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LINGUISTICS

Patterns of genetic admixture reveal similar rates of
borrowing across diverse scenarios of language contact

Anna Graff'">*, Damian E. Blasi®>*, Erik J. Ringens, Vladimir Bajiés, Daphné Bavelier’,
Kentaro K. Shimizu™%2, Brigitte Pakendorf’, Chiara Barbieri®'%*t, Balthasar Bickel't

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
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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 mére 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
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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 F; statistics (57) on genomic single-nucleotide
polymorphism chip data from an expanded version of GeLaTo (48),
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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 A, > 260 + 46).
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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.

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
[82% highest posterior density interval (HPDI) = [1.2%, 6.7%],
P(p > 0),\= 0.99] and 7.2% in the TLI dataset [89% HPDI = [2.6%,
11.7%]; P(f > 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(B > 0) = 0.99] and of 3.5% in TLI [89% HPDI = [2.2%,
4.9%], P(ﬁ > 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
F; 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
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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 (AP > 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).

(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(E > 0) = 0.99] in the
GBI dataset and a mean posterior probability increase of 8.5% [89%

HPDI = [4.5%, 12.3%], P(} > 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(/[; > 0) =0.99] in the
GBI dataset and a mean posterior probability increase of 7.8% [89%
HPDI = [2.0%, 14.0%], P(B > 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
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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
S§25). 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
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Fig. 3. Posterior baseline sharing probability per feature state and posterior AP 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 AP, 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 (AP < 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 (AP > 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 riN-
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

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-

LEXICAL CLASSES Formal, morphosyntactically relevant infor-

mation in the lexicon

Colexifications (e.g., same word for “arm” and “hand” like in Czech)

lieves”), grammatical gender (e.g., distinctions like masculine il problema“the problem”

Presence and nature
grammar (not their concrete expression)

GRAMMATICAL CATEGORIES

Position of the object relative to the verb (e.g., eat rice like in English or bhat khanu

OTHER GRAMMAR

PHONOLOGY

PROSODY

VOCALIC

Presence of aspiration (e.g., the distinction between kam “work” and kham “envelope”

CONSONANTAL Features of the consonant system

Graffetal., Sci. Adv. 11, eadv7521 (2025) 29 August 2025

resence of past tense (e.g., English worked), evidentiality (e.g., Turkish gelmis

Stress placement (e.g., always on the first syllable of a verb as in Hungarian versus

ersus feminine la macchina “the machine”)

infer she came”)

“rice eat” like in Nepali)

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 ¢alisan kadin with ending -an in

Turkish)

variable as in English)

e.g., the distinction between bon “good” and
French)

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-
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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 prosopy (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?

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

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=28(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 insufhi-
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.

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

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 F; values do not prove lack of admixture. For six
pairs, computing F; 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 Fj statistics and corresponding z-scores for all associated
population triplets, recording the lowest associated F; 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 (ml 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 F;
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/
2en0do.15263706).

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

(1)

same_state; ~ Bernoulli(r; )

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

m; = logit™ (n;) @)
N; = 0+ Agrarp) +%aap T (ﬁl +BasTATEL] ) XA; 3)
+ (B, + Be.srareri + Paari + Psroap_ip/pair_ipii ) XG;
o)~ m](0) -2
~ myN )
< Ban ) 0/ 744 )
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OsTATE ~ PaSTATE

G“STATE cSBG,STATE p GﬁA,STATE GﬁG,STATE p

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

The terms gy, 75 and oy 4 indicate that the intercept can vary
by state and area combination. 8, s74 g5 and Bg g7 7 indicate that
the both the area and the genetic contact slope can vary by state.
Baari and Bgroap_pypair oy 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

a ~ N(0.75,0.5) (8)

By, By, ~ N(0,1.5) 9)

otsrarei» Basrarei Bestaren ~ N (0, Oszazei) (10)
Waagi>Baar ~ N(0:6441) (11)
Beroap_ipjpamr i ~ N (O’ GBROADJD/PAIRJD[i]) (12)
OsTATE]] > O AAli], OBROAD_ID/PAIR_ID[] ~ N ©,2) (13)
Rya>Rerare ~ LKI(2) (14)

The intercept is assumed to follow a normal prior with mean of
0.75and 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
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priors with mean 0 and variance-covariance X , ,. The effects by fea-
ture state follow multivariate normal priors with mean of 0 and
variance-covariance Xgy,rg- 1he 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)

same_state; ~ Bernoulli(ni) (15)
m, = logit™" (n;) (16)
n=a+ QgTATE] + Qa1 + (Bl + BSTATE[i]) X Ai (17)

o 0
< STATE) ~ mVN[(O),ZSTATE] (18)

ﬁSTATE
2
c c c p
s Bsrare
ESTATE — QgTATE “STAT; STATE (19)
G“STATE GﬁSTATE p G[}STATE

The priors drawn are the same as in model m1.

o indicates the intercept, and P; indicates the fixed effect of a lan-
guage pair being from the same area (1) or not (0) (A). The terms
Ogratp) and @y, indicate that the intercept can vary by feature
state and area combination. B¢, 7g;) 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)

same_state; ~ Bernoulli(ﬂ:i) (20)

m, = logit™' (Tli) (21)

n; =+ Ograrg + (Br + Bsraten + Beroap_iospar_mpi) X Gi (22)

o
< STATE) ~ mvN[( 0 ) ESTATE] (23)
ﬁSTATE 0
Gécm TE GO‘STATE Gﬁs‘m TE p
Zgrate = ’ B (24)

G(XSTA TE GﬁSTATE P GﬁsTA TE

The priors drawn are the same as in model m1.

a indicates the intercept, and B, indicates the fixed effect of a
language pair representing a genetic contact pair (1) or a baseline
pair (0) (G). The term otgy, 7g(;; indicates that the intercept can vary
by feature state. g7, rg; indicates that the genetic contact slope can
vary by feature state. The random slope Bgroap 1p/parr iy 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.
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Main effect meta-analysis model

¥i ~N(p;»0;) (25)
=0+ By X + By X5+ By X p; + By X d; (26)
a ~ N(0, 1.5) (27)
B~ N(0,1.5) (28)

The response y, 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. a indicates the intercept. B, indicates the
coefficient for each model m (with m1 representing the reference
state), B, indicates the coefficient for each sensitivity status s (with
the main model representing the reference state), p; indicates the
parameter coefficient (with genetic contact representing the refer-
ence state, the other possibility is areal contact), and p,indicates the
dataset coeflicient (with GBI representing the reference state, the
other possibility is TLI).

Feature state meta-analysis model

Supplementary Materials
The PDF file includes:
Figs.S1to S32

The response y; refers to the effect of contact for each feature state.
B 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 gI 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).

y; ~N(p;»0;) (29)
p=PpXxg (30)
B~ N(0,1.5) (31)
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Legends for tables S1 to S3, S24, and 525
Tables S4 to 523

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S3, 524, and 525
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