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Ancient DNA has transformed our understanding of population history’, but its

potential to reveal as much about human evolutionary biology has not been realized
because of limited sample sizes and the difficulty of distinguishing sustained rises
inallele frequency increasing fitness—directional selection—from shifts due to
migrations, population structure, or non-adaptive purifying or stabilizing
selection®”. Here we present amethod for detecting directional selection in ancient
DNA time-series data that tests for consistent trends in allele frequency change over
time, and apply it to 15,836 West Eurasians (10,016 with new data). Previous work has
shown that classic hard sweeps driving advantageous mutations to fixation have been
rare over the broad span of human evolution®®. By contrast, in the past ten millennia,
we find that many hundreds of alleles have been affected by strong directional
selection. We also document one-standard-deviation changes on the scale of modern
variation in combinations of alleles that today predict complex traits. Thisincludes
decreasesin predicted body fat and schizophrenia, and increases in measures of
cognitive performance. These effects were measured inindustrialized societies,

and it remains unclear how these relate to phenotypes that were adaptive in the
past. We estimate selection coefficients at 9.7 million variants, enabling study of
how Darwinian forces couple to allelic effects and shape the genetic architecture

of complex traits.

Ancient DNA data hold extraordinary promise for revealing adapta-
tion, making it possible to track effects across time and obtain direct
measurements of selection coefficients'®", Rather than being trapped
inthe presentand studying the scars left by selection on the genomes
of descendants'*, ancient DNA makes it possible to test directly
whether frequencies of variants shifted more than could be expected
by chance?”. Such data also make it easier to measure selection on
variants not of recent mutational origin (standing variation), which is
challenging to detect using retrospective methods™. Previous ancient
DNA selection studies in West Eurasia®*® (Europe and its neighbours
inthe Near East) have identified dozens of alleles influenced by selec-
tion, but despite growth inreported ancient individuals to more than
10,000 today®, the number of genome-wide significant loci reported
in asingle study grew only from 12 in the first genome scan in 2015
(ref.2)t021in 2024 (ref. 4), raising the concern that this approach might
not deliver broad insights into human adaptation. Here we increase

the yield of discoveries by 20-fold by adding more statistical power
(duetoa qualitatively new method and larger sample size) and reduc-
ing artefactual signals (through intensive data cleaning).

First, we increased power by testing for a consistent trend in allele
frequency change over time. Several past studies have dealt with the
challenge posed by population mixture by treating more recent popula-
tions as linear combinations of more ancient ones, then searching for
alleles whose frequencies were outliers compared with what would
be expected from this history*>. However, changes in frequency due
to selection are often less than what can be expected from gene flow
and random genetic drift®, and in this context, increasing sample
size helps little. We used a qualitatively different approach, using the
geneticsimilarity of eachindividual to every other, and testing whether
the date when they lived provides additional predictive power for the
allele frequencies of their population beyond what is expected from
the empirical population structure. Our test is simple: at each variant
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we asked whether hypothesizing a non-zero selection coefficient s—
causing allele frequency to trend in the same direction over all times
and places—predicts frequency differences across populations signifi-
cantly better than empirically measured population structure alone.

Second, we increased power through a 14-fold increase in sample
size, driven by 10,016 ancient individuals for whom we report new
data, which combined with previously reported data yields a dataset
0f 15,836 people spanning 18,000 years (Supplementary Tables 1-3).
We co-analysed with 6,438 modern people, sub-sampled so that their
countries of origin were spread evenly over West Eurasia (Extended
DataFig.1a,b).

Third, weincreased power by imputing diploid genotypes'®, leverag-
ing known patterns of allelic correlationinamodernreference panel to
fillin missing datainallindividuals. We also carried out intensive data
cleaning (Supplementary Section 1), filtering out single-nucleotide
polymorphisms (SNPs) susceptible to false positives. The final dataset
included 8,074,573 SNPs and 1,665,051 insertions or deletions (indels)
onchromosomes1-22.

Test of selection on single variants

For each SNP in the genome, we estimated a selection coefficient, s,
which we found has a standard error of typically 0.17% for common
variants (Extended Data Fig. 1c,d). In theory, a valid test for selection
should be Z, the number of standard errors this quantity is from zero,
andwe shouldbe able to use anormal distributionto identify scores that
pass the standard threshold of genome-wide significance (P< 5 x107%).
In practice, the median y* statistic (squared Z-score for the number of
standard errors s is from zero) is inflated by 4.75-fold relative to a >
distribution with 1 d.f. In human genetics studies, such inflation can
arise due to uncorrected population structure or non-normality of the
null distribution due to case-control sampleimbalance". Inflation like
thisis often addressed by rescaling y’ statistics by the medianinflation
across the genome’®”, But if the null is not normally distributed, or a
substantial fraction of the genome carries real signal'®, random sites
will not provide an appropriate neutral baseline. These concerns apply
here: the null distribution is not normal due to frequency-dependent
biases from imputation and the non-linear transformation of allele
frequencies (Supplementary Section 2), and most of the genome is
in linkage disequilibrium with sites showing evidence of directional
selection (Extended Data Fig. 2b and Supplementary Section 3).

Instead, we calibrated our test by taking advantage of a finding
about the connection between selection coefficients and associa-
tions to phenotypesinliving people. The proportion of SNPs showing
significant association to a phenotype in genome-wide association
studies (GWAS) increases with our selection statistic, plateauing at
around 5.2 times the rate for random SNPs (Fig. 1a; this analysis relies
on 1,317,022 SNPs with a genome-wide significant association to at
least one phenotype for 452 traits in the UK Biobank, and conditions
on minor allele frequency (MAF) to remove bias due to signals being
easier todetect for higher MAFs). The plateau occurs at the same place
when we control for ‘background selection’, the loss of neutral varia-
tion linked to deleterious mutations removed by purifying selection,
although the enrichmentin GWAS variantsis reduced (approximately
2.4times; Extended DataFig. 3a). Thisis the pattern expected foratrue
threshold for genome-wide significance: if SNPs beyond this threshold
reflect acombination of true signal and false discoveries, we would
expect enrichment to continue beyond it. This threshold occurs at
Z=28.23, larger than the standard threshold (5.45) for genome-wide
significance for anormal distribution, so we rescaled the naive score
by this quantity to obtain an X-statistic (Z/1.51) whose significance
threshold matches the standard threshold.

To validate our procedure, we conducted realistic forward-in-time
simulations (Fig. 1b, Extended Data Fig. 4 and Supplementary Sec-
tion 2). The simulations specify a demographic history inspired by
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that of Europe and produce patterns of structure matching impor-
tant features of real data. The simulations include coding, functional
non-coding and neutral regions, recapitulating varying degrees of
background selection. The simulations also permit exploration of
the relationship between selected alleles and traits, in particular the
phenomenon of ‘stabilizing’ selection to remove genetic variation
when the average genetic predictor of a trait is at a fitness optimum.
We verified that these simulations produce a deficiency of common
polymorphisms influencing traits, matching patterns in real data®.

Our test for directional selectionis robust to every confounding fac-
tor that we considered, including population structure, background
selection due to purifying or stabilizing selection, sampling bias and
selectioninthe ancestral population but not during the time transect
itself (Supplementary Section 2). None of these produces even a hint
oftheenrichmentin GWAS signals that we observe in data. By contrast,
insimulations with directional selection, including where we shift the
trait optimum, leading to deterministic changesin allele frequency to
bring the population closer to that optimum?, we observed exactly this
signal and could useitto provide avalid calibration of genome-wide sig-
nificance (Fig. 1b, Extended Data Fig. 4 and Supplementary Section 2).
To translate Xto a posterior probability of selection i, we used a false
discovery rate (FDR) approach (Fig.1a,b and Supplementary Section 3).
Wefitasmooth functiontothe enrichment curve for GWAS signals and
estimate that at X greater than our threshold of 5.45, > 99%.

Asecond line of evidence that these signals are real comes from com-
puting the mean haplotype allele frequency (HAF) score, the sum of
squared derived allele frequencies scaled by sample sizein200-kb win-
dows surrounding each tested variant. Previous work?>* has shown that
directional positive selection on derived allelesis expected to increase
HAF scores, whereas background selection is expected to decrease it
(Extended Data Fig. 3b and Supplementary Section 4). After comput-
ingtheresidual HAF score for each variant controlling for background
selection®*”, we found thatitincreases with the X-statisticand begins to
risebefore 5.45, the standard threshold for genome-wide significance
in GWAS (Fig.1cand Extended DataFig. 3c). Our forward-in-time simu-
lations (Supplementary Section 2) confirm that the rise in HAF score
occurs only for directional selection, with no hint of this pattern for
other scenarios (Fig. 1d and Extended Data Fig. 4).

We obtained a third line of evidence that we are detecting real sig-
nals of adaptation by showing that |X| > 5.45 variants are associated
with some classes of traits much more than others. We found enrich-
ment for SNPs contributing to blood-immune-inflammatory traits
(95% confidence interval (CI) 3.12-8.24)*°, compared with random
SNPs with matched characteristics defining the baseline. For mental-
psychiatric-nervous and behavioural traits, we did not detect enrich-
ment (95% Cls of 0.90-1.08 and 0.99-1.46, respectively; Fig. 1e and
Extended DataFig. 5a). This cannot be explained by differencesin allele
frequencies or background selection as we controlled for these factors.
The intensity of selection on both blood-immune-inflammatory and
cardiometabolictraitsincreased significantly in the Bronze Age relative
tothe pre-farming period (Fig. 1e and Extended Data Fig. 5b), plausibly
reflecting adaptation to new diets, larger population or living closer
to domesticated animals®.

Hundreds of cases of directional selection

We found evidence of 479 independent loci (410 excluding the HLA
region) with |X| > 5.45, corresponding to am > 99% probability of selec-
tion (Fig.2a). To produce this list, we identified the strongest signal in
the genome and considered all SNPs in linkage disequilibrium with it
in unrelated Western European individuals (r* > 0.05) to potentially
reflect the same signal. We then found the second-strongest signal
excluding these positions, and so onuntil no more variants passed this
threshold (Extended Data Fig. 2b). Visualizations of the trajectories
for these loci (Supplementary Section 5) and summary statistics for
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Fig.1|Multiplelines of evidence show that we are detecting genuine
directionalselection. a, Enrichment of SNPs significantin at least one of 452
UK Biobank GWAS, for SNPs with | X| above the value on the x axis, controlling
forallele frequency. b, Simulations reveal enrichment of GWAS hits (blue; left
axis) closely aligns with1- FDR (orange; right axis) until a plateau asafunction
of |X|: 800 simulations with directional selection (200 each for selection
coefficients 0f 0.01,0.02 or 0.03 for model 2.1, soft sweep; and 0.05 for model
2.2, hard sweep) and 800 simulations without it. ¢, Residual mean HAF score
((HAF)/n) for SNPs with|X] above the value on the x axis, computed as observed
minus expected, withnhaploid samplesize, fromalinear regression correcting
forbackgroundselection using as explanatory variables McVicker-B,
Murphy-phastCons, Murphy-CADD, number of SNPs and heterozygosityina
200-kbwindow. d, Residual mean HAF score in simulation for SNPs with | X|

9.7 million variants (Supplementary Table 4) can be cross-referenced
with GWAS and with their frequency trajectories at the AGES browser
(https://reich-ages.rc.hms.harvard.edu).

