nature human behaviour

Article

https://doi.org/10.1038/s41562-025-02325-z

Enduring constraints on grammar revealed
by Bayesian spatiophylogenetic analyses

Received: 24 October 2024

Accepted: 18 September 2025

Published online: 17 November 2025

Annemarie Verkerk'
Hedvig Skirgard ®2, Christoph Rzymski®2, Quentin D. Atkinson ®*5,
Simon J. Greenhill ® ¢ & Russell D. Gray ® %*

, Olena Shcherbakova?, Hannah J. Haynie?,

% Check for updates

Human languages show astonishing variety, yet their diversity is

constrained by recurring patterns. Linguists have long argued over the
extent and causes of these grammatical ‘universals’. Using Grambank—a
comprehensive database of grammatical features across the world’s
languages—we tested 191 proposed universals with Bayesian analyses that
account for both genealogical descent and geographical proximity. We find
statistical support for about a third of the proposed linguistic universals.
The majority of these concern word order and hierarchical universals:

two types that have featured prominently in earlier work. Evolutionary
analyses show that languages tend to change in ways that converge on
these preferred patterns. This suggests that, despite the vast design space
of possible grammars, languages do not evolve entirely at random. Shared
cognitive and communicative pressures repeatedly push languages
towards similar solutions.

Human languages are strikingly diverse. They vary in almost every
way’, from the sounds they use to the ordering of words and other
grammar rules. However, such diversity does not preclude the exist-
ence of regular patterns and structured variation. A central goal of
linguistics has been to describe the patterns and structure of human
linguistic diversity and identify the constraints on that diversity*®. In
Hjelmslev’s” words, the aim of linguistic typology/theory “must be to
show which structures are possible, in general, and why itis just those
structures, and not others, that are possible”.

Some argue that languages all face the same pressures for com-
municating and encodinginformation, leading to convergence towards
structurally good solutions’ ™. For example, take verb agreement, the
phenomenon where verbs are marked for the person and number fea-
tures of their grammatical arguments, such as -es’in ‘Alex catch-es the
ball’. Verb agreementin Englishis very limited; in other languages, itis
far more extensive or non-existent altogether. One explanation for this
cross-linguistic variationis that verb agreement ‘trades off” withword
order. Speakers of all languages need a way to differentiate argument

relations (to identify and mark subjects, objects and other syntactic
arguments as such), and languages with subject-verb-object word
order (as in English) do not ‘need’ verb agreement because subjects
are on one side of the verb and objects on the other.

Othersargue that alllanguages are shaped by our human cognitive
capacity for online production, comprehension and acquisition®'* %2,
Word order patterns, especially those related to the order of object
and verb, have been explained in terms of efficient online processing.
These have been claimed to berootedin principles where the order of
the ‘head’ (the mostimportant element of aphrase that determinesits
type and syntactic behaviour) andits ‘dependents’ (other elementsin
the phrase) match each other across different types of phrases™'"*,
For example, if adpositions (heads of adpositional phrases) precede
nouns (dependents in adpositional phrases) in a given language, we
may expect the same ‘matched’ pattern where verbs (heads of verb
phrases) also precede objects (dependentsin verb phrases).

Itisalso possible that all languages are shaped by general pathways
of diachronic language change'**%, For example, the association
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between the order of adposition and noun and the order of object
and verb has been explained through the common process of gram-
maticalization where adpositions develop from verbs®. Here, ad posi-
tions such as ‘for’ may arise from verbs meaning ‘give’ (asin ‘Anna gave
John aflower’), and if the word order is such that verbs come before
objects, then these forms will be prepositions rather than postpositions
(‘forJohn’ rather than‘John for’).

The nature of universals and the extent to which the types of
constraints mentioned above contribute to their emergence is of
direct relevance for understanding the nature of human language
and human cognition and, hence, a matter of some dispute across
various approaches to linguistics*>*". Within formal approaches, uni-
versals such as those invoked in X-bar structure (simplistically, the
idea that phrases of any type consist of specifiers, heads and their
complements®>**) are seen as absolute rules of human language, tied
torobust, innate grammatical constraints>”**>**, Evans and Levinson
argue against absolute universals of all types, emphasizing the diver-
sity of the world’s languages and the complex interactions of multiple
potential constraints in any non-trivial generalizations about human
grammars. Generative replies to Evans and Levinson', such as Freidin®,
Pesetsky®® and Rizzi*, argue that their account does not hold, among
other critiques, because the generative level of analysis is deep. In
contrast, the analysis in Evans and Levinson' and other work in func-
tional typology remains surface-level. Hence, the generative study of
universalsis distinct from the typological one, bothinits methods and
interms of explanations.

