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L I N G U I S T I C S

Patterns of genetic admixture reveal similar rates of 
borrowing across diverse scenarios of language contact
Anna Graff1,2*, Damián E. Blasi3,4, Erik J. Ringen5, Vladimir Bajić6, Daphné Bavelier7,  
Kentaro K. Shimizu1,2,8, Brigitte Pakendorf9, Chiara Barbieri2,10*†, Balthasar Bickel1†

When speakers of different languages are in contact, they often borrow features like sounds, words, or syntactic 
patterns from one language to the other. However, the lack of historical data has hampered estimation of this ef-
fect at a global scale. We overcome this hurdle by using genetic admixture and shared geohistorical location as a 
proxy for population contact. We find that language pairs whose speaker populations underwent genetic admix-
ture or that are located in the same geohistorical area exhibit notable similar increases in shared linguistic pat-
terns across world regions and different demographic relationships, suggesting a consistent trend in borrowing 
rates. At the same time, the effect varies strongly across specific linguistic features. This variation is only partly 
explained by cognitive differences in lifelong learnability and by social functions of signaling assimilation through 
borrowing, leaving much randomness in which specific features are borrowed. Additionally, we find that, for some 
features, admixture decreases sharing, likely reflecting signals of divergence (schismogenesis) under contact.

INTRODUCTION
Unlike their genes, humans transfer cultural traits not only through 
vertical inheritance but also through horizontal borrowing (also re-
ferred to as copying, spread, diffusion, or convergence in linguistics) 
(1–5). When populations are in contact with each other, they often 
adopt or borrow cultural elements such as technologies, beliefs, 
practices, and various aspects of language (6). Such instances of 
horizontal transfer are made possible by the remarkable learning 
abilities that characterize humans over the entire life span. In the 
case of language, these abilities can result in various extents of bilin-
gualism and multilingualism, patterns which provide particularly 
fertile grounds for borrowing (7).

However, the extent to which contact results in borrowing re-
mains heavily debated, with far-reaching consequences for the valid-
ity of the tree model for linguistic evolution (8–15). On the one hand, 
core vocabulary is persistent in vertical transmission and tends to 
resist borrowing. Many words are inherited with only slight modifi-
cation all the way from the root of a language phylogeny to large 
swathes of its descendants (e.g., the words for mother, madre, Mutter, 
and mère in the Indo-European daughter languages English, Spanish, 
German, and French, respectively) so that relationships between lan-
guages and groups of languages can readily be detected and recon-
structed (16, 17). On the other hand, features of linguistic structure, 
such as patterns in grammar or phonology, tend to be more unstable 
over time (18–20). The distribution of such structural features, as 

well as the introduction of new concepts and words, is often parsimo-
niously explained by contact between specific pairs of populations 
(21) or between several populations within a wider geohistorical area 
(3, 22–28).

Borrowing is typically initiated by speakers who have already ac-
quired the basics of their native language; younger children tend to 
be overly resilient and conservative learners, and they mostly lack 
the social power to initiate change (29–33). As a result, borrowing is 
expected to be more likely in features that remain relatively easy to 
learn after early childhood. For example, relative to grammatical 
categories, lexical concepts remain easier to learn even later in life 
(34–37). Thus, one might expect lexical concepts to be more bor-
rowable than grammatical categories. Observations about differ-
ences in borrowability from case studies support this prediction, 
with lexical items being more readily transferred than structural 
features (3, 5, 38). However, it is unknown to what extent this and 
similar predictions hold globally and to what extent overall rates of 
borrowing or the borrowability of specific features instead depend 
more on the social dynamics underlying specific contact histories, 
such as imbalances of power or demography when populations are 
in contact.

While frequent, borrowing is not the only outcome of contact. 
Anthropologists have long noted that contact can also lead to the 
opposite, viz. schismogenesis, a process of signaling divergence be-
tween populations in contact (39). Divergence in language features 
has often been noted in local case studies (40–43). In specific cases, 
like within Austronesian languages, contact has been identified as 
an important driver of diversification in vocabulary, but less so in 
grammar (18) and only partially so in phonology (44). At a global 
scale, divergence has been systematically quantified only for dialect 
contact (45), finding features of grammatical form to diverge most, 
and for patterns in language phylogenies inferred from core vocabu-
lary data (46), finding bursts of change after language splits.

While language contact enjoys substantial attention, its global 
study has suffered from severe biases (47). Research has focused on 
post hoc inferences, where the current distribution of some features 
in some region is most plausibly explained by borrowing during past 
contact. The evidence for such contact is sometimes independently 
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supported by geohistorical evidence, but, in most parts of the world, 
this evidence is largely circumstantial. As a result, the extent to which 
contact shapes linguistic evolution, the degree to which features dif-
fer in their probability to be borrowed across multiple social, cultur-
al, and demographic situations, and the net balance between 
borrowing and divergence under contact remain poorly understood.

Here, we introduce genetic admixture as a proxy for population 
contact that is independent of language, allowing us to study its ef-
fects on language. Specifically, we quantify the effects of genetic con-
tact on linguistic structures and ask whether genetic contact and 
shared geocultural history (to the extent known) yield similar lin-
guistic outcomes. Our focus is on structural patterns, for example, 
whether the object follows the verb, as in English “eat apples,” as 
opposed to languages like Japanese and Nepali, where the object 
precedes the verb; or whether the difference between “k” and “kh” 
distinguishes meaning as in Nepali, or not, as in English. We exclude 
from our study the borrowing of concrete words and grammatical 
forms (“matter borrowing”) (5), such as the fact that the word 
“pound” was borrowed from Latin into English. We compare the 
extent of borrowing across specific features and assess differences in 
borrowability as expected from case studies and research on learn-
ability over the life span.

RESULTS
Sampling contact between populations
The motivation to capture contact through genetics relies on the ef-
fects of human population admixture. The intense demographic 
contact leading to an admixed population profile presupposes ex-
tensive interaction between adults from previously unconnected 
groups and entails linguistically mixed families. This creates ample 
opportunity for contact to affect not only genes but also a wide range 
of cultural traits, including language. Genes and language features 
such as words or structural patterns are sometimes transferred to-
gether in situations of contact (48). For instance, the borrowing of 
click sounds from Khoisan into Bantu languages in Zambia was 
coupled with demographic exchange between distant groups after 
large-scale migrations (49, 50).

To probe for genetic evidence of contact, we searched for pair-
wise contact between genetic ancestries that were sufficiently diver-
gent to be distinguishable. In particular, we identified populations 
with admixture from one ancestry component that is associated 
with a linguistically unrelated group (Fig.  1A and Materials and 
Methods). This procedure ensures consistency in the criteria for ge-
netic contact, and it keeps our sample relatively free of confounds 
from shared linguistic inheritance. However, our procedure is lim-
ited by the nonuniform coverage in our sample across the world 
(Fig. 1B) and by having enough samples to represent each ancestry 
(51). A further limitation is that we cannot cover the impact of cases 
of pairwise admixture in genetic ancestries underrepresented in our 
sample, of gradients of admixed ancestries (52), and of admixture 
scenarios with more than two ancestries. Last, the restriction to 
unrelated language pairs might underestimate both borrowing and 
divergence effects because these are particularly expected within 
language families, where structural similarity boosts borrowing 
(3, 15, 53–55) and shared history boosts divergence (40, 45).

To identify populations with admixture, we ran ADMIXTURE 
(56) and estimated F3 statistics (57) on genomic single-nucleotide 
polymorphism chip data from an expanded version of GeLaTo (48), 

a database that matches genetic populations to their languages (4768 
individuals in 558 populations associated with 373 languages; table S1), 
and supplemented the results with cases of admixture reported in 
the literature (fig. S1A and Materials and Methods).

The resulting list of genetically admixed populations covers dif-
ferent geographical and historical scales, including local cases of 
demic contact, larger Neolithic displacements of farmers and pasto-
ralist groups (58), and intercontinental contacts from the past five 
centuries of population movements (invasions and displacements) 
associated with European colonialism (59) and slave trade (60–62).

From this list, we derived target-source pairs (N =126, table S2) 
and associated them with languages. For the target, representing a 
present-day population, we followed the association provided by 
GeLaTo and the additional literature, associating the population 
with a single language. For the source population, representing a 
past population, we have no access to the language(s) with which it 
was associated at the time of contact. In response, we resorted to the 
nearest clade of the languages now spoken by present-day proxies 
for the past source population, assuming that this includes most (of-
ten all) of the likely features reconstructible for contact time (Mate-
rials and Methods). For example, for the Quechua-Spanish pair, we 
sampled the source feature states from all available languages within 
the Romance clade to approximate the 16th century dialect varia-
tion at the time when contact began; solely considering modern 
standard Castilian Spanish would artificially reduce this variation.

We then linked target and source languages to their features from 
two databases documenting distributions of linguistic patterns, which 
were curated to remove logical and strong statistical dependencies 
between features (63): GBI (“Grambank Independent”) covering 
grammatical features, and TLI (“Typology Linked and Independent”) 
covering a variety of grammatical, lexical, and phonological features 
(table  S3). To control for universal baseline expectations about the 
presence of features in the target and source languages, we further 
sampled 300 random pairs of unrelated languages. Because what car-
ries potential for contact effects in multistate features are feature states 
(e.g., a specific word order such as object-verb versus object-verb) 
and not the feature by itself (e.g., the order of object and verb in gen-
eral), we extracted the data separately for every state in features with 
more than two states, resulting in a total of n = 638 feature states (n = 202 
in GBI and n = 481 in TLI).

This procedure focuses on pairwise contact between specific 
languages. However, contact can also characterize entire networks 
of languages that jointly evolved in a given geohistorical area 
(3, 23–25, 47). Although the relevant historical and ethnographic 
evidence is often (as noted) circumstantial, we allow for this alter-
native scenario of contact by additionally assigning all sampled 
languages to areas that have been established as particularly prone 
to contact (Fig. 1C). We sourced such areas from the AUTOTYP 
database (64) and, for a sensitivity analysis, from Glottolog (65, 66) 
(fig. S1B) rather than geographical distances between current loca-
tions (67, 68), because the areas are less sensitive to recent migra-
tions (69–71).