Theactual number ofloci under selectionis likely to be much larger.
Usingathreshold of | X] > 3.61(FDR = 50%), we identified 7,689 non-HLA
loci, implying more than 3,800 independent episodes of selection. The
exactnumber of distinct signalsis difficult to count: residual linkage dis-
equilibrium exists among candidate loci, which at some loci may cause
some overestimation of signals (Supplementary Section 5), whereas
truly selected alleles in linkage disequilibrium with nearby stronger
alleles will be undercounted. Downsampling analyses showed that

abovethe value on the xaxis, computed as observed minus expected, withn
haploid samplesize, fromalinear regression correcting for background
selection using as explanatory variables McVicker-B, coding region annotation,
functional non-coding region annotation, number of SNPs and heterozygosity
ina200-kbwindow. The shaded areas show 95% Cls (a-d). e, The heritability
enrichmentis ameta-analysis for annotations based on abinary selection
annotation, with FDR either below 1% (1) or above 1% (0). The Z-score for change
inselectionintensity over time is based on a meta-analysis of heritability
enrichment comparingkey cultural transitions: Mesolithic-Neolithic to
Bronze Age, and Bronze Age to historical era. We annotated each SNP
according towhether itisamong the top 5% with the highest probability of a
stronger magnitude of selection coefficientin one time transect versus
another. Cellsshaded grey denote P<0.05.

further increases in sample size are expected to increase the number
of detected locifurther, with people living more than 8,000 years ago
providing the most added power (Extended Data Fig. 1d,e).

To obtaininsight into the phenotypes shaped by directional selec-
tion, we took advantage of the fact that a high proportion (62%) of the
variants with genome-wide evidence of selection are independently
associated toaphenotypeinatleast one UK Biobank GWAS. However,
biologicalinterpretationis complicated asthe allele that was the target
of selection may differ from the tag SNP that we are using to represent
the locus (and may even be in a neighbouring gene); because some
alleles affect multiple phenotypes, because the relevant modern trait
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Fig.2|Genomescanfor directionalselection. a, The xaxisis the chromosomal
position,and the yaxisis the selection signal for each variant. The dotted line
indicates our genome-wide significance threshold of | X| = 5.45. For clarity, only
asubsetoflociare annotated.b, Selection coefficient (s) estimated from our
scan plotted against MAF of tagging SNPs atindependentloci with t>99%.
Overlaid grids are simulation-based power estimates (90%, 70%, 50%, 30% and
10% probability of detection). The error barsindicate standard errors from

may not be measured in one of the GWAS that we are analysing, or
because the phenotype in modern societies may not have existed in
the ancient societies where selectionacted. The median selection mag-
nitude |s| at the tag SNPs for non-HLA lociis 0.86% (range of 0.43-4.3%),
and the median MAF is 13%. Standard errors in our estimates of |s| for
common alleles are 0.17% (Fig. 2b and Extended Data Fig. 1c,d).

We compared our results to those of five previous scans for selection
in Holocene West Eurasia (four based on ancient DNA)*>" (Extended
DataTableland Supplementary Section 6). Of 38 unique non-HLA loci
that met the formal threshold for genome-wide significance inatleast
one previous study, 18 passed our m > 99% threshold. The other 20 did
not replicate, in most cases due to what appears to be incompletely
controlled population structure driven by mixtures of populations
with different allele frequencies before they came together and in
afew cases due to failing quality control or fluctuating selection in
space or time.

We present a gallery of 36 single-allele trajectories of particular
interest (Fig.3) as well as estimates of how their selection coefficients
changed over time (Extended Data Fig. 6). These loci are not necessar-
ily those with the largest X'scores, but are highlighted as they address
long-standing debates. They include 27 passing the m > 99% threshold,
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Derived allele age from Relate
(years before present)

20,374 unrelated individuals. ¢, The estimated age of the favoured alleleina
selective sweep versus the date of origin of the mutationinferred from Relate®,
fortagging SNPsatindependentlociwithmt>99%. The age of the sweep is
defined as the time before present when the frequency of the favoured allele is
expected to have been 0.0001given the present-day frequency in1000
Genomes Project European populations and assuming that the selection
coefficient has been constant over time.

S with probable evidence of selection (57% < m < 93%) and 4 with sur-
prising negative findings.

HLA-DQBI: selection in favour of the major risk factor for coeliac
disease

At the HLA region of chromosome 6, densely packed genes have key
rolesin microorganismrecognition. rs3891176 (C>A, meaning that the
ancestral allele is C and the newly arising mutationis A) isan excellent
tag for HLA-DBQI1*02/DQ2HLA-DQB1*02/DQ2, with individuals carrying
two A alleles having a 19-fold higher susceptibility for coeliac disease
orgluten sensitivity (Extended Data Fig. 7a,b). The Aallele has aselec-
tion coefficient of s = 4.4% (it > 99%), rising from approximately 0% to
approximately 20% in the past 4,000 years (Fig. 3a). These findings
suggest that the pathogenic exposures that drove its rise were not a
phenomenon only or largely of the rise of agriculture?.

ABO: positive selection for B at the expense of A

The ABOgene modifies oligosaccharidesin glycoproteins onthe surface
ofredblood cells; its A, Band null (O) alleles encode distinct glycopro-
teinalterations that modulate resistance and susceptibility to diverse
pathogens?. The B allele rose from approximately 0% to approximately
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Fig.3|Gallery of single-variant allele frequency trajectories. a-aj, Each
panel displays the derived allele frequency trajectory (solid line) over time
foravariant (uncorrected for structure), along with selection coefficient (s),
selection statistic (X) and posterior probability of selection (ir). The shaded
regionsrepresent 95% Cls around the estimated trajectory. The circles
represent frequencies in Western hunter-gatherers (green; n=131), early
European farmers (orange; n =452) and steppe pastoralists (pink; n =293); the
error barsindicate 95% Cls. The highlighted variants are not necessarily those

10% over the past approximately 6,000 years (s=2.7%, m>99%), and
was matched by a concomitant decrease in A frequency (Fig. 3b). The
two alleles are associated with opposite effects on many phenotypes,
suggesting that with changing pathogenic exposures, the optimal
balance changed (Extended DataFig. 7c,d).

Time before present (years)

Time before present (years)

Time before present (years)

with the strongest signals and may include negative results or variants in
partial linkage disequilibrium. We highlight them here because of their
biologicalinterest and because they speak to long-standing debates. For
panelsd-f,ag,ai,aj, separate analyses are shown for transects before (blue)
and after (red) amanually selected peak (marked by ablack dashed line).In
caseswherem>99%, the Clis shaded blue (or blue before and red after the
split); otherwise, the shadingis grey. Variants reported in other ancient DNA
studies are marked with an asterisk.

TCHH: selection for an allele that reduced male-pattern baldness
Anallele at missense SNP rs11803731(A>T) in TCHHis astrong predictor
of straight hair and male-pattern baldnessin Europeanindividuals. The
derivedallele Tisrarein African and East Asianindividuals, and hasbeen
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hypothesized to have been positively selected”, but we detected nega-
tive selection (s =—-0.9%, m>99%), decreasing from approximately 50%
to approximately 20% in the past 7,000 years (Fig. 3c). Thisis expected
to have decreased baldness by 1.8% compared with the no-selection
expectation.

TYK2: reversal of selection at a major risk factor for tuberculosis
Individuals carrying two copies of the rs34536443 G>C allele have more
than 80% prevalence of clinically significant tuberculosis. Previous
work?® has found evidence of negative selection on the C allele and
hypothesized that this allele was associated with the time tuberculosis
became endemic in Europe. We confirmed a decrease from approxi-
mately 9% to about 3% in the past approximately 3,000 years (s =-1.9%,
m>99%), but also positive selection from approximately 9,000 to about
3,000 years ago, from approximately 0% to approximately 9% (s = 2.3%,
> 99%; Fig. 3d). This may reflect changing endemicity of different
pathogens over time.

HLA-DRBI: elevated multiple sclerosis risk in northern Europe is
not due to selection onthe steppe

A previous study® discovered positive selection at the rs3135388
G>Atag SNP for the HLA-DRB1*15:01 risk factor for multiple sclerosis.
Because selection was already occurring in Yamnaya steppe pastoral-
ists, and Yamnaya ancestry is most common in northern European
individuals, the authors argued that the higher risk for multiple scle-
rosis in northern European individuals was driven by Yamnaya ances-
try and selection on the steppe. We confirmed positive selection at
this allele, rising from approximately 0% to about 16% approximately
6,000-2,000 years ago (s = 4.2%, m > 99%; Fig. 3e). However, the pri-
mary driver of the north-south differential was not selection on the
steppe (Supplementary Section 7). First, selectionbegan south of the
Caucasus mountains in people without steppe ancestry. Second, after
Yamnaya ancestry spread west, selection was stronger in northern
Europe at s =11.1+2.5% than in southwestern Europe at s= 6.1 £ 2.1%
(more than 3,500 years before present (BP)); this was the main driver of
the north-south differential. Third, we detected negative selectionin
the past approximately 2,000 years missed by previous work (s =-2.1%,
m>99%), plausibly reflecting new pathogen exposures.

HFE: reversal of selection at the major risk factor for
haemochromatosis

Thers1800562 (G>A) allele predicts pathogenicironbuildupin cellsin
individuals withtwo copies, and we found evidence of positive selection
from approximately 5,000-2,000 years ago, rising from approximately
1%toabout 5% (s =2.7%, m > 99%), then dropping to approximately 4%
today (s =-1.3%, by itself not significantly different from zeroat r=11%,
butthe decreaserelative to the earlier positive selection is significant
atP=2.8 x107%; Fig. 3f). It has been hypothesized that the causal allele
protected against Yersinia pestis (the agent of the Black Death), but
this is unlikely as its frequency was decreasing by the time of the Jus-
tinianic and medieval pandemics™®.

