d= 0:09) can
be approximated using modern samples. With those values a simple moment estimator of
the read level contamination rate would bec4 f (d=g+ f d) 1, whereqis the fraction of
membership in the \modern" cluster. Applying this estimator to the grade of membership in
the the modern cluster in Figure 4.3c (red curve) provides values that are closer to the true
contamination rates (Figure 4.3c green curve). However, a complication is that high quality
aDNA may generate mismatches that cluster with \modern" mismatch pro les even without
contamination. This e ect is not accounted for by this simple estimator, and is di cult to

predict.

4.3.3 aRchaic can identify both DNA damage and technical artifacts

As a nal case study, we compiled data from 25 modern and 25 ancient Native Americans

from the Northwest Coast of North America [Lindo et al., 2016]. This dataset o ers us a
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Figure 4.3: Estimated grades of membership re ect levels of contamination. (@)
Reads from one ancient individual (KO1 from Gamba et al. [2014]) were split into 10 equally
sized groups. Reads were added from a distinct individual in the 1000 Genomes Project
[Consortium et al., 2012] to each group (S1-S10) at varying levels of percentages (indicating
levels of contamination). (b) We appliedaRchaic with K = 2 on a combined dataset
comprised of these 10 contaminated groups of reads (S1-S10) along with 40 other modern
individuals from 1000 Genomes (c) The grades of membership in cluster 1 (\modern" cluster)
were plotted as a function of the percentage of contamination before (red curve) and after
(green curve) applying the correction factor discussed in the last paragraph of Section (3.2).
(d) We repeated the same experiment as described in panel a, except we discarded all reads
with no mismatches or greater than one mismatch. The grades of membership in cluster
1 were plotted as a function of the \mismatch contamination rate" which is de ned as the
proportion of mismatches that originate from a contaminated read (e) Each group (S1-S10)
was further sub-sampled to 10,000 reads, araRchaic was applied withK = 2 to the new
subsampled groups and the same 40 modern individuals as in panel b.
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opportunity to apply aRchaic on modern and ancient DNA samples collected from the same
population and sequenced in the same laboratory. In these data, the rst two positions from
the 5' end of each read had been removed by the original authors in an attempt to mitigate
e ects of DNA damage. Despite thisaRchaic, when applied withK = 2 to all 50 samples,

clearly distinguishes between modern and ancient individuals (Supplementary Figure S18).

When we appliedaRchaic to just modern samples we were surprised to nd two clear
clusters (Figure 4.4a). These clusters turned out to re ect the fact that the modern samples
had been processed using two di erent library preparation kits, Nextera & TruSeq [Lindo
et al., 2016]. Samples prepared with the TruSeq kit showed nearly full membership in one
cluster (beige), and those prepared with the Nextera kit showed nearly full membership in a
second cluster (pink). These clusters show only small di erences in mismatch patterns, but
the pink cluster is characterized by a strong excess of mismatches at position 12, apparently
an artifact introduced by the Nextera preparation (Supplementary Figure S20).

We also appliedaRchaic with K = 2 to just the ancient samples (see Figure 4.4b). Unlike
the moderns, this yielded a continuous gradient of memberships in the two clusters (cyan
and gold). One cluster (gold) is dominated by the strong enrichment of C-to-T mismatches
relative to the modern background that is typical of ancient samples. The other cluster
(cyan) is enriched primarily in C-to-A mismatches, possibly representing another type of
damage, or other artifacts, in the ancient DNA. Interestingly, the individual with highest
membership in this cyan cluster was much older than all the others (6000 years BP; all

other samples are 2000 years BP).

4.4 Discussion

We developed a method gRchaic) for clustering and visualization of samples based on
DNA mismatch patterns. Our method is based on a Grade-of-Membership (GoM) model,

which generalizes the concept of clustering to allow samples to have membership in multiple
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Figure 4.4: DNA damage and library preparation techniques drive grades of mem-

bership. (a) We appliedaRchaic with K = 2 to 25 modern samples from Lindo et al. [2016].
The samples prepared with the TruSeq kit show nearly full membership in the pink cluster.
Samples prepared with the Nextera kit show partial membership in the pink cluster and the
tan cluster. The tan cluster shows a blip at the 12th position from the end of the read (b)
We applied aRchaic with K = 2 to 25 ancient samples from Lindo et al. [2016]. The two
clusters show an enrichment of C-to-T mismatches at the ends of reads and an enrichment

of purines at the 5' strand-break.
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clusters. We provide a visual representation of the grades of membership using a "Structure
plot" [Rosenberg et al., 2002] and visualization of the mismatch pro les (or clusters) with
an EDLogo plot [Dey et al., 2017D].