We then modeled the probability of a language pair to share 
states as a function of genetic admixture and areal colocation in a 
series of Bayesian multilevel logistic regressions (Materials and 
Methods, figs. S13 to S32, and tables S4 to S23). Model comparison 
with approximate leave-one-out cross-validation (72) suggests that 
a model with both genetic and areal predictors strongly outperforms 
models with only one of these predictors (fig. S2, all Δelpd > 260 ± 46).
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Genetic contact and areas increase the probability of 
sharing feature states
The best-fitting model shows that both genetically and areally defined 
contacts increase state sharing (Fig. 2A). Genetic contact increases 
sharing probabilities by a posterior mean of 3.9% in the GBI dataset 
[89% highest posterior density interval (HPDI)  =  [1.2%, 6.7%], 
P(β̂ > 0) = 0.99] and 7.2% in the TLI dataset [89% HPDI = [2.6%, 
11.7%]; P(β̂ > 0) = 0.99]. Belonging to the same area increases sharing 

probabilities by a posterior mean of 3.4% in GBI [89% HPDI = [1.3%, 
5.5%], P(β̂ > 0) =  0.99] and of 3.5% in TLI [89% HPDI =  [2.2%, 
4.9%], P(β̂ > 0) = 1.00]. All results are robust against the alternative 
area definition from Glottolog and against a sensitivity analysis ex-
cluding language pairs not associated with a negative and significant 
F3 statistic (fig. S3) (57). The effects are relatively strong given that the 
baseline expectations are well above chance (i.e., a 50% probability of 
sharing a state) and leave only limited room for probability increases 

A Source 1 Source 2

Language 1
(family 1)

Target language
(family 1)

Target
population

+

Language 2
(family 2)

80%

5%

70%

80%

K = 2

Target ~ source
Language pair(s)

La
ng
ua
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Linguistic clade

B

C

Australia

W N America

E N America

C America

S America

Africa

W and SW Eurasia

N C Asia

S/SE Asia

New Guinea and Oceania

GBI + TLI GBI only TLI only

Fig. 1. Sampling contact between populations. (A) Sampling admixture in populations (solid arrow) if their two largest ancestry components amount to at least 70% of 
genetic ancestry, of which the minor source contributes at least 5%, and if the admixture is evident through at least five different levels of globally assumed components 
(K, tested from 12 to 30, see also fig. S1A for results at K = 12). The two components were manually associated (dashed arrows) with source populations exhibiting the 
ancestry to at least 80%. Target populations were only considered if their two main ancestries were assigned to populations (source 1 and source 2) speaking languages 
(language 1 and language 2) from different language families (family 1 and family 2), whereby one of these families (family 1 in this illustration) should be the family of 
the target language spoken by the target population. Targets were associated (gray arrows) with their now spoken language (“language 1” in the figure) and the source 
with the phylogenetic clade that best characterizes the language varieties (“language 2”) at the time of contact. To control for shared inheritance, we only sampled pairs 
where target and source are from different families (family 1 and family 2). (B) One hundred twenty-six target-source language pairs. Blue, target languages; orange, 
source clades (centered on one language for visualization purposes only); TLI and GBI, different linguistic datasets (see the main text). (C) Languages from which features 
were drawn colored by geohistorical area from AUTOTYP (fig. S1B for an alternative). W N America, Western North America; E N America. Eastern North America; C America, 
Central America; S America, South America; W and SW Eurasia, Western and Southwestern Eurasia; N-C Asia, Northern-Central Asia; S/SE Asia, South/Southeast Asia.
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(with all posterior mean sharing probabilities in the baseline higher 
than 64.0%; 89% HPDI  =  [64.0%, 68.1%] for GBI and 89% 
HPDI = [72.5%, 75.8%] for TLI). In particular, in the case of genetic 
contact, we find strong evidence for borrowing (HPD > 89%) even in 
cases where the universal baseline probability of sharing is high and 
the effects, therefore, remain small.

The total distribution inside an area might also influence the 
chances of detecting borrowing under genetic contact when sampling 
pairs from within that area (e.g., Bantu and Khoisan languages within 
Africa) as opposed to between different areas (e.g., Iberian and Que-
chuan languages between Europe and South America). This possibili-
ty is important because, beyond differences in demographic particulars 
and geographical scale, the two scenarios potentially correlate with 
different histories: Genetic contact between different areas in our sam-
ple predominantly involves cases associated with European colonial-
ism, with more recent timing and stronger demographic imbalances 
than most other cases of genetic contact, and genetic contact within 
the same area tends to exclude these. However, quantifying the effect 
of genetic contact separately for contact within areas (Fig. 2, C and D) 
versus between areas (Fig. 2, E and F) reveals the same overall trends: 
Within-area genetic contact results in a mean posterior probability 
increase of 4.3% [89% HPDI = [1.7%, 6.9%], P(β̂ > 0) = 0.99] in the 
GBI dataset and a mean posterior probability increase of 8.5% [89% 
HPDI  =  [4.5%, 12.3%], P(β̂ > 0)  =  1.00] in the TLI dataset, and 
between-area genetic contact results in a mean posterior probability 
increase of 8.9% [89% HPDI = [4.1%, 14.1%], P(β̂ > 0) = 0.99] in the 
GBI dataset and a mean posterior probability increase of 7.8% [89% 
HPDI = [2.0%, 14.0%], P(β̂ > 0) = 0.97] in the TLI dataset.

Globally, contact therefore robustly favors effects of structural 
borrowing over effects of divergence, and this holds to the same ex-
tent when considering genetic contact associated with different 

demographic conditions, when considering areal contact and across 
all considered conditions. This is confirmed by a meta-analysis over 
the probability differences for the fixed effects (fig. S4 and Materials 
and Methods): The shortest credible interval to include zero is the 
80% HPDI for model type (i.e., the different demographic condi-
tions shown in Fig. 2, A versus C versus E), the 19% HPDI for main 
versus sensitivity analyses, the 79% HPDI for dataset (GBI versus 
TLI), and the 88% HPDI for genetic versus areal contact.

Effects of contact vary across feature states
The slightly different effect sizes of genetic contact on the features 
included in the GBI and TLI datasets (Fig. 2, A and C) suggest a fair 
amount of variation driven by the specific features coded in each 
dataset. This is confirmed by the relatively large SDs of feature states 
(Fig. 2, B, D, and F; all posterior mean SD > 0.40 ± 0.06 in log odds 
and two SEs). Figure 3 shows the estimated effects in terms of prob-
ability differences for all 683 states (for details, see tables S24 and 
S25). In addition to states with excess sharing under contact, i.e., 
borrowing [positive differences; 34 and 28% of states in genetic con-
tact for GBI (Fig. 3A) and TLI (Fig. 3C), respectively; 28 and 15% of 
states in areal contact for GBI (Fig. 3D) and TLI (Fig. 3F), respec-
tively], there is a substantial number of states that are unaffected by 
contact (with zero included in the 89% HPDI; 48 and 64% of states 
in genetic contact for GBI and TLI, respectively; 65 and 83% of 
states in areal contact for GBI and TLI, respectively). Additionally, 
to a lesser but still noticeable extent, there are states with decreased 
sharing probabilities, i.e., cases of divergence under genetic contact 
(18% of states in GBI and 8% in TLI; Fig. 2C). Under areally defined 
contact, divergence effects are much rarer (7% of states in GBI and 
2% in TLI; Fig. 2B). This might reflect the fact that divergence is in-
trinsically difficult to discover in areas because the total proportion 
of shared states in an area can be high even if most geographically 

Fixed effects

0.0 0.2 0.4 0.6 0.8

Probability difference for same area pairs

Probability difference for genetic contact pairs

Intercept (baseline)

Probability (95, 89, and 50% HPDI)

A

SDs of:

0.0 0.5 1.0 1.5

Intercept by pair group

Intercept by pair group with same source

Same area by feature state

Genetic contact by feature state

Intercept by feature state

Genetic contact by area combination

Intercept by area combination

B

Fixed effects (only same area pairs)

0.0 0.2 0.4 0.6 0.8
Probability (95, 89, and 50% HPDI)

C

SDs of:

0.0 0.5 1.0 1.5
Log odds (95, 89, and 50% HPDI)

D

Fixed effects (only different area pairs)

0.0 0.2 0.4 0.6 0.8
Probability (95, 89, and 50% HPDI)

E

SDs of:

0.0 0.5 1.0 1.5
Log odds (95, 89, and 50% HPDI)

F Dataset

GBI

TLI

Log odds (95, 89, and 50% HPDI)

Fig. 2. Posterior predictions reveal a robust effect of structural convergence across different contact conditions. (A and B) In the best-fitting model considering all 
language pairs, the probability of sharing feature states decisively increases in contact compared to a random baseline (ΔP > 0 in more than 99% of the posterior proba-
bilities), across two linguistic datasets (GBI focusing on grammatical and lexical features, TLI additionally including phonological features) (A), but there are substantial SDs 
by feature state (B). These effects are similar when considering only cases of genetic contact within the same area (C and D), and when considering only cases of genetic 
contact between different areas (E and F).
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48%
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65%
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28%8%
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15%2%

TLIGBIDataset

Fig. 3. Posterior baseline sharing probability per feature state and posterior ΔP for each feature state under contact (ordered by dataset and effect size). (A to 
C) As a result of genetic admixture versus (D to F) colocation in a geohistorical area. For alternatively ordered visualizations of posterior ΔP, see fig. S7A. [(A) and (C)] Den-
sity plots of states with 89% HPD excluding versus including zero in GBI and TLI under genetic contact, [(D) and (F)] under areal colocation. [(B) and (E)] Interval plots per 
feature state, ordered by increasing posterior baseline. For details, see tables S24 and S25. There are more features with decreases in sharing probability (ΔP < 0) in ge-
netic than areal contact (density plots of features with 89% HPD excluding versus including 0), suggesting specific effects of divergence in addition to borrowing. Al-
though states with higher baseline sharing probabilities have less scope for increased rates of borrowing under contact, we detect borrowing for states across the range 
of baseline sharing probabilities.
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adjacent languages show local divergence. Again, a separate quanti-
fication of the effect of genetic contact between versus within areas 
(fig. S5, C and D) revealed the same overall trends as without the 
distinction (fig. S5A).

Intriguingly, while the global effects are similar across all types 
of contact, they vary at the level of individual feature states: The 
feature state that shows most borrowing in areal contact shows 
divergence or no difference in genetic contact (regardless of wheth-
er this is defined globally or within or between areas). Converse-
ly, the feature state that shows most divergence in areal contact 
shows borrowing or no difference in genetic contact (see fig. S5 and 
table S24 for details). These observations hold beyond the single-
most extreme cases of borrowing and divergence, and they are very 
similar in the sensitivity analysis (figs. S6 to S8 and table S25). They 
suggest that specific feature states differ in how likely they are to act 
as carriers for signaling social divergence versus convergence in 
the form of schismogenesis or borrowing in different types of con-
tact (45).