CCRS5-A32: positive selection at an allele conferring immunity to
HIV-linfection

The CCR5-A32 allele confers complete resistance to HIV-1infection
in people who carry two copies®. An initial study dated the rise of
this allele to medieval times and hypothesized that it was selected
for resistance to the Black Death®. However, improved genetic maps
revised its date to more than 5,000 years ago and the signal became
non-significant®. We found that the allele was positively selected
approximately 6,000-2,000 years ago (Fig. 3g and Extended Data
Fig. 6g), increasing from approximately 2% to about 8% (s =1.2%,
T>99%). Thisis too early to be explained by the medieval pandemic,
butancient pathogen studies have showed that Yersinia was endemic
in West Eurasia for the past approximately 5,000 years¥, resurrecting
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the possibility that it was the cause, although other pathogens are
possible.

Selection for light skin tone at ten loci

We found ninelociwith genome-wide signals of selection for light skin
tone, one probable signal and no loci showing selection for dark skin
tone (Fig. 3h-q).

CFTR:no evidence of selection for the major cystic fibrosis risk
allele AF508

The majorriskaallele for this recessive disease in Europeanindividuals
has been hypothesized tobe an example of heterozygote advantage due
to conferring resistance to cholerain carriers®, keepingits frequency
substantial despiteits strong deleterious effects in homozygotes. How-
ever, we found no evidence of directional selection over the time frame
that cholera was probably endemic in West Eurasia (7 <1%; Fig. 3r),
with the earliest direct observation approximately 6,550 years BP in
Croatia and the earliest imputed one approximately 15,411 years BP
in Anatolia. Another explanation is needed for the persistence of the
allele, plausibly by balancing selection.

Fifteen otherselection discoveries are highlighted (Fig. 3s-ag). Most
are highly significant at m > 99%: TSBPI (coeliac disease, s =5.6%); a
second allele at HLA-DQBI (coeliac disease, s =1.0%); HLA-DRB1
(rheumatoid arthritis, s =-0.9%); GYPA (increases MNS blood group
N,s=-0.9%); DUOX2 (increases ferritinlevel, s =1.3%); SLC22A4 (Crohn’s
disease,s=1.8%); TLRI (leprosy resistance, s =2.0%); CYP1A2 (decreases
blood pressure, s =1.0%); NADSYNI/DHCR? (increases vitamin D levels,
§=0.9%); ADHIB (lower risk for alcoholism, s = 2.3%); and ABCG2 (gout,
§=0.9%). Four more signals are probable: APOE (hyperlipidaemia,
$=0.9%, m=87%); GCKR (hyperlipidaemia or gout, s = 0.5%, T = 84%);
SERPINAI (al-antitrypsin deficiency, s =1.6%, m = 57%); and a second
locus at SERPINAI (al-antitrypsin deficiency), which shows positive
selection from approximately 7,000 to 2,500 years ago (s = 2.5%,
m=90%) followed by areversal after approximately 2,500 years ago
(s=-2.3%, m=93%).

Figure 3ah-aj highlights null signals at loci previously hypothesized
tobeselected: PTPN22 (hypothyroidism), asecond allele at HFE (haemo-
chromatosis) and /L23R (Crohn’s disease).

Tests for selection on complex traits

We searched for evidence that groups of alleles with similar influence
ontraitstoday trended inthe same directionin the past, asexpectedifa
phenotype with asimilar genetic underpinning was the target of selec-
tion. We leveraged 563 GWAS results in people of European ancestry:
452 mostly quantitative traits in the UK Biobank, and 111 curated traits
from studies especially of common disease (Supplementary Table 5).
How phenotypes manifest today may be very different from how they
manifested in past populations living in different environments with
different lifestyles, so any signals discovered by this approach should
not be interpreted as evidence for selection on the exact phenotype
being tested.

We used three statistics to test for coordinated selection on alleles
affecting the same trait (we excluded variants at the HLA locus as we
were interested in polygenic signals, not those dominated by large
effect variants). First, we computed a polygenic score (PGS) for each
GWAS: alinear combination of allelic values, weighted by estimated
effect size. We evaluated whether the change in PGS over time y (scaled
so one unit corresponds to a standard deviation change over ten mil-
lennia) is more than could be expected by genetic drift or population
structure, using the genetic relatedness matrix to control for these
effectsasinoursingle-allele tests. To test whether the observed devia-
tionissignificant, we repeated the test 100 times with randomly flipped
signs of GWAS effects, to correct for residual inflation. Second, we
repeated the procedure without using magnitudes of GWAS effects,
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and instead only the sign, generating a statistic y,, that may be less
affected by concerns about transferability of PGS across groups>*.
Third, we performed a SNP-by-SNP comparison for each trait, using
cross-trait linkage disequilibrium score regression (LDSC)*° to esti-
mate genetic correlation (r;) between selection coefficients (s) and
traiteffect sizes. We computed astandard error from a block jackknife
to test whether this correlation is different from zero, accounting for
non-independence of SNPs. We found high Pearson’s correlation for
all three tests (0.78-0.92; Extended Data Fig. 8).

For 31traits, we repeated analyses using effect sizes measured in East
Asian GWAS. Population structure in East Asian individuals is uncor-
related to that in ancient West Eurasian individuals, so any validation
by this test must reflect a real signal of selection®*’,

For 34 traits, we repeated analyses using effect sizes estimated
from family-based GWAS. This analysis distinguished ‘direct effects’
of genetic variants on the biology of the individual being examined,
from ‘indirect effects’ that affect the trait by modulating the behaviour
of family members and thereby changing the environment of the indi-
vidual. Despite much reduced sample sizes, standard errors are small
enough for some traits to validate our findings.

Multiple lines of evidence point to the robustness of our tests of
polygenic selection to the potential confounding factor of popula-
tionstructure. First, we carried out ordinary linear regression search-
ing for evidence of a change in the polygenic predictor of height over
time and found a significant signal without correction for structure
(P=7x10"°)%42 which disappeared after our correction: (y, P=0.21).
Second, we observed strong Pearson’s correlations between Z-scores
for European and East Asian GWAS of 0.43 (y), 0.75 (y,,) and 0.81
(rg; Extended Data Fig. 12a); population structure is uncorrelated for
European and East Asianindividuals, and thus structure artefacts can-
notexplain this signal. A third line of evidence comes from positive cor-
relations between Z-scores from population GWAS and direct genetic
effect GWAS from family-based studies: 0.51 (y), 0.51 (y,) and 0.76
(r; Extended Data Fig.12b). Fourth, we did not observe false positives
inrealistic simulations of European structure without directional selec-
tion (Supplementary Section 2).

Directional selection on complex traits

Intotal, 44 of 563 GWAS showed significant signals across all three tests
after correction for the number of GWAS examined (P < 8.9 x107),
and 100 GWAS showed signals in at least one test after correction for
multiple hypothesis testing (P < 3.0 x 10~5; Supplementary Table 5). We
focused on 12 traits of particular interest with significant signals from
all three tests (Fig. 4 and Extended Data Fig. 9).

One of the strongest signals is an increase over time in the PGS for
light skin pigmentation (y =1.80 + 0.10 standard deviations increase
in mean PGS in ten millennia; P=5.7 x 107*; Fig. 4 and Extended Data
Fig.9). This plausibly reflects selection for increased synthesis of vita-
min D inregions of low sunlightin farmers with little of it in their diets.
Most of the phenotypic shift is driven by a handful of loci** (52% due to
SLC45A2alone, and 75% to the top 10 loci); however, the signal is highly
polygenic:weneed todrop thetop 79 locibefore the signal disappears
(Extended Data Fig. 10). Amodel in which selection for pigmentation
impacted all variants in proportion to their effect size fits (P= 0.11;
Extended Data Fig.11).

Type 2 diabetes risk factors give compelling signals of negative
selection. Thus, we observed negative selection on combinations of
alleles that today increase body fat percentage (y = -1.04 + 0.13), waist
circumference (y =-0.91 + 0.13) and waist-to-hip ratio (y =-0.76 + 0.13;
Fig.4), which could be consistent with the ‘Thrifty Genes’ hypothesis**
thatagenetic adaptationto store fat to promote survival during periods
of scarcity in hunter-gatherers became deleterious after the transi-
tion to food production. Skeletal evidence for nutritional stresses in
early European farmers* 8 could be viewed as in tension with this

hypothesis, but is consistent with it if a farming lifestyle was associ-
ated with famines that occurred on too-infrequent a timescale to be
effectively buffered by higher fat. The signal of selection against the
polygenic predictor of type 2 diabetes itself just misses the multiple
hypothesis-testing corrected threshold of |[Z] >3.92 (y=-0.43+ 0.12
(Z=-3.59), Vsign=—0.48 £ 0.12(Z=-3.85),r,=-0.14 £ 0.04 (Z=-3.59)).

We detected negative polygenic selection against alleles associated
today with psychoses such as bipolar disorder (y =-0.63 + 0.13) and
schizophrenia (y =-0.74 + 0.12; Fig.4). These results might at first seem
surprising given our finding that significant signals of selection are not
enriched for variants with genome-wide significant evidence of modu-
lating psychiatric traits in GWAS (Fig. 1d). However, for variants with
sub-genome-wide significant signalsin GWAS, we did observe heritabil-
ity enrichment*’ (Extended Data Fig. 5a). Brain traits have qualitatively
different genetic architectures from blood-immune-inflammatory
traits, with a higher proportion of sites modulating them and smaller
effect sizes on average per allele’®. Thus, our observations probably
reflect a situation in which alleles with strong enough selection coef-
ficients to be significant are concentrated in immune traits, whereas
selectiononbrain traitsis so polygenic that mostindividual contribut-
ing alleles have too-small selection coefficients to be detected. Indeed,
directional selection against the genetic predictors today predispos-
ing to psychosis is extraordinarily polygenic: we have to drop 584 loci
for bipolar disorder and 825 loci for schizophrenia for the signals to
disappear (Extended Data Fig. 10).

We observed signals of selection for combinations of alleles that are
today associated with healthy lifestyles into old age. Thisincludes selec-
tion against alleles today associated with smoking (y=-0.68 + 0.13),
againstalleles contributing to overall health decline (y = -0.83 + 0.13)
and for alleles that promote faster walking pace (y = 0.87 + 0.13).

We finally observed signals of selection for combinations of alleles
that today are associated with three correlated behavioural traits:
scores on intelligence tests (increasing y = 0.74 + 0.12), household
income (increasing y =1.12 + 0.12) and years of schooling (increasing
y=0.63 + 0.13). These signals are all highly polygenic, and we have
to drop 449-1,056 loci for the signals to become non-significant
(Extended Data Fig. 10). The signals are largely driven by selection
before approximately 2,000 years BP, after which y tends towards zero
(Extended DataFig. 9).