The current study is rooted in the field of linguistic typology, ini-
tially pioneered by Greenberg®®, which has subsequently generated a
large body of research on linguistic universals (see,among other works,
ref. 6). This approach focuses on identifying patterns of grammati-
cal feature co-occurrence that need not be exceptionless (‘statistical
universals’), in many cases using them to inform theories that invoke
the aforementioned types of constraints (communication, cognition
and language change). For example, Greenberg’s® universal number
4 claims that “with overwhelmingly greater than chance frequency,
languages with normal SOV order are postpositional” (where SOV
is subject-object-verb order), which follows the earlier example.
Dryer®finds evidence for alarge set of word order associations using
alargelanguage sample and proposes an explanation for them rooted
in ease of online language processing. Similarly, Bickel et al.*” have
demonstrated that a strong cognitive preference to identify the first
base-formnoun phrase asthe agent (the ‘do-er’ ofanaction) leadstoa
persistent bias against so-called ergative languages, which can explain
therarity of this pattern.

These types of explanations for universals are often grounded in
the so-called competing motivations account, which can account for
bothvariation across languages as well as provide (cognitive) grounds
for the universal itself. A famous example of a formal application of
this modelis Aissen’s*® optimality theory account of differential object
marking (DOM). DOM is common cross-linguistic behaviour where
some direct objects in alanguage are marked (for example, with case
oradpositions), while other direct objects remain unmarked. For exam-
ple,inSpanish, direct objects that are definite and denote human ref-
erents are preceded by the marker ‘@’ (lit. ‘to’), whereas other objects
areleft unmarked. Aissen demonstrates that cross-linguistic variation
inDOM can be explained by two interacting principles (motivations):
(1) iconicity, whichimplies that more prominent objects (those that are
definite, human or higher animates) are more likely to receive mark-
ing and (2) economy, which implies that marking should be avoided
altogether. Her analysis suggests that these two constraints interactin
suchaway thatthe outcomeis the observed cross-linguistic variation
in differential object marking—in DOM languages, highly prominent
objects always receive marking, but languages vary on the ‘cut-off”
regarding less prominent objects. Underlyingly, the iconicity moti-
vation may be grounded in the communicative need to distinguish

prominent objects from subjects, which also tend to be definite, human
or higher animates.

Such accounts form the theoretical groundwork for why we may
find universalsin the first place. However, not all linguists are convinced
of theimportance of such constraints: Dunnetal." argue that statistical
word order universals arise in “an evolutionary landscape with chan-
nels and basins of attraction that are specific to linguistic lineages”.
They claim that word order correlations do not emerge in response
to functional constraints, but rather are a consequence of particular
diachronic changes unique to particular language families. Acommon
view among generative linguists is that universal grammar does not
(and should not aim to) explain statistical universals®*.

Resolving the complex problem of what grammatical relationships
are ‘universals’ and what they mean for understanding language or
cognition has been hindered by several fundamental challenges. First,
thelack of acomprehensive grammatical dataset has meant previous
work has tended to consider a relatively small subset of the world’s
~7,000 languages, limiting statistical power and the ability to test for
strong associations rigorously. Second, shared linguistic ancestry and
the diffusion of features between neighbouring populations mean
linguistic data do not constitute independent data points, violating
theindependence assumption of many statistical tests and potentially
generating spurious statistical associations between features**. Finally,
raw correlations between features (or traits) tell us little about the
historical causal relationships between them.