Meta-analyses highlight differences between domains 
of language
Feature states differ in how they react to contact, but do these differ-
ences match the hierarchies in the relative borrowability of linguistic 
patterns that have been proposed in the past on the basis of case 
studies? Do they align with expectations about the relative ease of 
learning different types of features across the life span? To answer 
these questions, we conducted further meta-analyses comparing 
contact effects across classes of features as defined in the GBI and 
TLI datasets (table S3) (63). Table 1 provides definitions and exam-
ples for each feature class. While motivated by considerations of lin-
guistic analysis, they approximate some of the distinctions for which 
one would expect differences in borrowability and learnability based 
on previous reports (3, 5, 23, 34–37).

Our results are only partially consistent with expectations. Most 
in line with the results of previous suggestions is our finding that 
features of linear order show similar or higher borrowing proba-
bilities (ΔP > 0) compared to other aspects of grammar (Fig. 4, A to 
D; see fig. S9 for details and fig. S11 for the sensitivity analysis). For 
instance, in GBI, linear order shows a 3% higher median poste-
rior probability of sharing states under genetic contact (Fig.  4A) 
while there is no evidence for a difference under areal contact (gray-
shaded cell, Fig. 4D). This is largely in line with results from case 
studies (3, 23), with findings that features of linear order tend to be 
underexploited for schismogenesis (45) and with its relatively per-
sistent learnability over age (73). However, the effect is not as robust 
across conditions as one might expect, and it is only supported with 
high posterior probabilities in the GBI dataset (Fig. 4, A to H, and 
fig.  S10). Another finding that seems to confirm previous reports 
(68, 74) is higher or similar borrowing probabilities for consonan-
tal over vocalic features, but strong evidence is again limited to 
only some conditions (Fig. 4, E to H, and figs. S10 and S12). Last, 
features relating to lexical semantics show borrowing probabili-
ties in a similar or higher range than grammar (linear order and 
other grammar) and phonology, but there is an exception to this 
trend in the same-area condition in the GBI dataset (Fig. 4D) where 
lexical semantics shows lower borrowing probability than lin-
ear order. These observations seem to partially confirm the notion 
that new lexical concepts remain easier to learn after childhood than 
other structural aspects of language. However, the difference is yet 
again neither as pronounced nor as consistent as one might expect 
on the basis of previous research.

At the same time, we note that lexical classes show higher or 
similar borrowing probabilities than lexical semantics in the TLI 
but not in the GBI dataset. Further, grammatical categories show 
borrowing probabilities in a similar range (gray-shaded cells; Fig. 4, 
A, C, and D) as lexical semantics or even higher (Fig. 4B), and, 

Table 1. Feature classifications for meta-analyses. Definitions and examples based on (63). 

Name Definition Examples

﻿lexical semantics﻿﻿ Structuring of lexical meaning Colexifications (e.g., same word for “arm” and “hand” like in Czech)

﻿lexical classes﻿﻿ Formal, morphosyntactically relevant infor-
mation in the lexicon

Presence of verb classes (e.g., conjugation classes in Italian where some verbs have 
third person form like ama “loves,” while others have third person form like crede “be-

lieves”), grammatical gender (e.g., distinctions like masculine il problema “the problem” 
versus feminine la macchina “the machine”)

﻿grammatical categories﻿﻿ Presence and nature of semantic notions in 
grammar (not their concrete expression)

Presence of past tense (e.g., English worked), evidentiality (e.g., Turkish gelmiş “I hear/
infer she came”)

﻿linear order﻿﻿ Ordering of sentence elements Position of the object relative to the verb (e.g., eat rice like in English or bhāt khānu 
“rice eat” like in Nepali)

﻿other grammar﻿﻿ All other formal aspects of grammar Past tense marking at the beginning (e.g., Swahili alisoma “studied”) versus at the end 
of verb forms (e.g., English worked), type of relative clause formation (e.g., the woman 

who works, with pronoun “who” in English versus çalışan kadın with ending -an in 
Turkish)

﻿phonology﻿﻿ Patterns and rules in the sound system (Any features relating to the following three types: prosody, vocalic, and consonantal)

﻿prosody﻿﻿ Rhythm, stress, and intonation Stress placement (e.g., always on the first syllable of a verb as in Hungarian versus 
variable as in English)

﻿﻿vocalic﻿﻿ Features of the vowel system Vowel nasalization (e.g., the distinction between bon “good” and beau “beautiful” in 
French)

﻿consonantal﻿﻿ Features of the consonant system Presence of aspiration (e.g., the distinction between kām “work” and khām “envelope” 
in Nepali)
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Fig. 4. Meta-analyses of contact effects under different types of contact scenarios. (A to D) Across domains of language of the TLI and GBI dataset; (E to H) across 
phonological features (TLI dataset only, the GBI dataset does not include phonological data). [(A) and (E)] Genetic contact, all pairs; [(B) and (F)] genetic contact, different 
area pairs only; [(C) and (G)] genetic contact, same area pairs only; [(D) and (H)] colocation in the same area. Intervals show the 50 and 89% credible intervals of the com-
bined effects per domain. Heatmaps show the median posterior difference between domains, with gray shading for differences whose 89% HPDI includes zero. For ex-
ample, lexical class features in the GBI dataset are 3% less likely to be shared under genetic contact than features of lexical semantics (A).
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like lexical semantics, they outrank linear order, other gram-
mar, and phonology, with median posterior differences of 1 to 3%, 
again with an exception in the same-area condition of the GBI data-
set and also in the within-area genetic condition of the GBI dataset 
(Fig.  4, C and D). These observations are unexpected given that 
grammatical categories and lexical classes are difficult to ac-
quire after the critical period of early childhood (36, 37, 75–80), i.e., 
at an age at which borrowing is most likely to be initiated. While pre-
vious research would therefore predict low borrowability for these 
features, we observe relatively high borrowabilities.

Several explanations for this unexpected finding are possible. 
One possibility is that adult learning of categories (e.g., the exis-
tence of a past tense) as opposed to their formal marking (e.g., that 
past tense is marked at the beginning or at the end of a verb; Table 1) 
is easier than suspected or that this is specifically the case for the 
categories coded in our data and less so for those that have been 
commonly studied in (predominantly) European languages. An-
other possibility is that our categorization of features might not pick 
up the distinctions that matter for learnability. For example, it is 
possible that the opposite effects in lexical classes in the GBI and 
TLI datasets stem from differences in parts of speech, because the 
GBI dataset focuses more on nominal than verbal classes (table S25). 
Yet another possibility is that children might be more actively in-
volved in borrowing than commonly assumed. This might be par-
ticularly important in complex and intensive contact situations such 
as in genetic contact between areas (Fig. 4B), a condition where our 
data mostly rest on contact associated with European colonialism 
and where the probability of borrowing grammatical categories is 
decisively higher than borrowing lexical semantics, at least in the 
GBI dataset.

While we cannot at present quantify the relative contributions of 
these possibilities to an overall explanation of our findings, the so-
cial conditions of colonial contact might be specifically relevant for 
capturing effects we find in features of prosody (Fig. 4, F and G). 
Prosody—the rhythmic, stress, and intonational properties of 
speech—is a particularly important marker of social belonging and 
differentiation (81, 82). We find higher borrowing probabilities for 
prosody than for other aspects of phonology in genetic contact be-
tween areas (Fig. 4F). These are conditions with strong power im-
balances associated with colonialism, exerting high pressure for 
assimilation due to prestige hierarchies (83). By contrast, features of 
prosody show lower borrowing probabilities than other aspects of 
phonology in genetic contact within areas. In this contact condition, 
prosodic features are even less likely to be shared than in the base-
line condition, indicating divergence (Fig. 4G). This might be due to 
the function of prosodic features as markers of divergence in so-
cially more balanced contact situations.

DISCUSSION
While our study targets only contact between languages from differ-
ent families and invites extensions to data from related languages, 
our results suggest that the extent of borrowing is notable similar 
across all the contact conditions considered. In particular, the simi-
larity extends to between-area contact. This is consistent with obser-
vations that regular patterns of linguistic transmission persist even 
in the special demographic and social dynamic of such contact, as in 
the case of creole formation (84). But what drives the regularity and 
similarity of borrowing rates?

Received scholarship points to universal principles of borrow-
ability across features, but our meta-analyses cast doubt on this. We 
find that globally fixed hierarchies of pattern borrowing mostly fail 
to capture the outcomes of language contact. While some of the dif-
ferences in borrowing probability (linear order versus other gram-
mar, consonants versus vowels, and lexical semantics versus other 
features) partially match expectations, the evidence is not robust 
across conditions and datasets for most of the predictions that our 
data allow us to test. Moreover, beyond these domains, we find glar-
ing differences in the specific linguistic feature states that tend to be 
borrowed in contact. Again, different contact conditions produce 
different relative rankings of borrowability, possibly reflecting the 
contingencies of sociolinguistic history in each contact pair or geo-
historical area (55, 81, 85).

An alternative explanation for consistently similar borrowing 
rates lies in a potentially general, stationary and self-limiting rate of 
horizontal spread of linguistic patterns through contact, which is 
constrained not to substantially disrupt vertical transmission path-
ways of linguistic evolution. Testing whether there are bounds to 
this rate requires larger and more uniform samples and more tar-
geted research on how borrowing events between individual speak-
ers lead to population-level changes (86).

Our analyses further find that only few structural features are 
globally preferred signals of social distinction between unrelated 
languages. This is consistent with the observation that divergence 
between dialects is more commonly signaled by differences in word 
choice than in structural features (45). Our findings add features in 
prosody, such as patterns of word stress, as favored carriers of social 
distinction in conditions of balanced contact.

Together, these results paint a complex picture for the past and 
future of the world’s languages. Extensive demographic contact 
would not only have contributed to language loss but also critically 
affected distributions of linguistic features, promoting the erosion of 
structural linguistic diversity among surviving languages. We an-
ticipate that this dynamic will continue to jeopardize linguistic di-
versity beyond language loss (87) in our increasingly globalized 
world confronted with, among others, the consequences of land use 
expansions (88) and demographic displacements induced by cli-
mate change (89).