We were concerned that the evidence of polygenic selection for
behavioural traits might be an artefact of uncorrected population
structure in West Eurasia, despite our simulations showing that our
methodology corrects for such structure. To explore this, we first
focused on years of schooling, for which available GWAS were larg-
est. We tested for a correlation of East Asian GWAS effect size meas-
urements to West Eurasian selection coefficients. Despite reduced
power—driven by the smaller sample sizes of East Asian GWAS, and
differencesinlinkage disequilibriumstructure and genetic architecture
across populations® **—we replicated the signal of selection, which
cannotbe explained by imperfectly corrected West Eurasian population
structure, whichis uncorrelated to that in East Eurasia: y (P=7.3 x 107,
Vsign (P=2.1x107) and r,(P= 3.9 x 107 Extended Data Fig.12a). We also
replicated using family-based GWAS**, which isimmune to population
structure (Extended Data Fig. 12b). Despite limited power of these
studies due to small sample sizes, the PGS for direct effects on years
of schooling showing nominal evidence of positive selection in West
Eurasianindividuals by all three tests: y (P = 0.027), Vg, (P=0.016) and
r,(P=0.029). The score capturing indirect genetic effects—parental
alleles not passed to offspring and thus modulating parental behaviour
and family environment—showed asignal in onetest:y (P=0.920), V.,
(P=0.945) and r,(P=0.009).

We could not obtaininsightinto the phenotype that was being selected
inthe past through functional stratification of the years of schooling sig-
nal. Thus, when we compared GWAS for the cognitive and non-cognitive
components of the years of schooling trait®, both showed significant
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Fig.4|Notable signals of directional polygenicselection. We show 12
instances where tests of polygenicselection—y, y,, and r,—are all significant,
with therelevant statistics at the top of each panel. The mean PGS of West
Eurasianindividuals over 10,000 yearsis denoted by asolid black line, with the
95% Clingrey. Thered linerepresents the linear mixed model regression,

signalsindividually, but their pairwise differences were not significant:
allthree tests were P> 0.05 (Supplementary Table 5). We also analysed
brainvolume®®, whichis correlated with years of schooling (LDSC genetic
correlation (r,) = 0.26 + 0.03) and found no signals (all P> 0.05).

There are caveats wheninterpreting signals of polygenic adaptation,
especially for the three genetically correlated traits of scores onintel-
ligence tests, household income and years of schooling. These traits are
only relevanttomodernsocieties and would have been unmeasurable
inpreliterate societies over the vast majority of the period during which
selectionacted. The difficulty of interpretationis enhanced by the fact
that the alleles driving down the frequency of type 2 diabetes-related
traits are highly correlated to those contributing to the increased scores
for years of schooling, household income and intelligence (Extended
DataFig. 13). Finally, there is evidence of change in these selection
pressures over time*, for example, inIceland in the past century in
which there was significant selection to decrease the predictor of years
of schooling, opposite to the long-term increase that we detected.

Discussion

Previous work has shown that classic selective sweeps driving alleles
to fixation have been rare over the broad span of human evolution®’.
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adjusted for population structure, withslope y. Thecircles represent mean PGS
in Western hunter-gatherers (green; n=131), early European farmers (orange;
n=452) and steppe pastoralists (pink; n=293); the error barsindicate 95% Cls.
All Pvalues are two-sided and evaluated against a Bonferroni-corrected
threshold for multiple testing (P< 8.9 x 107).

Thus, we were surprised that over the past 10,000 yearsin West Eurasia,
there have been many hundreds of instances of directional selection
with coefficients on the order of 0.5% or more (Fig. 2b). This is large
enough that if a similarly dense landscape of directionally selected
variants had existed tens of thousands of years ago, and if the selection
coefficients had been constant since then, we would expect many fixed
differences across populations, despite the fact that previous studies
have shown that there are only a handful, hardly more than would be
expected based on random drift’.

The simplest way to resolve this paradox is to recognize that selec-
tion coefficients are unlikely to have been constant over time, even
though we make this simplifying assumption to enable detection of
selection. By sliding a 2,000-year window through our time transect
and re-estimating selection coefficients within each window (Fig. 3and
Extended Data Fig. 6), we can see that there have in fact been changes
inselection pressures at anumber of the loci that we analysed, includ-
ingat HLA-DRBI1, TYK2 and HFE. By comparing the estimated age of the
mutation that contributed each selected allele® to the extrapolated
time to reach fixation given its estimated s value, we find that about
one-third of the favoured mutations are ancestral alleles and another
one-third are derived alleles with true ages an order of magnitude older
than the expected sweep age, indicating that selection coefficients



must have shifted over time at these variants (Fig. 2c). The remaining
up toone-third of the signals that we detect are consistent with classic
sweeps where the newly arising variants have been under consistent
positive selection since they arose (but they arose recently enough
that the sweeps are not complete).

Asecond explanation for this paradox is that West Eurasianindividu-
als have been experiencing qualitatively more and different natural
selection in the Holocene thanin earlier periods because of rapidly
changinglifestyles and economies. This hypothesisis supported by our
evidence of intensifying selection for traitsincluding blood-immune-
inflammatory traits in the Bronze Age compared with earlier periods
(Fig.1e and Extended Data Fig. 5b).

Although the exact number ofindependent loci cannot be estimated
with high confidence, we project that there are atleast 3,800 independ-
entsignals of directional selection (one-half of the 7,689 non-HLA loci
atthe FDR =50% threshold) that are in linkage disequilibrium with
the overwhelming majority of variants in the genome (Extended Data
Fig.2b). Superficially, thisappears tobe at odds with findings that there
hasbeenrelatively little contribution from directional selection to allele
frequency changes in genome compared with the much larger forces
of gene flow, genetic drift, and purifying or stabilizing selection®. In
fact, thereis no conflict. Our method allows us to partition the effects
of selection at each SNP into the influences of directional selection
(s) and the combined effects of fluctuating selection and drift (¢%). We
estimate that only 2.16 (+ 0.11)% (jackknife standard deviation) of allele
frequency changes are due to directional selection. Allele frequency
change inhuman populations has been sorampant thatevenifasmall
fraction of allele frequency changeis due to directional selection, this
corresponds to many thousands of loci.

Weruled out the possibility that our results are reflecting not direc-
tional selection but stabilizing selection—selection to reduce genetic
variability even if the population is near a fitness optimum—a major
force shaping patterns of variation in living people®®2°%5% Previ-
ous work has shown that if there is a shift in a trait optimum, there is
expected tobe a deterministic directional selection phase during which
the population shifts towards the optimum, followed by a stochastic
stabilizing selection phase when underdominant selection pushes com-
mon variants towards fixation or loss?. Equation 7 of ref. 21 shows that
the selection coefficient (s) in the deterministic phase scales linearly
with the phenotypiceffect of the allele, whereas in the stochastic phase,
itscaleswiththe square. Assuminga phenotypic effect of approximately
0.01, plausible based on typical GWAS, yields a selection coefficient on
the order of s ~ 0.0001. Any changes in frequency would be expected
to occur at atimescale of 1/s (figure 3 of ref. 21), and thus, while the
deterministic phase unfolds over about 100 generations, the stochastic
phase spans10,000-100,000 generations, implying that underdomi-
nance dueto stabilizing selection s effectively indistinguishable from
neutral evolution in the context of our study. Confirming this, our
simulations of diverse scenarios of stabilizing selection do not pro-
duce the enrichment of GWAS signals and HAF score that we observed
empirically (Fig. 1b,d, Extended Data Fig. 4 and Supplementary
Section 2).

We considered and ruled out the possibility that our observations are
not evidence of directional selection, but instead a process noted by
refs. 59,60, in whichinapanmictic population, purifying selection can
generate positive covariance between frequency changes in adjacent
timeintervals for neutrallocilinked to newly arising deleterious muta-
tions. Three theoretical reasons indicate that this cannot be explaining
our observations. First, we lack the temporal resolution to detect such
signalsthat have atimescale of 10-20 generations, onthe order of the
standard error of estimated dates in ancient DNA. Second, our study
spans hundreds of generations, so the signals that we detected show
autocovarianceonafarlonger timescale than can be explained by this
phenomenon. Third, the populationinour study is not panmicticasin
ref. 60; on atimescale of 10-20 generations, it contains many effective

replicate populations isolated by minimal migration, a scenario that
ref. 59 shows reduces autocorrelations, consistent with ref. 6, who
analysed two parallel ancient human time transects and found no
genome-wide signal of linked selection. Supporting these arguments,
our simulations of purifying selection do not show enrichment of GWAS
signals and HAF score similar to those we observe in real data (Fig. 1b,d,
Extended Data Fig. 4 and Supplementary Section 2).

It willbe of interest to apply similar approaches to ancient DNA time
series over longer times and to other world regions. This would allow
more generalizable insights by identifying which patterns of selection
are shared and which are distinctive to Holocene West Eurasia.
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Methods

Testing for selection while correcting for population structure
We used ageneralized linear mixed model (GLMM) approachto correct
for population structure. Population structure isa major confounder
in scans for significant changes in frequency over time, especially as
migration and population mixture have been common in almost all
parts of the world. Previous studies have corrected for structure in
ancient DNA time transects by modelling the population history and
estimating mixture proportions, which works optimally only if there
are datafromthe true source population, whichis rarely the case. Itis
tempting to use an unsupervised approach such as principal compo-
nentstoaddress population structure. However, after experimentation,
we found that this is not effective as principal components are corre-
lated with sample dates, which creates collinearity with the quantity
thatwe are mostinterested in (the time-varying component), inflating
the empirically estimated variance and reducing power (Extended
DataFig.14).

The mixed model approach, which s often deployed in the context
of genetic association studies and has also been applied in selection
studiesinmodern populations® to address similar challenges®, offers
away toaddress theseissues by combining structured datainan unsu-
pervised manner and estimating fewer parameters over a wider span
oftime, whichresultsin greater power than using separate regression
analyses for each population or comparing the estimated means from
different groups. Our simulations show that under simplifying assump-
tions, a GLMM is more powerful in controlling for population struc-
tureand detecting changeinallele frequency than ageneralized linear
model using the top principal components as covariates (Extended
DataFig.14). Thus, the method has advantages despite the fact that the
modelfitted by the GLMM makes the unrealistic assumption of constant
selective pressure across space and time, and is thus susceptible to
missing real signals of fluctuating selection such as TYK2rs34536443.