Here, we overcome these challenges by analysing a compre-
hensive database of grammatical features, Grambank*’, which
covers more languages than previous work (Supplementary
Text 1), and employing sophisticated methodologies to handle
non-independence and test for co-evolution. We test 191 puta-
tive ‘linguistic universals’ extracted from the Universals Archive**
(Supplementary Text 2 and 3). These are all so-called implicational
universals, as Greenberg’s*® universal number 4 above (SOV = post-
positions): they relate characteristics of the world’s languagesinan
‘if X, then Y’ structure. First, we apply a Bayesian generalized linear
mixed effects model to evaluate the support for each hypothesis
while controlling for genealogical and geographical relations. We
then apply a Bayesian phylogenetic method to infer the underlying
evolutionary dynamics (see Methods and Supplementary Text 5 for
explanations and rationale). We see this work as rising to the chal-
lenge spelt out by Piantadosi and Gibson*, which claims that “claims
about linguistic universals should be accompanied by some meas-
ure of the strength of evidence in favour of such a universal”. They
propose that any hypothesized universal should be compared with
the corresponding null hypothesis using a Bayes factor or similar,
and point out that such measures are critical given the relevance of
universals to debates on the nature of human language.

To examine differences in the reasoning behind universals we
divided the generalizations from the Universals Archive into four
types, reflecting recurrent themes in typological literature'®'>*¢: (1)
narrow word order, (2) broad word order, (3) hierarchical universals
and (4) other. Narrow word order universals link the order of words in
two or more constructions in ways that generally relate to where the
mostimportantwords occur, such as Greenberg’s*® universal 4 above.
Broad word order universals correlate aword order feature with amor-
phosyntactic feature unrelated to word order, such as “non-accusative
alignment may be associated with verb-initial order™”. Hierarchical uni-
versals are chains of implicational universals with the most frequently
attested traits on the left and the rarest ones on the right, as defined
within the same domain or paradigm. An example is Greenberg’s®
claim that “no language has a dual unless it has a plural”; this type of
universal has also been called scalar or ‘scale’inliterature. The remain-
ing universals are captured under ‘other’, but in practice often cor-
relate two morphological features (see Methods and Supplementary
Text 2,7 and 8 for further details).
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Fig.1|Bar chart showing the proportion of supported universals under the
naive model and the spatiophylogenetic model. Supportimplies, for the naive
model, that the 95% Cl of posterior coefficient estimates does not straddle zero.
For the spatiophylogenetic model (with genealogical and geographical relations
controlled for), it means that the median of the 95% Cl of the main fixed effect

50

T T
25 50

0 25

75 0
Number of universals
B Supported (95% Cl excludes zero)

Nonsupported (95% Cl does not exclude zero)

estimates does not straddle zero. Universalsidentified to be supported are
coloured in blue, while non-supported universals are coloured in grey. a, The
overall universals. b-e, The universals by subset: hierarchy (b), broad word order
(c), narrow word order (d) and other (e).

Results

Phylogenetic and spatial correlation

We constructed Bayesian generalized linear mixed effects models
(GLMMs) for all universals using brms*® implemented in R*. We find
that, without controlling for genealogical and geographical rela-
tions, the vast majority of the proposed universals are supported by
our regression models—that is, the fixed effect of the predictor vari-
able (the second part of the universal) has posterior estimates whose
95% credible interval (CI) exclude zero (Fig. 1, Supplementary Data 1
and Supplementary Table 3). In these naive models, 174 (91%) of the
191 universals are found to be supported.

However, when we do control for spatial and phylogenetic
non-independence this number decreases substantially to 89 of 191
(47%). Here, we conduct the analysis over 100 phylogenetic trees*
(Methods) and hence report on the median of posterior estimates
and their 95% Cls (Supplementary Fig. 4, Supplementary Data 1 and
Supplementary Table 4). We find marked differences between the
strength of support for four types of universals (Fig. 1). Thereis strong
support for hierarchical universals with 24 of 30 (80%) having posterior
estimates that exclude zero. The narrow word order universals are also
relatively well supported, with 36 of 65 (58%) confirmed. In contrast,
thereis weaker support for the broad word order (18 of 72 supported,
25%) and the ‘other’ universals (7 of 24, 32%).