MATERIALS AND METHODS
Experimental design
The genetic analysis relies on genomic data from an expanded version 
of the GeLaTo dataset (48, 90). The database includes 4768 unrelated 
individuals in 558 genetic populations (median: eight individuals) 
representing 373 languages. Each genetic population is assigned to a 
language with a Glottocode (66), following curating criteria based on 
anthropological and ethnolinguistic information available from the 
original genetic publication (48). These populations are listed in 
table S1. The literature review for additional admixture cases identified 
45 additional instances of contact compatible with the criteria used 
through our ADMIXTURE run on genomic data (61, 91–104). The 
structural linguistic data used in this research draws from the full 
“statistical” curations of the GBI and TLI datasets (63). These datasets 
were previously curated to merge structural linguistic data from stan-
dard databases of linguistic diversity in a way that minimizes the 
amount of missing data and reduces logical and strong universal sta-
tistical dependencies between features (63), making it suitable for 
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models like ours that assume conditional independence of the re-
sponse. For area coding, we used the 10 continent-sized areas 
(Fig. 1C) from AUTOTYP (64) in the main analysis and the six mac-
roareas (fig. S1B) from Glottolog (66) in the sensitivity analysis.

For the genetic analysis, we ran the ADMIXTURE software (56) 
assuming K = 2 to K = 30 ancestries with 20 runs per each K, retain-
ing the run with the highest likelihood per K. The smallest cross-
validation errors are found at K = 23 and K = 22. After checking the 
likelihood profiles and visually inspecting the consistency of the 
runs, we selected those from K = 12 to K = 30, because the lowest K 
(K = 12) returned recognizable blocks of ancestry (fig. S1A). Previ-
ous studies using ADMIXTURE with global datasets but fewer 
population samples recognized solid blocks of ancestry at K  =  5 
(105), K = 8 (106), and K = 10 (94), but these studies did not explore 
higher values of K. We then identified populations as admixed if 
their two largest ancestry components amounted to at least 70% of 
genetic ancestry, of which the smaller source contributed at least 
5%. Minor sources contributing less than 5% of ancestry were con-
sidered so small that they would reflect noise. We furthermore re-
quired that these thresholds hold through at least five different 
levels of K: If they were admixed for fewer than 5 levels of K, then 
we disregarded the admixture signal for the population as insuffi-
ciently consistent.

To identify the two source populations for the ancestry compo-
nents in the admixed populations, we approximated these source 
populations for each K by populations available in the GeLaTo sam-
ple. We did this by flagging all populations that incorporate the ad-
mixture component in question at ≥80%. For each admixed (target) 
population, we had a set of possible source 1 populations denoting 
the larger admixture component and a set of possible source 2 popu-
lations denoting the smaller admixture component. Our final filter-
ing step was to list all possible combinations of source 1 and source 
2, where one of the two sources was represented by a population 
speaking a language of the same language family as the target popu-
lation and the other represented a population speaking an unrelated 
language. This resulted in a list of genetic triplets consisting of a tar-
get, a source 1 and a source 2 population. For each triplet, we logged 
the following information: the number of distinct K over which the 
target population was admixed; for how many of these K the source 
1 population appeared as a match for the larger admixture compo-
nent; for how many of these K the source 2 population appeared 
as a match for the smaller admixture component; and availability 
of structural linguistic data for the target population as well as each 
of the source populations. The target populations along with their 
unrelated source population were considered potential candidates 
for further analysis are retrievable from Zenodo (doi.org/10.5281/
zenodo.15263706, output/longlists/longlist_for_manual_curation.
csv). Of all 3506 candidates considered under the 70% admixture 
threshold, 81% also held under a more conservative threshold of 80 
and 56% even held under a threshold of 90%.

This list of candidate triplets was then filtered to yield language 
pairs for which we had linguistic feature data available in GBI and 
TLI, with a (single) target language denoting the target population 
and a set of languages representing one or more languages in a clade 
unrelated to the target language associated with the source popula-
tion. For some populations, we used closely related proxy languages 
in the linguistic database to increase data coverage. Table S1 lists all 
relevant populations’ language assignments in the original GeLaTo 
database and our mappings to GBI and TLI.

Many of the candidate triplets were spurious in that they only 
appeared inconsistently across a small number of K. For instance, 
Greek populations appeared admixed at the 70% threshold for five 
different values of K. However, only one of these K, namely, K = 12, 
marked the Greek as admixed with a non–Indo-European source 
(in this case, Afro-Asiatic). This signal was too weak to be included 
for analysis. Similarly, many candidates were dubious given external 
knowledge of population genetics in the relevant world region. For 
instance, the ancestry that we know to be Indo-European that acted 
as a source for many admixture events in South America was often 
also additionally labeled as a Uralic ancestry component. In these 
cases, we did not include contact pairs involving Uralic languages 
given our historical knowledge of imperialism and the colonization 
of the Americas. Last, in some cases, we were not able to assign lan-
guages to the admixture sources with any reasonable degree of con-
fidence, or there was no reasonable linguistic data available for the 
languages. Overall, our curation yielded a set of 81 genetic contact 
pairs, to which we added 45 further pairs based on a literature re-
view. Each pair set was assigned a unique pair ID, which was nested 
within 39 broad pair IDs that group together pairs with the same 
admixture source; for example, a single broad pair ID (broad pair 
ID 21) encompassed all seven instances of Spanish admixture into 
Central and South American populations (pair IDs 21.01, 21.02, 
21.03, 21.04, 21.05, 21.06, and 21.07). For those 81 genetic contact 
pairs derived from our ADMIXTURE analysis, we sought to per-
form an additional statistical test for admixture using Patterson’s F3 
statistic (57). Negative F3 values are indicative of admixture, with 
z-scores < −3 representing the conventional significance threshold, 
while positive F3 values do not prove lack of admixture. For six 
pairs, computing F3 was not possible because they were derived 
from genetic triplets where the source 1 population corresponded to 
the target population. For the remaining 75 language pairs, we com-
puted the F3 statistics and corresponding z-scores for all associated 
population triplets, recording the lowest associated F3 statistic and 
corresponding z-score in the final pair list and whether or not these 
values are further indicative of admixture according to conventional 
significance thresholds. This final list is available as table S2.

We then intersected the pairs with linguistic features from GBI 
and TLI. Specifically, for each dataset, we assembled all available 
language pairs whose speaker populations are admixed. A single 
pair ID could thereby be represented by multiple language pairs, if 
several languages and/or dialects from the specified source clade 
were available for a given feature. In these cases, pair IDs and broad 
pair IDs handled relatedness between these potential source lan-
guages. For the GBI features, this yielded 348 language pairs; for the 
TLI features, it yielded 818 language pairs.

For every feature matched to at least one pair ID, we extracted 
the data for all pair sets. We recorded each target language’s and each 
source language’s state for the feature and recorded whether the pair 
has the same state or not. We additionally recorded whether the lan-
guage pair is from the same continent-sized AUTOTYP area or (for 
the sensitivity analysis) Glottolog macroarea. To these language 
pairs, we added 300 randomly drawn language pairs for every fea-
ture to act as a baseline. For every feature with more than two states, 
we drew pairs for every state separately because feature states (e.g., a 
specific word order such as subject-object-verb versus object-verb-
subject) rather than features by themselves (e.g., the word order of 
subject, object, and verb generally) carry potential for contact effects 
in multistate features.
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Statistical analysis
Subsets of the resulting language pair data then served as input for a 
series of five Bayesian multilevel logistic regressions (m1 to m5), 
once for the main analysis and once for the sensitivity analysis 
against an alternative definition of geohistorical areas. Additionally, 
we also fit the main model m1 excluding those language pairs for 
which we did not find independent support for admixture in our F3 
analysis. We implemented the models (as defined in the next sec-
tion) in R’s brms (107) interface to Stan (108). Because the features 
from these datasets are only curated for reduced statistically depen-
dence within but not across datasets, we fitted every model on the 
GBI and TLI data, separately.

All models allow the global intercept (fixed effect) to vary by fea-
ture state (random effect). Given our statewise (binarized) approach 
to modeling the features, the global intercept is at least 0.5 on the 
probability scale, motivating a prior with a positive mean for it. The 
models including information on areal colocation additionally in-
clude a global slope for the effect of areal contact that we allow to 
vary again by feature state, and also varying intercepts and slopes for 
each area combination, accounting for varying degrees of baseline 
similarity and of different contact effects among pairs, depending on 
the areas that they are from. Models including genetic information 
included global slopes for the effect of genetic contact, which were 
allowed to vary by feature state as well as by each instance of contact 
labeled under the same pair ID. These latter slopes were nested with-
in their broad pair ID. Together, these varying slopes account for 
structuring among different contact pairs. In the models including 
information on both areal and genetic contact, we also included 
varying slopes for genetic contact by area combination of the lan-
guages involved.

We ran prior and posterior predictive checks for every fitted 
model (figs.  S13 to S32). We performed model comparison with 
leave-one-out cross-validation using Pareto-smoothed importance 
sampling from the posterior, using the loo package (109).

For a robustness analysis, we drew posterior samples of the main 
genetic and areal effects from the fitted statistical models m1, m4, 
and m5 for both datasets and for both the main and the sensitivity 
analyses. Using the mean and SD of each effect estimate, we then 
performed a meta-analysis (see the next section for model defini-
tion). We report average marginal effects for each contrast, using the 
marginaleffects package (110).

To report state sharing, we drew posterior samples from the fit-
ted statistical models m1, m4, and m5 and computed probability 
differences for all feature states under genetic contact (in m1, m4, 
and m5) compared to the baseline or under the same area condition 
(in m1) compared to the different area condition. Using the mean 
and SD of each difference, we then performed meta-analyses (see 
the next section for model definitions) with varying slopes by fea-
ture state group, using a categorical predictor to subsume feature 
states of the same group. All data and scripts necessary to reproduce 
all elements of the analysis are available on Zenodo (doi.org/10.5281/
zenodo.15263706).

Model specifications
Combined model, with both genetic and information on areal 
colocation (m1)

α indicates the intercept, and β1 indicates the fixed effect of a lan-
guage pair being from the same area (1) or not (0) (A). β2 indicates 
the fixed effect of a language pair representing a genetic contact pair 
(1) or a baseline pair (0) (G).

The terms αSTATE[i] and αAA[i] indicate that the intercept can vary 
by state and area combination. βA,STATE[i] and βG,STATE[i] indicate that 
the both the area and the genetic contact slope can vary by state. 
βAA[i] and βBROAD_ID∕PAIR_ID[i] indicate that the genetic contact slope 
can further vary by area combination and by each contact instance 
(pair_id), nested within broad_id (grouping contact instances with 
the same source).