We used our GLMM to fit a linear time-varying component to the
logit (log-odds) transformation of allele frequency at each positionin
the genome, and then to test whether there is evidence for a consist-
ent trend in allele frequency change over time for all populations. We
searched for evidence of suchatrend beyond the prediction based on
population structure and associated genetic drift relating sampled
individualsinspace and time (as measured by the covariance of geno-
typesover alltheindividuals, known as the genetic relationship matrix
(GRM)). In our GLMM, the response variable for each tested allele is
the allele count. The allele counts for an individual i are drawn from a
binomial distribution B(2, p;), where 2 is the number of chromosomes
eachperson carries at each position, and p;is the unknown frequency
ofallelejinthe populationinwhich the tested individualilives. A logit
link function allows the frequency p;tobe modelled asalinear combina-
tion of covariates. This is a generalization of the logistic mixed model
where the response variable is binary:

P;
In[l_

P ]=%+sjti+gy, 1)
i

Thelogit function, I“(:Z-)' transforms allele frequency so that its
ij

expected change per generation is proportional to the selection coef-
ficient s; (regardless of p;)****. a; is a constant related to the average
logit transformation of allele frequency in sampled individuals at
timet=0today.s;is the per-generationselectionstrengthat theallele,
assumed constant over time and space during the period of our time
transect; our test for selectionis simply atest for whether the equation
fitssignificantly betterif s;is non-zero thanifitis zero. s the negative
sampling date in the past, in units of twice the generation interval®*¢*
(assuming29 years per generation). g;isa random effect, anerrorterm
capturingindividual-specific variability not explained by fixed effects

(a;+s;t,); it differs from the error term in a generalized linear model,
whichisindependently and identically distributed following anormal
distribution. In our GLMM, the error term is drawn from the vector
8- MVN(0, 62 K), following a multivariate normal (MVN) distribu-
tlon whereKis the covariance matrix structure (the GRM), the emplr-
ically observed relatedness of all individuals to each other, and oj
measures the drift at that variant, constrained to be no smaller than
the genome -wide expectation conditional on MAF.

Sj» 0 and q; are mdependently estimated for each of 9.7 million
varlants Reﬁttmgo and a; at each analysed site makes the method
robust to false positives due to processes that vary across SNPs such
as degree of background selection, which increases the effective
amount of random genetic drift or variation in MAF. These nuisance
random effects are soaked up by allowing ajz and a; to vary, allowing
us to test for atime-dependentinfluence on allele frequency fluctua-
tions s;beyond what can be explained by the GRM. We placed a mini-
mum value onoj constrained by genome-wide estimates conditional
on MAF, as we were concerned that if we did not do this, the method
might assume an unreasonably low sz and ascribe too much allele
frequency change to the s;term, again contributing to false positives.
Ourtestfor anon-zero s;is thus a test for selection above and beyond
what could be explained not just by structure but also other
non-time-dependent processes. The penalty that we pay for estimat-
ing variance components at millions of SNPs—in contrast to the con-
stant variance component assumption used in mixed model analysis
in GWAS®*—is computational load. We grouped individuals with simi-
lar ancestry and dates into 2,000 clusters; at this resolution, our
analysis required approximately 130,000 CPU hours (Supplementary
Section 8).

Using the GLMM, we obtained a point estimate for the selection
coefficient at each variant and its standard error, and a Z-score for
the number of standard errors this is from zero, a naive test for selec-
tion. In practice, the statistic needs recalibration as it is inflated due
to unmodelled features of the data, so we empirically assessed sig-
nificance from enrichment of signals in independent GWAS (Supple-
mentary Section 3).

Fitting the GLMM

We developed PQLseqPy, afasterimplementation of PQLseq® for fitting
the GLMM to count data (Supplementary Section 8). Despite an 82-fold
speed increase, running a GLMM on approximately 20,000 individu-
als for about 9.7 million variants was infeasible (approximately 6,500
CPU years). To make analysis tractable, we grouped individuals into
clusters with similar ancestry and coming from similar times. For the
single-variant selection tests, we restricted to 13,936 ancient individu-
alswhowere unrelated up to the second degree to make computation
tractable (for the polygenictests, weincluded related individuals and
did not apply clustering).

To identify the T=2,000 clusters that we analysed, we required
there to be amaximum date gap G = 500 years between any two indi-
vidualsin each cluster. We initialized the interval /= ({=2, r = T) with
midpoint m. We applied hierarchical clustering on the top 30 princi-
pal components using the sklearn.cluster. AgglomerativeClustering
function in Python with default parameters and n_clusters = m. For
each of the S clusters from the previous step, we performed hier-
archical clustering on the dates with distance_threshold =G and n_
clusters = none. If the resulting number of clusters was larger than
T+1, werepeated the process with /= ([, m). Ifitwaslessthan T-1,
we updated /= (m, r). We repeated these steps until the final num-
ber of clusters was within T-1to T+1, or/=r. Across 2,000 clusters,
individuals per cluster has a first quartile of 2, a median of 4, a third
quartile of 10 and a maximum of 328.

We used the GLMM model in equation (1). However, the cluster can
include more than one individual. The allele counts for each cluster i
aredrawn fromabinomial distribution B(2n;, p;), where n;is the number


https://www.ncbi.nlm.nih.gov/snp/?term=rs34536443

Article

of diploidindividualsin the cluster, and p;is the unknown frequency of
allelejin the population where individuals in cluster i reside.

Proportion of variance explained by directional selection

The proportion of variance in allele frequency on the logit scale for
eachSNP/is:

s7-var(t)

(¥))

Proportion of variancefor SNPj= —5———.
P . s} var(e) + 05

We used 1,000 independent SNPs, randomly selected across the
genome with pairwise linkage disequilibrium (r?) less than 0.05, to
estimate that directional selection explains an average of 2.16% of the
variance in allele frequency, with a standard error of 0.11% based on
jackknife estimation. The GLMM used for this analysisis based on the
full sample size of unrelated individuals, rather than clustering indi-
viduals according to their ancestry and date.

Covariance structure for the GLMM
The covariance structure matrix K for clusters mand nis defined as:

Kmn=

1
NN, 2 Y4 ®)
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wherec,,is thesetofindividualsin cluster m, N,,,is the number of indi-
vidualsin cluster m, and A; is the GRM between individualsiandjand
defined as":

G = 2 MGy = 2f)

A 4)

1 g (
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Here G, is the genotype for SNP k of individual, f, is the allele fre-
quency of SNP kacross allindividuals and Mis the number of SNPs. We
created a GRM using all autosomal SNPs passing quality control with
MAF > Oacrossallindividuals,and applied aleave-one-chromosome-out
scheme to prevent proximal contamination®®, creating a separate

GRM for each chromosome.

PGS computation
The PGS that we analysed is a weighted average of genotypes for M
independent variants:

M
PGS;= ) wG;. 5)
Jj=1

Here, G; is the genotype for SNPj of individual i and w is the SNP
weight. We generated four variations of the PGS by using the GWAS
effectvalues (8, or only the sign of the effects (sign(B,)) as weights, and
byincluding or excluding the HLA region (Supplementary Table 5; the
results quoted in the main text exclude the HLA region). For each phe-
notype, we generated an independent set of SNPs using a two-step
clumping and thresholding process. To avoid ascertainment bias®®,
SNP selection and effect size estimation for PGS calculation were both
derived from the same GWAS, independent of other GWAS or selection
signals. Initially, we clumped SNPs with PLINK usinga P <1073, * < 0.05
and a 500-kb window. Then, we selected the SNP with the smallest
Pvalue asthe index SNP, removed SNPs with D’ > 0.2 within 500 kb, and
repeated until no SNP remained. Consequently, all remaining SNPs had
P<0.001,andif two SNPs were within 500 kb, their < 0.05and D’ < 0.2.
To minimize residual population structure, we used a linear mixed
model (LMM):

ymartytgite. (6)

Here y,is the PGS of the sample , centred and scaled by the mean
and standard deviation of the PGS in the modern samples to make it

interpretable as the strength of polygenic selection and comparable
across different traits?; t; is the date scaled down by 10,000 (so it is
in units of ten millennia); ais the intercept; g ~ MVN(O, ogzk) isavector
ofrandom effects where the covariance structure matrix K is the genetic
relationship matrix; and e= MVN(O, oezl) is a vector of residual errors
wherelis the identity matrix. The coefficient yis the change in the PGS
over 10,000 yearsin units of standard deviation of the PGS in the mod-
ernsamples. We used the coefficient y as a proxy for directional poly-
genic selection.

Fitting the LMM

We used GEMMA (v0.98.5)% to fit the LMM and estimate the polygenic
selection coefficient (y). The running time was tractable, so we did
not apply the clustering algorithm used in the GLMM analysis, and
also included related individuals allowing the sample size of ancient
individuals toincrease from 13,936 for our single-allele tests to 15,836
to polygenic tests. We used the GRM as the covariance structure matrix
K. Here PGS s calculated over all autosomes, and so we could not use
theleave-one-chromosome-out approach fromsingle-variant GLMM to
avoid influence from neighbouring positionsin linkage disequilibrium.
Instead, we used 112,683 high-quality, independent SNPs generated by
the ‘indep-pairwise 10001 0.05 option of PLINK2 to calculate a GRM,
using this as a covariance structure in the LMM to handle population
structure and reduce influence from sites whose alleles are correlated
to each other.

Adjusting for residual inflation in directional polygenic analysis
To adjust for residual inflation in the estimated Z, for each trait, we
carried out 100 randomizations for each trait of interest, using the
same SNPs used for calculating the PGS of that trait and randomly
assigning a weight of +1 or —1to each SNP for each simulation. The
simulated PGSis not expected to show asignal of polygenic selection,
as the weights are randomly flipped and should cancel for polygenic
traits. To carry out a valid test for a signal of directional selection, we
defined aninflation factor by calculating theratio of the median Zy2 in
the simulationto the median of the chi-squared distribution with1 d.f.
(0.455). This correction factor is constrained to be at least 1and at most
the across-trait median of 3.16.

Correlation between trait effect sizes and selection coefficients
We used LDSC (v1.0.1)*%4%70 to estimate the genetic correlation
between trait effect sizes and selection coefficients (s). We used the
pre-calculated linkage disequilibrium scores computed with individu-
als of European ancestry from the 1000 Genomes Project, which are
provided with the LDSC software. To compute trans-ethnic genetic
correlation, we used the S-LDXR software”. We used the pre-calculated
reference files for European and East Asian populations that are pro-
vided with this software.

Heritability enrichment and standardized effect size (%)

We used stratified LDSC* to estimate the contribution of each annota-
tion to the heritability of polygenic traits. We combined the set of
annotations of interest with the baseline-LD model (v2.2), which
includes 97 annotations modelling MAF, linkage disequilibrium and
functional architectures including coding regions, promoters, enhanc-
ers and conserved elements**”>73, We used heritability enrichment to
quantify the effects of the annotation; it is defined as the proportion
of heritability explained by SNPs in the annotation divided by the pro-
portion of SNPs in the annotation. The standardized effect size (™)
measuresthe effects unique to the focal annotation after conditioning
onall the other annotations in the baseline-LD model™.