Evolutionary dynamics

Toinfer the evolutionary (in the sense of diachronic) pathways behind
the statistically supported universals identified in the spatiophylo-
genetic brms analyses, we performed co-evolution analyses using
the BayesTraits program®-*2, Again, we conducted the analyses over
100 phylogenetic trees, calculated Bayes factors (BF) by comparing
the dependent and independent model and calculated the 95% high
density interval (HDI) to summarize BF support for each universal
(Methods and Supplementary Texts 5and 6). We took the lower bound
ofthe 95% HDI>10 as indicating support for the dependent model of
trait co-evolution over the independent model (Fig. 2, Supplementary
Data1and Supplementary Table 4). On this criterion, 60 of the 89
universals supported in the spatiophylogenetic model were also sup-
portedinthe co-evolution analyses. We continue discussing this set of
60 universals. Across the different types of universals, we observe the
same pattern as for the spatiophylogenetic correlations: the strongest
evidence canbe found among the hierarchical universals (evidence for
all of the 24 universals supportedin the spatiophylogenetic analysis,

80% of all hierarchical universals (n =30)). Second, the word order
universals show a more mixed pattern: for the narrow word order
universals, less than half of narrow word order universals (24/36,
37% in all (n = 65)) and a much smaller fraction of the broad word
order universals (8/18,11% in all (n = 72)) are supported. Third, we
find that only four of the seven ‘other’ universals supported in the
spatiophylogenetic model hold (17% in total, n = 24).

Robustness

Since bothstudies are dependent onaglobal phylogeny of languages®°
(Methods), we conducted additional tests with categorical control for
language family. Our results also hold with this approach (Supplemen-
tary Texts 5and 6). Of the 89 statistically supported universalsidentified
inthe spatiophylogenetic analysis using the global phylogeny, 67 (75%)
are supported using a categorical control for language family instead
(Supplementary Fig. 6, Supplementary Dataland Supplementary
Table 3). The main effect estimates of the two studies (the spatiophy-
logeneticbrms models and the categorical control for language family
brms models) are highly correlated (Spearman’s r = 0.93 (189 degrees
of freedom), P<0.001, 95% Cl 0.91-0.95).

Taking the universals supported in the spatiophylogenetic brms
modeland additionally also supported in the BayesTraits analyses, we
find support for 60 (0f191, 31%) universals. The strength of the correla-
tions between the two terms linked in the putative universal (median
of the main effect estimatesin brms and the median BF in BayesTraits)
are high (Spearman’sr = 0.72 (189 degrees of freedom), P < 0.001, 95%
Cl 0.65-0.78). In the remainder of the paper, we will consider these
60 as well-supported universals and discuss them further. See Sup-
plementary Text 5 for more on the comparison of these two analyses.

An analysis of possible biases in past studies

The conditions under which the universals were first proposed were
considered as possible explanatory factors of why some universals
are well-supported in the spatiophylogenetic brms models and the
BayesTraits analyses. Many of the strongest supported universals were
formulated inthe 1960s and 1970s, and the language samples then were
oftenrelatively small and biased (often featuring mainly Eurasian lan-
guages). We considered the size and geographical bias of the original
language sample and implementation of the universal in terms of the
Grambank questionnaire (Supplementary Text9). We found that none
of these had animpact on the support of universals as defined above.
This shows that the limited representation of worldwide linguistic
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Fig.2|Median natural log BF and their 95% HDI from the BayesTraits analyses
showing support for co-evolutionary models. Universals with the lower bound
ofthe 95% HDI on the distribution of BF >10 are considered supported and are
coloured blue. The relationships are ranked from strongest to weakest, top to
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bottom, per category. The universals are given in short form, where the formula
X =Y means ‘if X, thenY’; the full citations, sources and all abbreviations can be
found in Supplementary Table 2. Sample sizes can be found in Supplementary

Dataland Supplementary Table 4.
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Fig. 3| Median rates of change towards harmonic (bottom) and disharmonic
states (left and right) for supported universals in BayesTraits analyses
(n = 60).a, Anillustration of the dependent model in BayesTraits for the
universal ‘ifalanguage has noun before numeral, then it has noun before

b Narrow word order
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0.09 0.36
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d Hierarchical generalizations
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0.24 0.47

Not predicted feature PredicCted feature
Predicted feature Not predicted feature

0.21 0.28
0.09 0.10

Predicted feature
Predicted feature

adjective™. b, Median rates of change for supported narrow word order
universals. ¢, Broad word order. d, Hierarchical universals. Blue text refers to
orders or features predicted by the universal, red text refers to orders or features
that the universal does not predict and is agnostic about.

diversity in twentieth century research on universals did not prevent
the discovery of universals that still hold in our study, with its mas-
sively increased sample size (Supplementary Text 1) and appropriate
statistical methodology.