We set the following priors on model parameters

The intercept is assumed to follow a normal prior with mean of 
0.75 and SD of 0.5. Fixed effects are each assumed to follow a normal 
prior with mean of 0 and SD of 1.5. Each varying effect individually 
follows a normal prior with mean of 0 and SD of 2. Jointly, the 
varying effects by area combination follow multivariate normal same_statei ∼ Bernoulli
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⎛
⎜⎜⎜⎝

αSTATE

βA,STATE

βG,STATE

⎞
⎟⎟⎟⎠
∼ mvN

⎡
⎢⎢⎢⎣

⎛
⎜⎜⎜⎝

0

0

0

⎞
⎟⎟⎟⎠
,�STATE

⎤
⎥⎥⎥⎦

(6)

�STATE=

⎛
⎜⎜⎜⎝

σ2
αSTATE

σαSTATEσβA,STATEρ σαSTATEσβG,STATEρ

σαSTATEσβA,STATEρ σ2
βA,STATE

σβA,STATEσβG,STATEρ

σαSTATEσβG,STATEρ σβA,STATEσβG,STATEρ σ2
βG,STATE

⎞⎟⎟⎟⎠
(7)

α ∼ N(0.75, 0.5) (8)

β1, β2, ∼ N(0, 1.5) (9)

αSTATE[i] ,βA,STATE[i] ,βG,STATE[i] ∼ N
(
0, σSTATE[i]

)
(10)

αAA[i] ,βAA[i] ∼ N
(
0, σAA[i]

)
(11)

βBROAD_ID∕PAIR_ID[i] ∼ N
(
0, σBROAD_ID∕PAIR_ID[i]

)
(12)

σSTATE[i] ,σAA[i],σBROAD_ID∕PAIR_ID[i] ∼ N(0, 2) (13)

RAA ,RSTATE ∼ LKJ(2) (14)
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priors with mean 0 and variance-covariance �AA . The effects by fea-
ture state follow multivariate normal priors with mean of 0 and 
variance-covariance �STATE

 . The covariance matrices are decom-
posed into a prior SD vector and a correlation matrix R. These R 
matrices are individually drawn from an LKJ(2) prior.

This model (m1) was fitted using feature states from GBI (n = 
202) and TLI (n = 481), separately.
Model with areal information only (m2)

The priors drawn are the same as in model m1.
α indicates the intercept, and β1 indicates the fixed effect of a lan-

guage pair being from the same area (1) or not (0) (A). The terms 
αSTATE[i] and αAA[i] indicate that the intercept can vary by feature 
state and area combination. βSTATE[i] indicates that the area slope can 
vary by feature state.

This model (m2) was fitted using feature states from GBI (n = 
202) and TLI (n = 481), separately.
Model with genetic information only (m3, m4, and m5)

The priors drawn are the same as in model m1.
α indicates the intercept, and β1 indicates the fixed effect of a 

language pair representing a genetic contact pair (1) or a baseline 
pair (0) (G). The term αSTATE[i] indicates that the intercept can vary 
by feature state. βSTATE[i] indicates that the genetic contact slope can 
vary by feature state. The random slope βBROAD_ID∕PAIR_ID[i] allows 
for contact effects to vary for each contact instance (pair_id), nested 
within broad_id (grouping contact instances with the same source).

This model was fitted once on available pairs (m3), once on only 
pairs of languages from the same area (m4), and once on only pairs 
from different areas (m5). In each case, separate models were fitted 
for GBI (n = 202) and TLI (n = 481) feature states.

Main effect meta-analysis model

The response yi refers to an estimate for the main effect of contact 
from models m1, m4, and m5 for sensitivity analysis status (main 
analysis, Glottolog-area sensitivity analysis, and F3-based sensitivity 
analysis) and each dataset. α indicates the intercept. β1 indicates the 
coefficient for each model m (with m1 representing the reference 
state), β2 indicates the coefficient for each sensitivity status s (with 
the main model representing the reference state), β3 indicates the 
parameter coefficient (with genetic contact representing the refer-
ence state, the other possibility is areal contact), and β4indicates the 
dataset coefficient (with GBI representing the reference state, the 
other possibility is TLI).
Feature state meta-analysis model

The response yi refers to the effect of contact for each feature state. 
β indicates the coefficient for each level of g, where g is the categorical 
variable classifying states into domain groups (see section “Meta-
analyses highlight differences between domains of language”). We fitted 
separate models for two separate classifications g1 and g2 for each of 
four types of contact (genetic contact, all pairs; genetic contact, differ-
ent area pairs only; genetic contact, same area pairs only; same area).

Supplementary Materials
The PDF file includes:
Figs. S1 to S32
Legends for tables S1 to S3, S24, and S25
Tables S4 to S23

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S3, S24, and S25

REFERENCES AND NOTES
	 1.	 F. Boas, The limitations of the comparative method of anthropology. Science 4, 901–908 

(1896).
	 2.	 A. L. Kroeber, Anthropology (Harcourt, Brace and Company, 1923).
	 3.	 S. Thomason, T. Kaufman, Language Contact, Creolization, and Genetic Linguistics 

(University of California Press, 1988).
	 4.	 P. Muysken, Language contact outcomes as the result of bilingual optimization 

strategies. Biling. Lang. Congn. 16, 709–730 (2013).
	 5.	 Y. Matras, Language Contact (Cambridge Univ. Press, ed. 2, 2020).
	 6.	 W. H. Durham, Coevolution: Genes, Culture, and Human Diversity (Stanford Univ. Press, 1991).
	 7.	 B. Pakendorf, “Historical linguistics and molecular anthropology,” in The Routledge 

Handbook of Historical Linguistics, C. Bowern, B. Evans, Eds. (Routledge, ed. 1, 2014),  
pp. 627–642.

	 8.	 S. J. Gould, An Urchin in the Storm: Essays About Books and Ideas (Collins Harvill, 1988).
	 9.	 R. M. W. Dixon, The Rise and Fall of Languages (Cambridge Univ. Press, 1997).
	 10.	 J. Fracchia, R. C. Lewontin, Does culture evolve? Hist. Theory 38, 52–78 (1999).

same_statei ∼ Bernoulli
(
πi
)

(15)

πi = logit−1
(
ηi
)

(16)

ηi = α + αSTATE[i] + αAA[i] +
(
β1+βSTATE[i]

)
× Ai

(17)

(
αSTATE
βSTATE

)
∼ mvN

[(
0

0

)
,�STATE

]
(18)

�STATE =

(
σ2
αSTATE

σαSTATEσβSTATEρ

σαSTATEσβSTATEρ σ2
βSTATE

)
(19)

same_statei ∼ Bernoulli
(
πi
)

(20)

πi = logit−1
(
ηi
)

(21)

ηi = α + αSTATE[i] + (β1 + βSTATE[i] + βBROAD_ID∕PAIR_ID[i] ) × Gi (22)
(
αSTATE
βSTATE

)
∼ mvN

[(
0

0

)
,�STATE

]
(23)

�STATE =

(
σ2
αSTATE

σαSTATEσβSTATEρ

σαSTATEσβSTATEρ σ2
βSTATE

)
(24)

yi ∼ N
(
μi , σi

)
(25)

μi = α + β1 ×mi + β2 × si + β3 × pi + β4 × di (26)

α ∼ N(0, 1.5) (27)

β ∼ N(0, 1.5) (28)

yi ∼ N
(
μi , σi

)
(29)

μi = β × gi (30)

β ∼ N(0, 1.5) (31)

D
ow

nloaded from
 https://w

w
w

.science.org on A
ugust 29, 2025



Graff et al., Sci. Adv. 11, eadv7521 (2025)     29 August 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

12 of 14

	 11.	 R. D. Gray, D. Bryant, S. J. Greenhill, On the shape and fabric of human history.  
Philos. Trans. R. Soc. B Biol. Sci. 365, 3923–3933 (2010).

	 12.	 M. C. Towner, M. N. Grote, J. Venti, M. Borgerhoff Mulder, Cultural macroevolution on 
neighbor graphs: Vertical and horizontal transmission among Western North American 
Indian societies. Hum. Nat. 23, 283–305 (2012).

	 13.	 R. D. Gray, J. Watts, Cultural macroevolution matters. Proc. Natl. Acad. Sci. U.S.A. 114, 
7846–7852 (2017).

	 14.	N . Neureiter, P. Ranacher, N. Efrat-Kowalsky, G. A. Kaiping, R. Weibel, P. Widmer,  
R. R. Bouckaert, Detecting contact in language trees: A Bayesian phylogenetic model 
with horizontal transfer. Humanit. Soc. Sci. Commun. 9, 205 (2022).

	 15.	C . Ebert, B. Bickel, P. Widmer, Areal and phylogenetic dimensions of word order variation 
in Indo-European languages. Linguistics 62, 1085–1116 (2024).

	 16.	 S. J. Greenhill, Q. D. Atkinson, A. Meade, R. D. Gray, The shape and tempo of language 
evolution. Proc. R. Soc. B 277, 2443–2450 (2010).

	 17.	 B. Bickel, A.-L. Giraud, K. Zuberbühler, C. P. van Schaik, Language follows a distinct mode 
of extra-genomic evolution. Phys. Life Rev. 50, 211–225 (2024).

	 18.	 S. J. Greenhill, C.-H. Wu, X. Hua, M. Dunn, S. C. Levinson, R. D. Gray, Evolutionary dynamics 
of language systems. Proc. Natl. Acad. Sci. U.S.A. 114, E8822–E8829 (2017).

	 19.	 M. Widmer, S. Auderset, J. Nichols, P. Widmer, B. Bickel, NP recursion over time: Evidence 
from Indo-European. Language 93, 799–826 (2017).

	 20.	 Y. Jing, P. Widmer, B. Bickel, Word order evolves at similar rates in main and 
subordinate clauses: Corpus-based evidence from Indo-European. Diachronica 40, 
532–556 (2023).

	 21.	 K. Sinnemäki, F. D. Garbo, R. N. de Souza, T. M. Ellison, A typological approach to 
language change in contact situations. Diachronica 41, 379–413 (2024).

	 22.	 M. B. Emeneau, India as a lingustic area. Language 32, 3–16 (1956).
	 23.	 J. Nichols, Linguistic Diversity in Space and Time (University of Chicago Press, 1992).
	 24.	 B. Heine, T. Kuteva, The Changing Languages of Europe (OUP Oxford, 2006).
	 25.	L . Campbell, “Areal linguistics: A closer Scrutiny,” in Linguistic Areas: Convergence in 

Historical and Typological Perspective, Y. Matras, A. McMahon, N. Vincent, Eds. (Palgrave 
Macmillan UK, 2006, pp. 1–31.