Simulations of selection for a realistic model of history
We carried out forward-in-time simulations using SLiM (v4.0.1)™ to
model European history, starting with the semi-realistic demographic



model of Irving-Pease et al.*. We divided the genome into coding, func-
tional non-coding and neutral regions. We simulated both purifying
selection (selection against newly arising deleterious alleles) and sta-
bilizing selection (selection against variation), as these are two major
processes known to shape patterns of human genetic variation and
are not forms of directional selection (defined for our purposes as
sustained rises in frequency of alleles in a direction that increases the
fitnessin carriers). We were concerned that our test could artefactually
be detecting signals at alleles affected by these non-directional selec-
tion processes, and to explore this, we simulated various scenarios.
Eachmodelincluded an experimental condition with both directional
and non-directional selection processes, and a corresponding nega-
tive control that differed only by the absence of directional selection.
Detailed information on the simulations and our analysis of them are
provided in Supplementary Section 2.

GRM-matched simulations based onreal data

Forthe purposes of Fig. 2b and Extended Data Fig. 1c where we wished
to simulate the genotypes of individuals for a variant with a selection
coefficients;, we used arandom sample drawn from a Gaussian distri-
bution with a covariance matrix ofaj2 K. We estimated the genetic
relationship matrix A using real data, and randomly selected oj2 from
an empirical distribution. We used equation (1) to simulate different
selection coefficients and determined the initial allele frequency by
drawing froman empirical distribution of allele frequencies in modern
individuals. We used this value as a constraint to define the constant
;. To sample genotypes, we drew from a binomial distribution, with
the probability of the alternative allele calculated using the standard
logistic function applied to both sides of equation (1). All other simula-
tions that we reportin this study are based on the SLiM framework.

Sources of data for 15,836 ancient individuals
We restricted to 15,836 ancient individuals of genetically West
Eurasian-related ancestry living between longitude 50° W and 120° E
and latitude greater than 24° N (Supplementary Table 1and Supple-
mentary Section 1). For 5,820 ancient individuals, the sequences that
we analysed are published?'>**7#875-24¢ and are reanalysed here. For
296 ancientindividuals, we report new shotgun sequencing data from
samples for whichin-solution enrichment data from the same ancient
DNA samples, extracts or libraries were previously published. The
presentstudy serves asthe formal report of these new sequences, and
reanalysis of the data presented here should cite both the present study
and the study that originally reported datafrom these samples. Supple-
mentary Table 2 lists these samples along with newly reported shotgun
datafor an additional 71anonymized newly reported individuals (for
atotal of 367 newly reported shotgun genomes, which have amedian
of 4.89-fold coverage and of which 43 have at least 20-fold coverage).
For 223 ancient individuals, we report higher-coverage in-solution
enrichmentdatabased on additional extracts, libraries and sometimes
recaptures of libraries for which smaller amounts of in-solution enrich-
ment datafrom the same samples were previous published, obtained
by adding data from 517 newly reported ancient DNA libraries (Sup-
plementary Table 3). The present study serves as the formal report of
these merges of previously published data with the newly generated
data. Reanalysis of the data presented here should cite both the present
study and the study that originally reported data fromthese individuals.
For 9,426 never-before-reported ancient individuals obtained by
in-solution enrichment of 17,880 newly reported ancient DNA librar-
ies (Supplementary Table 3) and shotgun sequencing of an additional
71newly reported ancient DNA libraries (Supplementary Table 2), we
release raw ancient DNA data with permission of sample custodians.
The individuals are anonymized, with the only information provided
beingthatusedinour analysis: the fullgenetic data, and point estimates
oftheir dates and broad geographical categorizationinto five regions
of West Eurasia.

Sources of data for contemporary individuals
We analysed data from 6,438 contemporary individuals, comprising
5,935 from the UK Biobank?” and 503 from the 1000 Genomes Project®,

For the UK Biobank data, we selected individuals genotyped on the
UK Biobank Axiom array, excluding those genotyped on the UK BiLEVE
array to minimize batch effects. To ensure broad representation across
western Eurasia, we subsampled the UK Biobank, limiting the selection
to at most 300 people per ‘country of birth’ within western Eurasia,
focusing on countries with ancient DNA in this study. This yielded 6,088
individuals.

We then performed an outlier removal step. Using their coordi-
nates on the top 20 principal components derived from the full UK
Biobank dataset, we standardized the scores and calculated Mahalano-
bis distances. Assuming the squared Mahalanobis distance follows
a chi-squared distribution with 20 d.f., we excluded individuals with
P values below the Bonferroni threshold of 8.2 x 107, This outlier
removalstepyielded afinal set of 5,935 individuals from 58 countries,
with a median of 55 and amean of 102 per country.

Ancient DNA data generation

The great majority of wet laboratory work was performedinthe ancient
DNA laboratory at Harvard Medical School, following established pro-
tocols that evolved over time from mostly manual processing (sam-
ple preparation, DNA extraction with silica columns?***° and partial
UDG-treated double-stranded library preparation®*?; capture was
automated using a Perkin EImer EP3 or Agilent Bravo NGS Worksta-
tions*'®82%%) to mostly automated processing (DNA extraction®*,
double-stranded and single-stranded library preparation®s, capture
and pooling for sequencing). New libraries (if not deeply shotgun
sequenced) were enriched with the Twist Ancient DNA panel**>, whereas
older libraries were enriched with the 1240k reagent (or its predeces-
sors, 390k and 840k). We sequenced onan Illumina NextSeq500 instru-
ment until 2019, when we switched to lllumina HiSeq X10 instruments,
and finally to Illlumina NovaSeq X instruments in2022. Archaeologists
or collaborators from other ancient DNA laboratories in some cases
provided sample powder, DNA extracts or libraries. Supplementary
Table 3 provides summary statistics based on in-solution enrichment
for18,397 ancient DNA libraries for which we report new capture data.
Supplementary Table 2 provides summary statistics for 369 ancient
DNA libraries from 367 individuals for which we report new shotgun
sequencing data.

Ancient DNA bioinformatic processing

Most of the newly reported data come from sequencing the products
of in-solution enrichment targeting a set of more than 1 millionknown
polymorphisms'®®2*, In-solution enrichment extracts more informa-
tion per invested sequence by enriching molecules to overlap sites
that are polymorphic in humans (which also helps to greatly reduce
the proportion of non-endogenous bacterial and/or microbial sources
that colonized the samples post-mortem). The great majority of ancient
DNA libraries that we analysed are marked withidentification tags (bar-
codes andindices) before sequencing in pools. We merged paired-end
sequences, requiring that there is no more than one mismatch in the
overlap between paired sequences where the base quality is at least
20 or three mismatches if the base quality is less than 20. We did not
analyse sequences that we could not merge. We stripped adapters and
identification tags to prepare molecules for alignment. We used a cus-
tomtoolkit (ADNA-Tools v2.1.0) for all these steps. We aligned merged
sequences to the hgl9 version of the human reference genome with
decoy sequences (hs37d5) using the single-ended aligner, BWA SAMSE
(v0.7.15)*¢ with typical ancient DNA alignment parameters -n 0.01-0 2
and-116500, which disables pre-alignment seeding. We marked dupli-
cate reads using Picard MarkDuplicates (v2.17.10)*. In addition, we
mapped merged sequences to the mitochondrial DNA Reconstructed
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Sapiens Reference Sequence®®, which enables mitochondrial-specific

metrics. Our bioinformatic processing produces data and key metrics,
including estimates of authenticity based on elevated damage rates
at the end of sequences (indicative of ancient DNA), contamination
rates and endogenous rates. For the shotgun sequencing of a subset
of libraries with a high proportion of human DNA to generate coverage
throughout the genome, we processed datainthe same way as for the
in-solution enrichment experiments.

Imputation

To carry out imputation, we used as input either data from ancient
individuals (mapped sequences) or modern individuals (SNP array
genotypes), and then used allelic correlation patterns in a haplotype
reference panel***** to predict genotypes at millions of sites.

In detail, for each sample, we used beftools mpileup (v1.13)*° to gen-
erate genotype likelihoods for all variants (SNPs and indels). We used
the high-coverage (30x) 1000 Genomes Project?® phase 3 sequences
asthereference paneland converted the assembly versionto GRCh37/
hg19 using CrossMap (v0.5.2)*". We restricted to 2,504 unrelated sam-
ples andbiallelic variants that pass all the quality control filters reported
by gnomAD (v2.1.1)*?. We used GLIMPSE (v1.0.0)™ with the reference
panel to impute and phase each sample individually. Owing to higher
reference bias for indels, we ignored their genotype likelihood, set
them to missing, and passed this to GLIMPSE to impute all biallelic
autosomal SNPs and indels based on the genotype likelihood of SNPs
and haplotype information for both SNPs and indels in the reference
panel. This means that we only used reference panel data to impute
indels evenwhenwe had sequences overlapping the indels. After impu-
tation, we added the genotype caller information of all variants (SNPs
and indels) to the final bcffile.

To minimize discrepancies betweenimputation of ancient DNA and
UK Biobank data, we re-imputed the UK Biobank genotyping data. We
used Affymetrix confidence files to simulate genotype likelihoods
and processed these through the same imputation pipeline used for
ancient DNA.

Sample quality control

For each imputed sample, we defined the imputation quality score
(IQS) as1QS = mean(GP,|GT =1), where GT is the most likely genotype
based on the imputed genotype posterior GP = (GP,, GP,, GP,) and
Zizzo GP,=1. We only kept samples with high IQS > 0.9. We detected
duplicatesandrelated samples up to the second degree. We prioritized
samples by their IQS and dropped relatives up to the second degree
until there were no two that were second-degree related or closer. We
alsofitalinear regression modelto the top 100 principal components
asexplanatory variables, and used the reported date of samples as the
response variable to remove outliers where reported and predicted
dates were very different. Full details of this procedure are presented
inSupplementary Section 1.

Variant quality control

The data analysed in this study come from multiple sources and
sequencing technologies: imputed ancient DNA sequences (shotgun
sequences and enrichment for more than 1 million SNPs), European
ancestry individuals largely from the 1000 Genomes Project, and
imputed individuals of western Eurasian ancestry from the UK Biobank
genotyped using the UK Biobank Axiom Array. We applied variant qual-
ity controlin a three-step procedure. Initially, we applied brute-force
filtering to compute principal components, allowing for the identifica-
tion of ancestry-matching samples across datasets with similar allele
frequencies. Wefiltered out variantsiftheir allele frequencies differed
strongly between sample sets, with the goal of minimizing batch effects
from combining samples from different sources. Finally, we excluded
variants whose estimated selection coefficients were sensitive to data
batches. This resultedin 9,739,624 variants, including 8,074,573 SNPs

and 1,665,051 indels, passing the final variant quality control out of
52,382,872 imputed variants. The step-by-step variant quality control
process is detailed in Supplementary Section 1.