In GoM models, the choice of the number of clustets (or mismatch pro les) is a con-
tentious issue. In our analyses we selected valueskofthat highlight interpretable structure
in the data. We emphasize that there will typically be no single "true"K , and that exam-
ining results with di erent K can often provide additional insights [Dey et al., 2017a]. For
example, Figure 4.2 shows results fa = 3, but higher values ofK reveal additional struc-
ture within each ancient subgroup (Supplementary Figure S17). Similarly, Supplementary
Figure S18 shows results foK = 2 where the model fails to distinguish between Nextera
and TruSeq modern samples, but analysis witK = 6 does pick up this di erence (Supple-
mentary Figure S19). More generallyaRchaic is useful for detecting batch e ects as Figure
4.4 and Supplementary Figure S19 suggest.

A key challenge in analyzing ancient DNA is that data are often contaminated with ex-
ogenous modern DNA. Several approaches have been suggested to estimate the amount of
contamination. One approach is to compute the rate of polymorphism across the X chro-
mosome in males [Korneliussen et al., 2014, Rasmussen et al., 2011], where the presence of
polymorphism would suggest contamination because males have only one X chromosome.
Another approach is to quantify the contribution of a panel of modern mitochondrial haplo-
types to the ancient DNA [Renaud et al., 2015, Fu et al., 2014]. Neither of these approaches
leverages autosomal DNA. AlthoughaRchaic does not provide explicit estimates of con-
tamination levels, in some settings (e.g. Figure 4.3) the inferred grades of membership can
re ect relative levels of contamination even with low sequencing depth, and may be a useful
complement to these other methods. Some caution is necessary though. Under conditions
where an ancient sample has undergone a noticeable amount of DNA damage, we under-

estimate the proportion of contamination (Figure 4.3). On the other hand, when ancient
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mismatches are indistinguishable from modern, the proportion in modern cluster of a sample
might be greater than the proportion of contamination (as in the case of an ancient sample
with little to no damage). We encourage users to keep these caveats in mind, and suggest
that in practice aRchaic will be most useful for agging potentially contaminated samples
as those that have an above average clustering with modern samples.

Here we have chosen to model features at the level of mismatches, which have been
shown to be informative of DNA damage in previous studies [Ginolhac et al., 2011, bnsson
et al.,, 2013, Briggs et al., 2007]. Alternatively, one could formulate a model at the level
of reads. For example, the methodMDtools computes a score for every read representing
the probability that the read is damaged [Skoglund et al., 2014b]. This method models
mismatches along the read; additionally, one can incorporate indels and fragment length
along with mismatches. One reason we chose not to model these extra features was to
reduce the feature and computational complexity of our method. Furthermore, these extra
features may not actually be driven by DNA damage. For example, we explored fragment
length pro les in several aDNA data-sets and found their distributions to be primarily driven
by lab-speci c e ects rather than DNA damage. Another limitation of fragment length is

that it can be used only in studies using paired-end sequencing.
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Figure S1: The performance of MAPS on a recent barrier scenario under di erent

PSC length bins. Here, we investigate the ability of MAPS to detect a recent barrierg

10 generations) for various PSC length bins (a) Simulation scenario. Population sizes were
set to 10,000 per deme and 10 diploids were sampled per deme, replicating the conditions
in Figure 2.2b. (b) Results for di erent PSC length bins. Length bins that encompass
shorter segments (2-4cM 2-6¢cM 2-8cM) recover the higher uniform migration surface; while
length bins with longer segmentsX4, >6, >8) recover the recent ancestral barrier. For the
last length scale & 8cM), the signature of low migration extends across the habitat. The
variation in migration rates is missed presumably because of the small number of shared
segments at this length scale.
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Figure S2: The performance of MAPS on a past barrier scenario under di erent

PSC length bins. a) Simulation scenario. Population sizes were set to 10000 per deme and
10 diploids were sampled per deme, replicating the conditions in Figure 2.2c. (b) Results
for di erent PSC length bins. Length bins that encompass shorter segments (2-4cM, 2-6¢cM,
2-8cM) recover the ancestral barrier; while length bins with longer segments 4, >6, >8)
recover the recent constant migration surface.
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Figure S3: The performance of MAPS under a jointly heterogeneous migration

rate and population size surface. a) Simulation Scenario. Heterogeneous population-
sizes and migration rates (as shown) were simulated, and 10 diploid individuals were sampled
per deme. (b) Results for PSC segments greater than 2cM are shown.
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