	 26.	 Y. Matras, “Explaining convergence and the formation of linguistic areas,” in Geographical 
Typology and Linguistic Areas: With Special Reference to Africa (John Benjamins Publishing 
Company, 2011), pp. 143–160; https://research.manchester.ac.uk/en/publications/
explaining-convergence-and-the-formation-of-linguistic-areas.

	 27.	 B. Bickel, “Distributional typology: Statistical inquiries into the dynamics of linguistic 
diversity,” in The Oxford Handbook of Linguistic Analysis, B. Heine, H. Narrog, Eds. (Oxford 
Univ. Press, 2015), pp. 901–924.

	 28.	 P. Ranacher, N. Neureiter, R. van Gijn, B. Sonnenhauser, A. Escher, R. Weibel, P. Muysken,  
B. Bickel, Contact-tracing in cultural evolution: A Bayesian mixture model to detect 
geographic areas of language contact. J. R. Soc. Interface 18, 20201031 (2021).

	 29.	 J. L. Bybee, D. I. Slobin, “Suggestions from the English past tense: Why small children 
cannot change language on their own,” in Papers from the Fifth International Conference 
on Historical Linguistics, Galway, April 6–10 1981, A. Ahlqvist, Ed. (Current Issues in 
Linguistic Theory, John Benjamins Publishing Company, 1982), p. 29.

	 30.	 J. J. Ohala, “Sound change is drawn from a pool of synchronic variation,” in Language 
Change: Contributions to the Study of Its Causes, L. E. Breivik, E. H. Jahr, Eds. (De Gruyter 
Mouton, 1989), pp. 173–198.

	 31.	C . D. Yang, Internal and external forces in language change. Lang. Var. Change 12, 
231–250 (2000).

	 32.	D . Lightfoot, How New Languages Emerge (Cambridge Univ. Press, 2006).
	 33.	T . Brochhagen, G. Boleda, E. Gualdoni, Y. Xu, From language development to language 

evolution: A unified view of human lexical creativity. Science 381, 431–436 (2023).
	 34.	C . M. Weber-Fox, H. J. Neville, Maturational constraints on functional specializations for 

language processing: ERP and behavioral evidence in bilingual speakers.  
J. Cogn. Neurosci. 8, 231–256 (1996).

	 35.	E . L. Newport, D. Bavelier, H. J. Neville, “Critical thinking about critical periods: 
Perspectives on a critical period for language acquisition,” in Language, Brain and 
Cognitive Development: Essays in Honor of Jacques Mehler, E. Dupoux, Ed. (The MIT Press, 
2002), pp. 481–502.

	 36.	H . Clahsen, C. Felser, How native-like is non-native language processing? Trends Cogn. 
Sci. 10, 564–570 (2006).

	 37.	 J. F. Werker, T. K. Hensch, Critical periods in speech perception: New directions.  
Annu. Rev. Psychol. 66, 173–196 (2015).

	 38.	E . Haugen, The analysis of linguistic borrowing. Language 26, 210–231 (1950).
	 39.	 G. Bateson, Culture contact and schismogenesis. Man 35, 178–183 (1935).
	 40.	 A. François, Social ecology and language history in the northern Vanuatu linkage: A tale 

of divergence and convergence. JHL 1, 175–246 (2011).
	 41.	N . Evans, “Linguistic divergence under contact,” in Historical Linguistics 2015: Selected 

Papers from the 22nd International Conference on Historical Linguistics, Naples, 27-31 July 
2015, M. Cennamo, C. Fabrizio, Eds. (Current Issues in Linguistic Theory, John Benjamins 
Publishing Company, 2019), pp. 563–592.

	 42.	 P. Epps, “Amazonian linguistic diversity and its sociocultural correlates,” in Language 
Dispersal, Diversification, and Contact (Oxford Univ. Press, 2020), pp. 275–290.

	 43.	 W. A. Foley, “Language diversity, geomorphological change, and population movements 
in the Sepik-Ramu basin of Papua New Guinea,” in Language Dispersal, Diversification, and 
Contact (Oxford Univ. Press, 2020), pp. 142–155.

	 44.	C . Cathcart, B. Bickel, Linguistic Evolution in Time and Space: Addressing the Methodological 
Challenges (Oxford Univ. Press, 2024).

	 45.	 J. Mansfield, H. Leslie-O’Neill, H. Li, Dialect differences and linguistic divergence: A 
crosslinguistic survey of grammatical variation. Lang. Dyn. Change 13, 232–276 (2023).

	 46.	 Q. D. Atkinson, A. Meade, C. Venditti, S. J. Greenhill, M. Pagel, Languages evolve in 
punctuational bursts. Science 319, 588–588 (2008).

	 47.	 B. Bickel, J. Nichols. “Oceania, the Pacific Rim, and the theory of linguistic areas,” in  
Annual Meeting of the Berkeley Linguistics Society (Berkeley Linguistics Society, 2006),  
pp. 3–15.

	 48.	C . Barbieri, D. E. Blasi, E. Arango-Isaza, A. G. Sotiropoulos, H. Hammarström, S. Wichmann, 
S. J. Greenhill, R. D. Gray, R. Forkel, B. Bickel, K. K. Shimizu, A global analysis of matches 
and mismatches between human genetic and linguistic histories.  
Proc. Natl. Acad. Sci. U.S.A. 119, e2122084119 (2022).

	 49.	C . Barbieri, A. Butthof, K. Bostoen, B. Pakendorf, Genetic perspectives on the origin of 
clicks in Bantu languages from southwestern Zambia. Eur. J. Hum. Genet. 21, 430–436 
(2013).

	 50.	 B. Pakendorf, H. Gunnink, B. Sands, K. Bostoen, Prehistoric Bantu-Khoisan language 
contact: A cross-disciplinary approach. Lang. Dyn. Change 7, 1–46 (2017).

	 51.	D . J. Lawson, L. van Dorp, D. Falush, A tutorial on how not to over-interpret STRUCTURE 
and ADMIXTURE bar plots. Nat. Commun. 9, 3258 (2018).

	 52.	 M. L. Antonio, C. L. Weiß, Z. Gao, S. Sawyer, V. Oberreiter, H. M. Moots, J. P. Spence,  
O. Cheronet, B. Zagorc, E. Praxmarer, K. T. Özdoğan, L. Demetz, P. Gelabert, D. Fernandes, 
M. Lucci, T. Alihodžić, S. Amrani, P. Avetisyan, C. Baillif-Ducros, Ž. Bedić, A. Bertrand,  
M. Bilić, L. Bondioli, P. Borówka, E. Botte, J. Burmaz, D. Bužanić, F. Candilio, M. Cvetko,  
D. De Angelis, I. Drnić, K. Elschek, M. Fantar, A. Gaspari, G. Gasperetti, F. Genchi,  
S. Golubović, Z. Hukeľová, R. Jankauskas, K. J. Vučković, G. Jeremić, I. Kaić, K. Kazek,  
H. Khachatryan, A. Khudaverdyan, S. Kirchengast, M. Korać, V. Kozlowski, M. Krošláková, 
D. K. Špalj, F. L. Pastina, M. Laguardia, S. Legrand, T. Leleković, T. Leskovar, W. Lorkiewicz, 
D. Los, A. M. Silva, R. Masaryk, V. Matijević, Y. M. S. Cherifi, N. Meyer, I. Mikić,  
N. Miladinović-Radmilović, B. M. Zakić, L. Nacouzi, M. Natuniewicz-Sekuła, A. Nava,  
C. Neugebauer-Maresch, J. Nováček, A. Osterholtz, J. Paige, L. Paraman, D. Pieri, K. Pieta, 
S. Pop-Lazić, M. Ruttkay, M. Sanader, A. Sołtysiak, A. Sperduti, T. S. Pesterac,  
M. Teschler-Nicola, I. Teul, D. Tončinić, J. Trapp, D. Vulović, T. Waliszewski, D. Walter,  
M. Živanović, M. E. M. Filah, M. Čaušević-Bully, M. Šlaus, D. Borić, M. Novak, A. Coppa,  
R. Pinhasi, J. K. Pritchard, Stable population structure in Europe since the Iron Age, 
despite high mobility. eLife 13, e79714 (2024).

	 53.	 M. Mithun, Challenges and benefits of contact among Relatives: Morphological Copying. 
J. Lang. Contact 6, 243–270 (2013).

	 54.	D . Law, Inherited similarity and contact-induced change in Mayan languages.  
J. Lang. Contact 6, 271–299 (2013).

	 55.	C . Bowern, Relatedness as a factor in language contact. J. Lang. Contact 6, 411–432 
(2013).

	 56.	D . H. Alexander, J. Novembre, K. Lange, Fast model-based estimation of ancestry in 
unrelated individuals. Genome Res. 19, 1655–1664 (2009).

	 57.	N . Patterson, P. Moorjani, Y. Luo, S. Mallick, N. Rohland, Y. Zhan, T. Genschoreck,  
T. Webster, D. Reich, Ancient admixture in human history. Genetics 192, 1065–1093 
(2012).

	 58.	 M. Stoneking, L. Arias, D. Liu, S. Oliveira, I. Pugach, J. J. R. B. Rodriguez, Genomic 
perspectives on human dispersals during the Holocene. Proc. Natl. Acad. Sci. U.S.A. 120, 
e2209475119 (2023).

	 59.	L . Ongaro, M. O. Scliar, R. Flores, A. Raveane, D. Marnetto, S. Sarno, G. A. Gnecchi-Ruscone, 
M. E. Alarcón-Riquelme, E. Patin, P. Wangkumhang, G. Hellenthal, M. Gonzalez-Santos,  
R. J. King, A. Kouvatsi, O. Balanovsky, E. Balanovska, L. Atramentova, S. Turdikulova,  
S. Mastana, D. Marjanovic, L. Mulahasanovic, A. Leskovac, M. F. Lima-Costa, A. C. Pereira, 
M. L. Barreto, B. L. Horta, N. Mabunda, C. A. May, A. Moreno-Estrada, A. Achilli, A. Olivieri, 
O. Semino, K. Tambets, T. Kivisild, D. Luiselli, A. Torroni, C. Capelli, E. Tarazona-Santos,  
M. Metspalu, L. Pagani, F. Montinaro, The genomic impact of European colonization of 
the Americas. Curr. Biol. 29, 3974–3986.e4 (2019).