Allele frequency trajectories

We computed allele frequency trajectories using allindividualsin the
time series. We used a moving average sliding window, with awindow
size of 1,000 years and a step size of 100. We used a binomial likelihood
function to estimate the mean, Cls and standard error. We smoothed
the mean and standard error using the GaussianProcessRegressor
function from the Scikit-learn library in Python. We parameterized
this function with alpha = 10* and a I*RationalQuadratic kernel, with
length_scale_bounds set to (10, 10°). We clipped the resulting values
to remain within therange of 0 and 1.

GWAS data to which we correlated selection coefficients

We analysed GWAS of 452 largely quantitative phenotypes from the
UK Biobank?® that had the flag phenotype_qc_EUR set as PASS (the
high-quality subset of 6,951 UK Biobank GWAS). We added to this 107
independent GWAS studies?®*?** mostly of complex diseases, along-
side 2 brain volume GWAS from ref. 56 and 2 GWAS from ref. 55 for
cognitive and non-cognitive aspects of educational attainment. These
563 =452 +107 + 2 +2 GWAS of largely unrelated people of European
ancestry are the ones that we refer to in the main text when discuss-
ing our primary scans for polygenic selection. For the trans-ethnic
analysis, we analysed an additional 31 GWAS in East Asian individuals:
30 phenotypes from the Biobank of Japan®*® and the GWAS summary
statistics from the study of years of schooling GWAS by ref. 267. For
family-based analysis, we analysed 102 GWAS for 34 traits compiled in
ref. 54; for each trait, there were three GWAS: unrelated people, direct
effectand indirect effect. Summary statistics for all our polygenic tests
of selection forall of these 696 = 563 + 30 +1+102 GWAS are presented
inSupplementary Table 5.

Reporting summary
Furtherinformation onresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

Aligned sequences for the newly reported datafrom 10,016 ancient indi-
viduals are available through the European Nucleotide Archive under
an accession number PRJEB106907. This includes complete genetic
datafor all newly reported individuals alongside point estimates of
their dates and geographical categorization into five regions of West
Eurasia, whichis the full dataused inthe present study (Supplementary
Tables 1-3). Our release of these data without restrictions to enable
studies of natural selection has written approval from third-party sam-
ple custodians. Please contact the corresponding author (D.R.) for any
questions regarding metadata not used in this study—such as skeletal
codes, latitudes and longitudes, site names, site descriptions, physical
anthropology and cultural context—which will be reported in future
work that should be the references for studies of population history and
archaeology (as abackupin case these studies are not published inrea-
sonable time, we have deposited a version of the Supplementary Tables
with the full archaeological metadata for all these individuals to Har-
vard Dataverse (https://doi.org/10.7910/DVN/7RVVON) with a15-year
embargo so that it will go public in the year 2041). Imputed genomes
for ancient individuals are also available at the Harvard Dataverse
(https://doi.org/10.7910/DVN/7RVV9N). High-coverage (30x) phase
3 sequences from the 1000 Genomes Project were downloaded from
ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/1000G_2504_
high_coverage/working/20201028_3202_phased. Genome coordi-
nates were converted to GRCh37/hg19 using CrossMap (v0.5.2). The
processed 1000 Genomes data used as theimputation reference panel
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and for downstream analyses are publicly available at the Harvard
Dataverse (https://doi.org/10.7910/DVN/7RVV9N). Individual-level
data from the UK Biobank used in this study were obtained from the
UK Biobank Resource and are available to eligible researchers upon
application through the UK Biobank Access Management System, in
accordance with UK Biobank policies.

Code availability

An interactive web application for this study is available (http://
reich-ages.rc.hms.harvard.edu). The PQLseqPy software is avail-
able on GitHub (https://github.com/mokar2001/PQLseqPy). A per-
manently archived version of this package is available at Harvard
Dataverse (https://doi.org/10.7910/DVN/7RVV9N). All code for the
forward-in-time SLiM simulations are available on GitHub (https://
github.com/AnnabelPerry/slim-selection-simulations).
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Extended DataFig.1|Spatiotemporal distribution of individuals and
effect on power. (a) Geographicorigin: North (N), Central (C), East (E),
Southwest (SW) and Southeast (SE). (b) Temporal distribution (x-axisona
logarithmicscale). (c) Power analysis based on simulations. Sample size,
dates, and pattern of genetic relatedness are matched to real data. Power is
defined as proportion of true positives expected at P <5 x 1078, based on two
sided P values. Weran 20000 simulations for each selection coefficient, with
minor allele frequency (MAF) at present (time=0) randomly drawn from the

MAF distributionin modern Europeans. (d) Number of independent and
significant lociand standard error in selection coefficients as a function of
samplessize (from downsampling). (e) Effect of age on power. Dataare divided
into10 non-overlapping periods; modernindividuals are aseparate bin. Top
panel: proportion of 479 loci remaining significant after excluding 100 random
individuals from eachbin; error barsindicate 95% confidence intervals. Bottom
panel: number of individuals per bin.
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Extended DataFig. 3| Robustness of directional selection signals (related
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adjusted for minor allele frequency and measures of background selection
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more penalized thanin Fig.1ahence the lower plateau. (b) Simulating neutral,
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selection, the focal SNP has aselection coefficient of s = 0.01 for the favored
allele. Under background selection,20% of mutations aredrawn fromagamma
distribution with mean-0.03 and shape parameter 0.206, and the remainder
areneutral. The population size is constant at 20000 diploid individuals,
mutation rate per base pair per generationis 2 x 108, and recombinationrate is
1cMper1Mb. (c) Residual mean (HAF)/n for ahaploid sample size n over 200 bp
windows is observed minus expected value. Expected value is determined
usingalinearregression model with explanatory variables McVicker-B,
Murphy-phastCons, Murphy-CADD, number of SNPs, and total heterozygosity,
providing the expected mean (HAF)/n conditioned on them. Shaded areas
show 95% confidenceintervals.
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Extended DataFig.4|GWAS enrichment and residual HAF of selection
signalunder simulated models of selection. (a-d) GWAS enrichment by
X-score across four simulated models: (a) Model 1, polygenic directional
selection withastabilizing selection mechanism; (b) Model 2.1, soft sweep
witha purifying selection mechanism; (c) Model 2.2, hard sweep witha
purifying selection mechanism; (d) Model 3, polygenic directional selection
withbothstabilizing and purifying selection mechanisms. Shaded areas show
95% confidence intervals around the estimated enrichment. Each experiment
includes 800 simulations (400 with directional selection and 400 without);
blue denotes all simulations, and black denotes those without directional
selection. (e-h) Residual mean (HAF)/n, for SNPs with |y| above the value on the
x-axis, for ahaploid sample size n over 200 bp windows across four simulated
models: (e) Model 1, polygenic directional selection with a stabilizing selection

mechanism; (f) Model 2.1, soft sweep with a purifying selection mechanism;
(g) Model 2.2, hard sweep with a purifying selection mechanism; (h) Model 3,
polygenic directional selection with both stabilizing and purifying selection
mechanisms. For each SNP, we compute mean (HAF)/nacross haplotypesand
residualize it as observed minus expected from alinear regression correcting
forbackground selection using explanatory variables McVicker-B, coding
region annotation, functional noncoding region annotation, number of SNPs,
and total heterozygosity ina200 kb window. Solid lines show the mean of this
SNP-level residual statistic across SNPs meeting the x| threshold; shaded areas
show 95% confidenceintervals. Each experimentincludes 800 simulations
(400 with directional selectionand 400 without); blue denotes all simulations,
andblack denotes those without directional selection.
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Extended DataFig. 5|Stratified LD Score Regression shows thatalleles
affecting blood-immune-inflammatory and cardio-metabolic traits were
unusually affected by selection, and that selectionintensity increasedin
theBronze Age (related to Fig. 1e). (a) We annotated sites based on their
inferred strength of selection—based ontheir FDR being above aspecified
threshold, or 1-FDR as a continuous annotation—and used Stratified LD Score
Regression (S-LDSC) to study enrichment of GWAS signals and standardized
effect sizes (z*) for traits in different functional categories. Our analysis adjusts
for 97 annotations thatare known to affect heritability and are part of the
standard correctioninS-LDSC (b) Tests for changesin selection intensity

during different cultural transitions: Mesolithic-Neolithic (MN) to Bronze Age
(BA); and Bronze Age (BA) to Historical Era (HE). Each annotationis binary,
identifying SNPs among the top 5% with the highest probability of experiencing
stronger selection during one time period compared to another. Thisis
determined using the estimated selection coefficientand standard error from
models separately fit to each cultural period. Error bars show 95% confidence
intervals of the estimated standardized effect sizes (t*) or heritability
enrichment; dots representsignificance of the pairwise comparisons of
heritability enrichment.
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Extended DataFig. 6| How selection coefficients onsingle variants
changedinintensity over time (for the gallery of 36 loci also highlightedin
Fig.3). Time-variantselection coefficients are estimated by refitting our
modelinsliding windows of 2000 years, with a step size of 100 years,and a
minimum of 2000 people per window. Color map represents the Z-score for the
selection coefficientbeing non-zeroin that window, ranging from -5 (dark red)
to 5 (darkblue). The solid horizontal black line indicates 0, and the dashed
horizontalblack line represents the estimated selection coefficient using all
datainthis study (Fig. 3). Error bars show the 95% confidence interval, and

4000 0
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shaded areas represent smoothed point estimates with 95% confidence
intervals, obtained using the GaussianProcessRegressor function from the
Scikit-learnlibrary in Python. We parameterize this function with alpha=1e-5
and al*RationalQuadratic kernel, withlength_scale_boundssetto (1,1e6). The
x-values correspond to the median date of samplesin each bin. Present-day
samples are excluded because their disproportionate density shifts the median
tothe present, forcing the bin value to O and creating a-1000-year jump on the
x-axis, causing computational and visual inconsistencies.
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Pearson’s correlation for xandy axes at top. The dashed line indicates the
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Bonferroni-corrected significance threshold (P =8.9 x 107%, correcting for 563
GWAS tested), and the dotted line indicates the uncorrected nominal
significance threshold (P = 0.05). All P values are two sided.
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Extended DataFig.9|How coordinated selection on alleles affecting the
same traitschanged inintensity over time (gallery of 12 complex traits also
highlightedinFig.4). We estimate time-variant polygenic selectionintensity y
by refitting our modelin sliding windows 0of2000 years, with a step size of 100
years,and aminimum of 2000 people per window. Color map represents the
Z-score for the selection coefficient being non-zero in that window, ranging
from-5 (dark red) to 5 (dark blue). The solid horizontal black lineindicates O,
and the dashed horizontal black line represents the estimated y using all
datain thisstudy (Fig. 4). Error bars show the 95% confidence interval
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around the estimated yin each window, and shaded areas represent smoothed
pointestimates with 95% confidence intervals, obtained using the
GaussianProcessRegressor function fromthe Scikit-learnlibraryin Python. We
parameterize this function with alpha=1e-3 and al*RationalQuadratic kernel,
withlength_scale_boundssetto (1,1e6). The x-values correspond to the median
date of samplesineachbin. Present-day samples are excluded because their
disproportionate density shifts the median to the present, forcing the bin value
to 0 and creatinga~1000-year jump on the x-axis, causing computational and
visualinconsistencies.
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Extended DataFig.10 | Estimating the mi

by selection for each trait (gallery of 12 traits also highlighted in Fig. 4).