Hierarchical universals
The tested hierarchical universals generally deal with the expression
of grammatical categories through agreement, and within the (pro)
nominal paradigm. An assessment of why certain universals are sup-
ported (and others are not) is provided in Supplementary Text 9. Here,
we discuss that hierarchical universals have often been explained using
competing motivations accounts, where ‘competition’ between certain
principles (‘motivations’) such as economical behaviour (avoidance of
overt grammatical marking) and salience (preferred marking of entities
that matter, such as humans) results in the attested cross-linguistic
distributions®*~*, We think that the success of the studied hierarchical
universals (80%,24 of 30, are supported by both the spatiophylogenetic
brms and BayesTraits analyses) can be explained in such an account,
especially if we consider the role of diachronic change and if the uni-
versals are formulated in a specificenough manner: two unsupported
ones are probably too general. Note that we do not and cannot test
which explanations are ‘best’in this paper, and that which follows (also
onothertypes of universals) is left for further research. Asis clear from
Fig. 2 and Supplementary Figs. 6 and 7, there is a gradient in support
for hierarchical universals despite them being highly supported as a
category; this gradient persists across the different analyses and should
be the focus of further investigation.

Many of the supported universals in this category posit the pres-
ence of amore common feature given the presence of a rarer feature
within the same paradigm. Hierarchical universals hence capture the

frequency at which various features appear in the world’s languages
and language change in (morphological) paradigms. Exemplified in
Supplementary Fig. 10 is Plank’s* “If determiners agree within NPs,
modifiersarelikelier also to agree thannot to agree”. Agreement within
noun phrases (NPs) is common in the languages of the world, with
determiners being aless common agreement target than, for example,
adjectives; Plank’s*® generalization is highly supported (BayesTraits
median BF 200, median spatiophylogenetic brms coefficient estimate
2.01and 95% CI1.42-2.65). A second example is provided in Supple-
mentary Fig.11.

An example of a universal possibly rooted in the interaction
between economy and salience (broadly construed as principles on
what humans find important) is Croft’s* claim “if there is a construction
inwhich the verb agrees withsome member of the relational hierarchy
subject = direct object = indirect object = oblique == [=>genitive],
thenthereare atleast some constructionsin whichthe verb agrees with
members higher on that hierarchy”. We tested this proposal by investi-
gatingif objectindexingimplies subjectindexing. Thisis a highly sup-
ported claim (BayesTraits median BF 120, median spatiophylogenetic
brms coefficient estimate 3.81and 95% Cl of 2.32-5.35), which Croft™*
explains by stating that verbal indexing is used to mark important or
salient arguments, that is, arguments that are high on animacy, defi-
niteness and case scales that line up to be important in the speaker’s
perspective on the event. Hierarchical universals, hence, ultimately
dealwiththe expression of those grammatical categories that are most
salient for humans across cultures (and more frequent) in comparison
with those that are less salient (and less frequent). A complementary
account may be a tendency of languages to cover connected regions
in conceptual space’®. They may have diachronic explanations too; see
results below (Fig. 3d) on the analyses of rates of change, with achange
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overwhelmingly greater than chance frequency, languages with normal SOV
order are postpositional”®. b, “If there is case-inflection on nouns, there is also
case-inflection on some pronouns” (attributed to Edith Moravcsik, source
unknown; Supplementary Text 7).

towardsthe presence of both features predicted by the universal being
more common than the reverse sets of changes away from this state.