	 60.	T . Vernet, “Slave trade and slavery on the Swahili coast (1500-1750),” in Slavery, Islam and 
Diaspora, I. Slavery, B. A. Diaspora, I. M. Mirzai, P. E. Montana, P. Lovejoy, Eds. (Africa World 
Press, 2009), pp. 37–76.

	 61.	 R. Laso-Jadart, C. Harmant, H. Quach, N. Zidane, C. Tyler-Smith, Q. Mehdi, Q. Ayub,  
L. Quintana-Murci, E. Patin, The genetic legacy of the Indian Ocean slave trade: Recent 
admixture and post-admixture selection in the Makranis of Pakistan. Am. J. Hum. Genet. 
101, 977–984 (2017).

	 62.	C . Fortes-Lima, P. Verdu, Anthropological genetics perspectives on the transatlantic slave 
trade. Hum. Mol. Genet. 30, R79–R87 (2021).

D
ow

nloaded from
 https://w

w
w

.science.org on A
ugust 29, 2025

https://research.manchester.ac.uk/en/publications/explaining-convergence-and-the-formation-of-linguistic-areas
https://research.manchester.ac.uk/en/publications/explaining-convergence-and-the-formation-of-linguistic-areas


Graff et al., Sci. Adv. 11, eadv7521 (2025)     29 August 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

13 of 14

	 63.	 A. Graff, N. Chousou-Polydouri, D. Inman, H. Skirgård, M. Lischka, T. Zakharko, C. Barbieri, 
B. Bickel, Curating global datasets of structural linguistic features for independence.  
Sci. Data 12, 106 (2025).

	 64.	 B. Bickel, J. Nichols, T. Zakharko, A. Witzlack-Makarevich, K. Hildebrandt, M. Rießler,  
L. Bierkandt, F. Zúñiga, J. B. Lowe, The AUTOTYP database, version v1.1.1, Zenodo (2023); 
https://doi.org/10.5281/zenodo.7976754.

	 65.	H . Hammarström, M. Donohue, Some principles on the use of macro-areas in typological 
comparison. Lang. Dyn. Change 4, 167–187 (2014).

	 66.	H . Hammarström, R. Forkel, M. Haspelmath, S. Bank, glottolog/glottolog: Glottolog 
database 5.0, version v5.0, Zenodo (2024); https://doi.org/10.5281/zenodo.10804357.

	 67.	 M. G. Naranjo, M. Mertner, Estimating areal effects in typology: A case study of African 
phoneme inventories. Ling. Typol. 27, 455–480 (2023).

	 68.	 S. Moran, E. Eisen, D. Nikolaev, E. Grossman, Operationalizing borrowability: Phonological 
segments as a case study. Language 100, 10.1353/lan.2024.a947038 (2024).

	 69.	H . Matsumae, P. Ranacher, P. E. Savage, D. E. Blasi, T. E. Currie, K. Koganebuchi, N. Nishida, 
T. Sato, H. Tanabe, A. Tajima, S. Brown, M. Stoneking, K. K. Shimizu, H. Oota, B. Bickel, 
Exploring correlations in genetic and cultural variation across language families in 
northeast Asia. Sci. Adv. 7, eabd9223 (2021).

	 70.	C . Padilla-Iglesias, J. Blanco-Portillo, B. Pricop, A. G. Ioannidis, B. Bickel, A. Manica,  
L. Vinicius, A. B. Migliano, Deep history of cultural and linguistic evolution among Central 
African hunter-gatherers. Nat. Hum. Behav. 8, 1263–1275 (2024).

	 71.	N . Efrat-Kowalsky, P. Ranacher, N. Neureiter, P. Widmer, B. Bickel, Oldest attested 
languages in the Near East reveal deep transformations in the distribution of linguistic 
features. bioRxiv 600575 [Preprint] (2024). https://doi.org/10.1101/2024.06.25.600575.

	 72.	 A. Vehtari, A. Gelman, J. Gabry, Practical Bayesian model evaluation using leave-one-out 
cross-validation and WAIC. Stat. Comput. 27, 1413–1432 (2017).

	 73.	E . L. Newport, Maturational constraints on language learning. Cognit. Sci. 14, 11–28 
(1990).

	 74.	 Y. Matras, “The borrowability of structural categories,” in Grammatical Borrowing in 
Cross-Linguistic Perspective, Y. Matras, J. Sakel, Eds. (De Gruyter Mouton, 2008), pp. 31–74.

	 75.	 J. S. Johnson, E. L. Newport, Critical period effects in second language learning: The 
influence of maturational state on the acquisition of English as a second language.  
Cogn. Psychol. 21, 60–99 (1989).

	 76.	E . L. Newport, R. N. Aslin, Learning at a distance I. Statistical learning of non-adjacent 
dependencies. Cogn. Psychol. 48, 127–162 (2004).

	 77.	 P. K. Kuhl, Brain mechanisms in early language acquisition. Neuron 67, 713–727 (2010).
	 78.	E . L. Newport, Children and adults as language learners: Rules, variation, and 

maturational change. Top. Cogn. Sci. 12, 153–169 (2020).
	 79.	 M. Paul, C. Männel, A. van der Kant, J. L. Mueller, B. Höhle, I. Wartenburger, A. D. Friederici, 

Gradual development of non-adjacent dependency learning during early childhood. 
Dev. Cogn. Neurosci. 50, 100975 (2021).

	 80.	 A. Martinez-Alvarez, J. Gervain, E. Koulaguina, F. Pons, R. de Diego-Balaguer, Prosodic 
cues enhance infants’ sensitivity to nonadjacent regularities. Sci. Adv. 9, eade4083 (2023).

	 81.	 J. J. Gumperz, Language and Social Identity (Cambridge Univ. Press, 1982).
	 82.	N . Holliday, Prosody and sociolinguistic variation in American Englishes.  

Annu. Rev. Linguist. 7, 55–68 (2021).
	 83.	 J. J. Gumperz, Discourse Strategies (Cambridge Univ. Press, 1982).
	 84.	D . E. Blasi, S. M. Michaelis, M. Haspelmath, Grammars are robustly transmitted even 

during the emergence of creole languages. Nat. Hum. Behav. 1, 723–729 (2017).
	 85.	 P. Trudgill, Sociolinguistic Typology: Social Determinants of Linguistic Complexity (OUP 

Oxford, 2011).
	 86.	 R. A. Blythe, W. Croft, How individuals change language. PLOS ONE 16, e0252582 (2021).
	 87.	L . Bromham, R. Dinnage, H. Skirgård, A. Ritchie, M. Cardillo, F. Meakins, S. Greenhill,  

X. Hua, Global predictors of language endangerment and the future of linguistic 
diversity. Nat. Ecol. Evol. 6, 163–173 (2022).

	 88.	D . Ma, B. Abrahms, J. Allgeier, T. Newbold, B. C. Weeks, N. H. Carter, Global expansion of 
human-wildlife overlap in the 21st century. Sci. Adv. 10, eadp7706 (2024).

	 89.	C . Xu, T. A. Kohler, T. M. Lenton, J.-C. Svenning, M. Scheffer, Future of the human climate 
niche. Proc. Natl. Acad. Sci. U.S.A. 117, 11350–11355 (2020).

	 90.	C . Barbieri, D. Blasi, R. Forkel, Eds., GeLaTo (Max Planck Institute for Evolutionary 
Anthropology, 2022).

	 91.	 S. Xu, I. Pugach, M. Stoneking, M. Kayser, L. Jin, The HUGO Pan-Asian SNP Consortium, 
Genetic dating indicates that the Asian–Papuan admixture through Eastern Indonesia 
corresponds to the Austronesian expansion. Proc. Natl. Acad. Sci. U.S.A. 109, 4574–4579 
(2012).

	 92.	 J. K. Pickrell, N. Patterson, C. Barbieri, F. Berthold, L. Gerlach, T. Güldemann, B. Kure,  
S. W. Mpoloka, H. Nakagawa, C. Naumann, M. Lipson, P.-R. Loh, J. Lachance, J. Mountain, 
C. D. Bustamante, B. Berger, S. A. Tishkoff, B. M. Henn, M. Stoneking, D. Reich,  
B. Pakendorf, The genetic prehistory of southern Africa. Nat. Commun. 3, 1143 (2012).

	 93.	C . Moreau, J.-F. Lefebvre, M. Jomphe, C. Bhérer, A. Ruiz-Linares, H. Vézina,  
M.-H. Roy-Gagnon, D. Labuda, Native American admixture in the Quebec founder 
population. PLOS ONE 8, e65507 (2013).

	 94.	 G. Hellenthal, G. B. J. Busby, G. Band, J. F. Wilson, C. Capelli, D. Falush, S. Myers, A genetic 
atlas of human admixture history. Science 343, 747–751 (2014).

	 95.	I . Pugach, R. Matveev, V. Spitsyn, S. Makarov, I. Novgorodov, V. Osakovsky, M. Stoneking, 
B. Pakendorf, The complex admixture history and recent southern origins of Siberian 
populations. Mol. Biol. Evol. 33, 1777–1795 (2016).

	 96.	C . Jeong, S. Nakagome, A. Di Rienzo, Deep history of East Asian populations revealed 
through genetic analysis of the Ainu. Genetics 202, 261–272 (2016).

	 97.	 P. Flegontov, P. Changmai, A. Zidkova, M. D. Logacheva, N. E. Altınışık, O. Flegontova,  
M. S. Gelfand, E. S. Gerasimov, E. E. Khrameeva, O. P. Konovalova, T. Neretina, Y. V. Nikolsky, 
G. Starostin, V. V. Stepanova, I. V. Travinsky, M. Tříska, P. Tříska, T. V. Tatarinova, Genomic 
study of the Ket: A Paleo-Eskimo-related ethnic group with significant ancient North 
Eurasian ancestry. Sci. Rep. 6, 20768 (2016).

	 98.	E . Patin, M. Lopez, R. Grollemund, P. Verdu, C. Harmant, H. Quach, G. Laval, G. H. Perry,  
L. B. Barreiro, A. Froment, E. Heyer, A. Massougbodji, C. Fortes-Lima, F. Migot-Nabias,  
G. Bellis, J.-M. Dugoujon, J. B. Pereira, V. Fernandes, L. Pereira, L. Van der Veen,  
P. Mouguiama-Daouda, C. D. Bustamante, J.-M. Hombert, L. Quintana-Murci, Dispersals 
and genetic adaptation of Bantu-speaking populations in Africa and North America. 
Science 356, 543–546 (2017).