(a) Each panel shows the LDSC genetic correlation (r,) between the trait effect
sizes and the selection coefficients (s) as afunction of number of dropped loci.
Therightaxis displaysr,inblue; P-value on the left axisin orange. For each SNP,
we defineapriority score|f xs xfx (1-f)|, where 3 is the GWAS effect size, sthe

mum number of SNPs affected

selection coefficient, and fallele frequency. SNPs are sorted by priority score,

andineachiteration,a2 cMregion around the highest priority SNPis dropped,
riisrecalculated for the remaining genome, and this continues untilno SNPs are
left. (b) We similarly show y estimates at right as a function of number of
dropped SNPs (blue), and P-value for polygenic selection at left, with dark
orangeindicating P < 8.9 x107° (Bonferroni-corrected threshold for 563 GWAS
tests), light orange P < 0.05,and gray otherwise. All P values are two sided.
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Extended DataFig.11|Pigmentationisoligogenicbutselectiononitwas
polygenic. Selection coefficient (s) and effect size (B) from the UK Biobank
skin color phenotype for 150 independent SNPs passing the GWAS P-value
threshold of p <5 x 1078, Following*, which applied ordinary least squares
regression, we instead used orthogonal distance regression (ODR) to account
foruncertaintyinbothvariables. The orange line was fit to all SNPs (131 blue
and 19 orange markers), whereas the blue line was fit only to SNPs with || <0.05
(131blue markers). Neither the correlations (difference between Fisher
Z-transformed Pearson’s correlation, P= 0.22) nor the slopes (P = 0.11) differ
significantly, consistent witha modelin which selection for pigmentation had
anequalimpactonallvariantsin proportion to effect size. Shaded areas
indicate 95% confidence bands. Points show 3 estimated in 415,018 UK Biobank
individuals (x-axis) and s estimated from 20,374 unrelated individuals (y-axis);
error bars show 95% confidence intervals. All P values are two sided.
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Extended DataFig.12|See next page for caption.
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Extended DataFig.12|Replication of polygenicselectionsignals using
effectsizes from East Asian GWAS and consistency between population-
based and family-based GWAS. (a) Replication of signals of polygenic
selection using effect size estimates in East Asians whose populationstructure
isuncorrelated to West Eurasians. We applied our polygenic selection test to 31
traits using pairs of GWAS studies for the trait, one from Europe and one from
East Asia. We assessed y, yqn, and r;in the two analyses and found them to be
consistent. Itisextremely difficult to believe that an estimate based on effect
size estimatesin East Asians could be anartifact of population structure, since
structure within Europe and within East Asiaare uncorrelated. This comes at
the costof reduced power relative to using European GWAS directly, driven by
the smaller sample sizes of East Asian GWAS (median 30% of European GWAS),
differencesin LD structure between populations, and divergence in genetic
architecture (allele frequencies and causal effect sizes)**, Despite reduced
power, Pearson’s correlations between Z-scores for European and East Asian
GWASare 0.43,0.75,and 0.81for y, y.g,, and r,, respectively, a positive
correlation that must reflect real selection and would not be expected due to
populationstructure. The dashedlineindicates the Bonferroni-corrected
significance threshold (P =1.6 X107, correcting for 31 traits), and the dotted
lineindicates the nominal significance threshold (P = 0.05). Years of schooling
isthe only trait that reaches Bonferroni-corrected significance threshold for all
threetests. (b) Consistency of polygenic selection signals using effect sizes
estimated from GWAS of unrelated people and family-based GWAS. We analyze

the GWAS results reported in**, who compiled whole genotype-phenotype
correlation datain families for 34 phenotypes, and report three GWAS for each
phenotype: unrelated people (“population GWAS”), and direct and indirect
effect GWAS obtained by differentiating between transmitted and
untransmitted chromosomes within families. The first three columns show
estimates for three polygenic tests of selection. The fourth column displays the
estimated SNP heritability (h?) by LDSC. The fifth column shows the sample
size, with the median sample size for family GWAS - 13,000 and for population
GWAS -31,000.Bothare only afraction of the UK Biobank cohort of 490,000
individuals of non-Finnish European ancestry**’, explaining the reduced power
and why confidenceintervals are wide and often overlap zero. The Pearson’s
correlations between Z-scores from population GWAS and direct genetic effect
GWASare 0.51,0.51,and 0.76 for y, y,,, and r,, respectively. Whenrestricted to
population GWAS signals with nominal significance (P <0.05), the correlations
increase to 0.84,0.78,and 0.81, respectively. Among population GWAS in**,
educational attainment, ever-smoker, and myopia reach the Bonferroni-
correctedsignificance (P <1.5x1073, correcting for 34 traits) for all three tests.
Fordirect geneticeffects, educational attainmentis the only trait with all three
tests nominally significant (P < 0.05). Blue indicates population GWAS, orange
represents direct genetic effects from family GWAS, and greenrepresents the
average of paternal and maternal non-transmitted coefficients (NTCs) from
family GWAS. Points show the estimated statistic; error bars indicate 95%
confidenceintervals. All P values are two sided.
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Extended DataFig.13 | Correlations of polygenic scores for complex traits Asterisks indicate significance level (n asterisks represent ajackknife
withstrongevidence of coordinated selection (the same 12 traits estimated P <0.5x10™"). All P values are two sided. A caution is that some of
highlightedinFig.4). Genetic correlations of traits are computed using LDSC these genetic correlations may be inflated due to assortative mating.
based onmodern UK Biobank data (no ancient DNA are used in this analysis).
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Extended DataFig. 14 |See next page for caption.
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Extended DataFig. 14 | Comparison of GLMM and GLM performance and
theimpact of principal component covariates oninflationand power.

(a, b) Comparing the performance of GLMM and ageneralized linear model
(GLM) with PC covariates. True positive rate at a false positive rate of 10 versus
selection coefficient for MAF ranges (a) [0, 0.1]1and (b) [0.1, 0.5]. The blackline
shows the GLMM model, and the colored lines show the GLM model (with the
number of PCsin parentheses). Selection coefficients range from 0.0 to 0.03 in
0.001lincrements, with~4,000 simulation replicates per selection coefficient.
Errorbarsindicate 95% confidence intervals around estimated true positive
rate. (c, d) Inclusion of additional principal components as covariates inflates
variance and reduces power due to collinearity with time. (c) Genomic control
inflation factor (A¢c) for the GLM and GLMM in simulation. Asc is defined as
median(Z?)/0.455, which quantifies the median inflation of the Z?statistics
relative toa chi-square distribution with one degree of freedom. Various
factors, including frequency-dependent biases fromimputation and the non-
linear transformation of allele frequencies, which lead to anon-normal null
distribution, as well as polygenic signal and confounding due to population
structure, may contribute to thisinflation (see Supplementary Section 2).

(d) Loss of power due to collinearity between time and principal components.

The y-axis shows 1-R?(equal to 1/VIF - variance inflation factor), a proxy for
statistical power—lower valuesindicate greater variance inflation and reduced
power.Eachdotrepresentsalinear regression with time as the response

and the number of PCs (x-axis) as covariates. Both simulated and real data
reveal thatincluding more PCsincreases collinearity with time, diminishing
power.Insimulations, power drops sharply after three PCs, whileinreal data
the declineis more gradual due to complex structure not captured in the
simulation (so continued correction adds value). R?is the coefficient of
determination, indicating the proportion of variance in time explained by the
PCs. VIF quantifies the inflation of the variance of the estimated coefficient
dueto collinearity with time. The dashed linesindicate1- R?, where R? isthe
conditional R? (see?®). R2 is the proportion of variance in time explained by the
fixed effects and the geneticrandom effectinalinear mixed model, where time
istheresponse variable. The modelincludes aninterceptasthe fixed effectand
arandom effect witha GRM as its covariance structure. In thismodel, since the
only fixed effectis the intercept, which contributes no variance, R? reflects the
variance explained by the genetic random effect. It measures the model’s
goodness of fitand is analogous to R?in ordinary linear regression.
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Extended Data Table 1| Re-evaluation of signals from five
scans for selection in Holocene West Eurasia

Genome wide significant loci

Less stringent threshold

Total Pass QC m>99% m>50% | Total Pass QC m>99% m>50%
Mathieson et al. 2015 12 11 10 10
Field et al. 2016 3 3 1 3 37 36 3 11
Le et al. 2022 24 22 9 10
Kerner et al. 2023 3 3 3 3 139 125 14 23
Irving-Pease et al. 2024 21 21 14 17

Significance according to our analysis for loci identified in five previous scans for selection

in Holocene West Eurasia (all but Field et al. are ancient DNA-based scans). The less stringent
P-value thresholds are 10 for Field et al.”® and 0.05 for Kerner et al. 2023. The cumulative
number of non-HLA signals identified as genome-wide significant and confirmed in our
re-analysis with a posterior probability of selection m>99% is 18 (4% of the 410 non-HLA loci
with m>99%). Of these, 8 were found in Mathieson et al., Field et al. added O, Le et al. added 3,
Kerner et al. added O, and Irving-Pease et al. added 7.
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	ABO: positive selection for B at the expense of A

	TCHH: selection for an allele that reduced male-pattern baldness

	TYK2: reversal of selection at a major risk factor for tuberculosis

	HLA-DRB1: elevated multiple sclerosis risk in northern Europe is not due to selection on the steppe

	HFE: reversal of selection at the major risk factor for haemochromatosis

	CCR5-Δ32: positive selection at an allele conferring immunity to HIV-1 infection

	Selection for light skin tone at ten loci

	CFTR: no evidence of selection for the major cystic fibrosis risk allele ΔF508
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