Narrow word order universals

We find supportfor 37% (24 of 65) of the narrow word order universals
(implications between one (or more) word order(s) and another word
order). We find support for generalizations between the order of object
and verb, the order of adposition and noun, as well as generalizations
that describe the order of modifiers and other elements of the noun
phrase and the head noun, in relation to other word orders, reflect-
ing findings of previous investigations'>'>»38457% An assessment of
our results in light of other papers on word order universals is given
in Supplementary Text 8; on explanations, see Supplementary Text
9. A key take-away from the latter overview is that the order of adpo-
sition and noun is somehow central, as it is involved in the greatest
number of supported correlations (Supplementary Fig. 9). Hawkins"
hasinfact already proposed that “Prep and Postp are more general
typological indicators”. There is a tendency for harmonic ordering
of the noun and its various adnominal modifiers. Aside from that, VO
(verb-object order) languages and OV (object-verb order) languages
seemingly evolve differently as they do not engage in the same word
order correlations, whichis again not anew finding (see, for example,
research on the final-over-final condition***°). As is clear from Fig. 2
and Supplementary Fig. 7, some universals receive higher support than
others, pointingto agradience thatisinline with the lineage-specificity
proposed by Dunn et al.* and findings of other quantitative studies*”*®.
One possible interpretation of our results is that different universals
have differential strengths across lineages.

Wefind evidence for prepositional languages to have anoun-mod-
ifier order within the noun phrase and, though less pronounced, for
postpositional languages to have modifier-noun order. Such patterns
have been explained in terms of strong cognitive predictions associ-
ated with ‘headedness’, although the relevant properties differ from
author to author'>>**%!, We refer to universals positing a consistent

head-dependent order across different phrases or, in other words, a
tendency for languages to consistently put the mostimportant words
of aphrasein the same position, as ‘harmonic™.

The phylogenetic co-evolution analyses in BayesTraits allow us to
assess whether explanations rooted in harmony hold in a diachronic
context’. We take N-Num = N-Adj** as an example. The values pre-
dicted by the universal, the presence of the orders where nouns precede
numerals and adjectives, N-Num and N-Adj respectively, are given
state ‘1I,and the reverse order where nouns follow numerals and adjec-
tives, Num-N and Adj-N, are given state ‘O’ (Supplementary Text 5).
Such generalizations about states (as shown in Fig. 3a) were coded
in the same way: in the BayesTraits models, state 4 (1,1) is harmonic,
while state 2 (0,1) and state 3 (1,0) are disharmonic. Note that state 1
(0,0) does not concern us here, as diachronic change to state 4 always
goesthrough state2 or 3. Figure 3b shows that change to the harmonic
state 4 is more frequent than change to disharmonic states for narrow
word order universals. This applies to both ‘simple’ word order univer-
sals that condition exclusively on a single word order (such as N-Num
= N-Adj), as well as more complex universals that have multiple word
order conditionsintheimplication part (suchas Adp-Nand N-Num =
N-Adj"), where Adp stands for adposition. Figure 4 provides anillustra-
tion of this pattern by depicting the support for two highly supported
universals on the global phylogeny, showing that the harmonic stateis
most probableinlarge chunks of the global tree. We suggest that these
findings may benefit future research into the why and how of narrow
word order universals, especially considering the interaction between
cognitive preference for global head-dependent orders and diachronic
explanations rooted in grammaticalization.

Broad word order and other universals

The broad word order universals are less well supported (11%, 8 of 72)
than narrow word order ones, and the rates of change towards combi-
nations of states predicted by the universal are not faster than those
towards other state combinations (Fig. 3¢). Much the same applies
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Fig. 5| Bar plot showing the proportion of sampled rates from supported
universals where the harmonic rate was greater than the disharmonicrate.
Distributions in blue show the proportion of times the rates in the harmonic
categories were larger than the rates in the disharmonic categories, while
distributions in red show the proportion of times the rates in the disharmonic
category were larger.

to other universals, only 17% (4 of 24) are supported. Several of the
supported broad word order universals are involved in the resolution
of argument relationships; supporting the well-studied interaction
between grammatical case marking**>"°®, the order of adposition
and noun, and free word order. Other supported ones are also highly
specific: across all four categories of universals, generally formulated
universals fare poorly (such as Greenberg’s*® universal “if a language
is exclusively suffixing, it is postpositional; if it is exclusively prefix-
ing, itis prepositional”). These generally formulated universals make
sweeping statements, for example, about all affix positionsin an entire
language (see above) or about different alignment systems at the same
time, asin Nichol’s" “non-accusative alignment may be associated with
verb-initial order”. In contrast, more specific universals refer to specific
phrasetypes, parts of speech or function words or morphs. Many broad
word order universals, however, are highly specific and nevertheless
unsupported; suchas Stassen’s® “if attributive adjectives have the form
of relative clauses, there is a positive correlation with SVO”.