	 99.	N . Brucato, V. Fernandes, S. Mazières, P. Kusuma, M. P. Cox, J. W. Ng’ang’a, M. Omar,  
M.-C. Simeone-Senelle, C. Frassati, F. Alshamali, B. Fin, A. Boland, J.-F. Deleuze,  
M. Stoneking, A. Adelaar, A. Crowther, N. Boivin, L. Pereira, P. Bailly, J. Chiaroni, F.-X. Ricaut, 
The Comoros show the earliest Austronesian gene flow into the Swahili corridor.  
Am. J. Hum. Genet. 102, 58–68 (2018).

	100.	 G. A. Gnecchi-Ruscone, S. Sarno, S. De Fanti, L. Gianvincenzo, C. Giuliani, A. Boattini,  
E. Bortolini, T. Di Corcia, C. Sanchez Mellado, T. J. Dàvila Francia, D. Gentilini,  
A. M. Di Blasio, P. Di Cosimo, E. Cilli, A. Gonzalez-Martin, C. Franceschi, Z. A. Franceschi,  
O. Rickards, M. Sazzini, D. Luiselli, D. Pettener, Dissecting the pre-Columbian genomic 
ancestry of Native Americans along the Andes–Amazonia divide. Mol. Biol. Evol. 36, 
1254–1269 (2019).

	101.	 P. Flegontov, N. E. Altınışık, P. Changmai, N. Rohland, S. Mallick, N. Adamski, D. A. Bolnick, 
N. Broomandkhoshbacht, F. Candilio, B. J. Culleton, O. Flegontova, T. M. Friesen, C. Jeong, 
T. K. Harper, D. Keating, D. J. Kennett, A. M. Kim, T. C. Lamnidis, A. M. Lawson, I. Olalde,  
J. Oppenheimer, B. A. Potter, J. Raff, R. A. Sattler, P. Skoglund, K. Stewardson, E. J. Vajda,  
S. Vasilyev, E. Veselovskaya, M. G. Hayes, D. H. O’Rourke, J. Krause, R. Pinhasi, D. Reich,  
S. Schiffels, Palaeo-Eskimo genetic ancestry and the peopling of Chukotka and North 
America. Nature 570, 236–240 (2019).

	102.	 M. Silcocks, A. Farlow, A. Hermes, G. Tsambos, H. R. Patel, S. Huebner, G. Baynam,  
M. R. Jenkins, D. Vukcevic, S. Easteal, S. Leslie, National Centre for Indigenous Genomics, 
Indigenous Australian genomes show deep structure and rich novel variation. Nature 
624, 593–601 (2023).

	103.	N . Bird, L. Ormond, P. Awah, E. F. Caldwell, B. Connell, M. Elamin, F. M. Fadlelmola,  
F. L. Matthew Fomine, S. López, S. MacEachern, Y. Moñino, S. Morris, P. Näsänen-Gilmore, 
N. K. Nketsia V, K. Veeramah, M. E. Weale, D. Zeitlyn, M. G. Thomas, N. Bradman,  
G. Hellenthal, Dense sampling of ethnic groups within African countries reveals 
fine-scale genetic structure and extensive historical admixture. Sci. Adv. 9, eabq2616 
(2023).

	104.	D . Liu, A. M.-S. Ko, M. Stoneking, The genomic diversity of Taiwanese Austronesian groups: 
Implications for the “Into- and Out-of-Taiwan” models. PNAS Nexus 2, pgad122 (2023).

	105.	 S. Mallick, H. Li, M. Lipson, I. Mathieson, M. Gymrek, F. Racimo, M. Zhao, N. Chennagiri,  
S. Nordenfelt, A. Tandon, P. Skoglund, I. Lazaridis, S. Sankararaman, Q. Fu, N. Rohland,  
G. Renaud, Y. Erlich, T. Willems, C. Gallo, J. P. Spence, Y. S. Song, G. Poletti, F. Balloux,  
G. van Driem, P. de Knijff, I. G. Romero, A. R. Jha, D. M. Behar, C. M. Bravi, C. Capelli,  
T. Hervig, A. Moreno-Estrada, O. L. Posukh, E. Balanovska, O. Balanovsky,  
S. Karachanak-Yankova, H. Sahakyan, D. Toncheva, L. Yepiskoposyan, C. Tyler-Smith,  
Y. Xue, M. S. Abdullah, A. Ruiz-Linares, C. M. Beall, A. Di Rienzo, C. Jeong,  
E. B. Starikovskaya, E. Metspalu, J. Parik, R. Villems, B. M. Henn, U. Hodoglugil, R. Mahley, 
A. Sajantila, G. Stamatoyannopoulos, J. T. S. Wee, R. Khusainova, E. Khusnutdinova,  
S. Litvinov, G. Ayodo, D. Comas, M. F. Hammer, T. Kivisild, W. Klitz, C. A. Winkler, D. Labuda, 
M. Bamshad, L. B. Jorde, S. A. Tishkoff, W. S. Watkins, M. Metspalu, S. Dryomov,  
R. Sukernik, L. Singh, K. Thangaraj, S. Pääbo, J. Kelso, N. Patterson, D. Reich, The Simons 
Genome Diversity Project: 300 Genomes from 142 diverse populations. Nature 538, 
201–206 (2016).

	106.	 1000 Genomes Project Consortium, A. Auton, L. D. Brooks, R. M. Durbin, E. P. Garrison,  
H. M. Kang, J. O. Korbel, J. L. Marchini, S. McCarthy, G. A. McVean, G. R. Abecasis, A global 
reference for human genetic variation. Nature 526, 68–74 (2015).

	107.	 P.-C. Bürkner, J. Gabry, S. Weber, A. Johnson, M. Modrak, H. S. Badr, F. Weber, A. Vehtari,  
M. S. Ben-Shachar, H. Rabel, S. C. Mills, S. Wild, V. Popov, brms: Bayesian Regression 
Models using “Stan,” version 2.22.0, CRAN (2024); https://cran.r-project.org/web/
packages/brms/index.html.

	108.	 B. Carpenter, A. Gelman, M. D. Hoffman, D. Lee, B. Goodrich, M. Betancourt,  
M. A. Brubaker, J. Guo, P. Li, A. Riddell, Stan: A probabilistic programming language.  
J. Stat. Softw. 76, 1 (2017).

D
ow

nloaded from
 https://w

w
w

.science.org on A
ugust 29, 2025

https://doi.org/10.5281/zenodo.7976754
https://doi.org/10.5281/zenodo.10804357
https://doi.org/10.1101/2024.06.25.600575
https://cran.r-project.org/web/packages/brms/index.html
https://cran.r-project.org/web/packages/brms/index.html


Graff et al., Sci. Adv. 11, eadv7521 (2025)     29 August 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

14 of 14

	109.	 A. Vehtari, J. Gabry, M. Magnusson, Y. Yao, P.-C. Bürkner, T. Paananen, A. Gelman,  
B. Goodrich, J. Piironen, B. Nicenboim, L. Lindgren, loo: Efficient leave-one-out 
cross-validation and WAIC for Bayesian models, version 2.8.0, CRAN (2024); https://
cran.r-project.org/web/packages/loo/index.html.

	110.	V . Arel-Bundock, N. Greifer, A. Heiss, How to interpret statistical models using 
marginaleffects for R and Python. J. Stat. Softw. 111, 1–32 (2024).

Acknowledgments: We thank S. Moran for valuable discussion and ideas in the early phase of 
the project. We are also grateful to J. Mansfield for discussions regarding schismogenesis. B.P. is 
grateful to the ASLAN project within the program “Investments for the Future,” French National 
Research Agency (ANR), ANR-10-LABX-0081. Funding: This work was supported by NCCR 
Evolving Language, Swiss National Science Foundation Agreement 51NF40_180888 (A.G., C.B., 
D.B., K.K.S., and B.B.); Sinergia project “Out of Asia”, Swiss National Science Foundation Grant 
183578 (K.K.S., C.B., and B.B.); and University Research Priority Program “Evolution in Action” of 
the University of Zurich (K.K.S., C.B., and B.B.). Author contributions: Conceptualization: A.G., 
D.E.B., B.P., C.B., and B.B. Methodology: A.G., D.E.B., E.J.R., B.P., C.B., and B.B. Software: A.G., E.J.R., 

and V.B. Validation: A.G. and E.J.R. Formal analysis: A.G., E.J.R., V.B., B.B., and C.B. Investigation: 
A.G., D.E.B., E.J.R., C.B., and B.B. Resources: C.B. and B.B. Data curation: A.G., C.B., V.B., and  
B.P. Writing—original draft: A.G. Writing—review and editing: A.G., D.E.B., E.J.R., V.B., D.B., K.K.S., 
B.P., C.B., and B.B. Visualization: A.G., C.B., and B.B. Supervision: K.K.S., C.B., and B.B. Project 
administration: A.G. and C.B. Funding acquisition: K.K.S. and B.B. Competing interests: The 
authors declare that they have no competing interests. Data and materials availability: All 
data needed to evaluate the conclusions in the paper are present in the paper and/or the 
Supplementary Materials. The results of the best ADMIXTURE runs per K and the linguistic data 
and metadata on both populations and languages are available on Zenodo: 10.5281/
zenodo.15263706. The Zenodo archive also hosts all analytical outputs, tables, and figures and 
all code necessary to produce them.

Submitted 6 January 2025 
Accepted 25 July 2025 
Published 29 August 2025 
10.1126/sciadv.adv7521

D
ow

nloaded from
 https://w

w
w

.science.org on A
ugust 29, 2025

https://cran.r-project.org/web/packages/loo/index.html
https://cran.r-project.org/web/packages/loo/index.html
http://dx.doi.org/10.5281/zenodo.15263706
http://dx.doi.org/10.5281/zenodo.15263706

	Patterns of genetic admixture reveal similar rates of borrowing across diverse scenarios of language contact
	INTRODUCTION
	RESULTS
	Sampling contact between populations
	Genetic contact and areas increase the probability of sharing feature states
	Effects of contact vary across feature states
	Meta-analyses highlight differences between domains of language

	DISCUSSION
	MATERIALS AND METHODS
	Experimental design
	Statistical analysis
	Model specifications
	Combined model, with both genetic and information on areal colocation (m1)
	Model with areal information only (m2)
	Model with genetic information only (m3, m4, and m5)
	Main effect meta-analysis model
	Feature state meta-analysis model


	Supplementary Materials
	The PDF file includes:
	Other Supplementary Material for this manuscript includes the following:

	REFERENCES AND NOTES
	Acknowledgments