What unites supported universals of the remaining ‘other’ typeis
that they tend to relate patterns of morphology, such as Keenan’s®® uni-
versal “if heads of possessive constructions agree with their possessors
in a given language then verbs agree with subjects in that language”.
This finding, along with the poor support for broad word order uni-
versalsingeneral, may imply that there are few universals thatimpact
both morphology and syntax, except where morphology and syntax
‘connect’, asinargument resolution (Supplementary Text 9).

Harmonic tendencies across types

Theestimated rates of change for the narrow word order and hierarchy
categories (Fig. 3) showed asignificant but moderate tendency towards
having higher rates towards harmonic states (Fig. 5). We tested sig-
nificance using two-sided Wilcoxon signed rank tests to avoid making
assumptions about normality: narrow word order (V=6,792,n =22 and
P<0.001),broad word order (VV=1,878,n =10 and P= 0.07), hierarchy
(V=3,241,n=24and P< 0.001) and other (V=240,n=4and P=0.21).
For narrow word order and hierarchical universals supported in the
BayesTraits analyses, the proportion of harmonic rates > disharmonic
rates exceeds the expected proportion (0.5). The ‘other’ category was
not found to show a significant effect here, presumably owing to its
smallsize (n=4).

Discussion

In this paper, we overcome the limitations of previous studies of lin-
guistic universals in several ways. First, our large sample of languages
from across the world gives us greater statistical power to detect robust
linguistic generalizations. It also avoids problems created by small
samples focused on a specific region of the world or a small set of lan-
guage families*’. Supplementary Fig.1shows that the amount of data

available in Grambank to test these hypotheses dwarfs that used to
propose these hypothesesin thefirst place. Second, we used appropri-
ate computational methods that explicitly control for the phylogenetic
and spatial non-independence of the languages sampled and enabled
ustoinvestigate the diachronicrelationships between putatively linked
grammatical features®. In this way, we meet the challenge spelt out
by Piantadosi and Gibson® “that claims about linguistic universals
should be accompanied by some measure of the strength of evidence
infavour of such auniversal”. Third, by investigating alarge and varied
number of putative universals, we can detect general patterns across
distinct types of universals with differing rationales and identify com-
mon underlying properties. The limitations of this study are that we
focused on just the universals listed in the Universals Archive** that
could be tested with the data in Grambank (Supplementary Texts 1
and 2). While the statistical models and set of phylogenetic trees we
use are the state of the art, it is hoped that future developments will
bring further refinements of our results.

We tested 191 putative linguistic universals. The vast major-
ity of these were statistically supported in a naive analysis that did
not control for phylogenetic and spatial autocorrelation. However,
less than half of these universals were supported once genealogical
and geographical relations between the languages were taken into
account.In other words, many proposed universals are artifacts of the
non-independence of features among closely related or neighbouring
languages. This result demonstrates the critical importance of fully
controlling for spatial and phylogenetic autocorrelation.

We find statistical support for 60 of the 191 universals. This
includes support for most hierarchical universals (80%, 24 of 30) and
over athird of the tested narrow word order universals (37%, 24 of 65).
The two other types of universals, broad word order universals and
‘other’, do not have the same level of statistical support. Of the 72
broad word order universals we tested, only 8 were found to be sup-
ported (11%); of the 24 ‘other’ universals, just 4 were supported (17%).
The fact that we find statistical support for a third (31%) of the pro-
posed linguistic universals suggests that, while grammar is far less
constrained than linguists have claimed**, there are indeed some
enduring constraints on grammatical variation (contraDunn et al.*).
Given that universals differ in strength (Fig. 2 and Supplementary
Fig.7), our results elucidate future directions in universals research,
which should be aimed towards explaining gradient supportin terms
of linguistic, lineage-specific and areal factors. Linguistic theory has
generated amultitude of explanatory accounts for universals, and the
currentstudy isnotina position to differentiate between their relative
merit. Instead, our analyses can shed light on different hypotheses and
may be valuable to multiple theoretical perspectives (Supplementary
Text 9 andref. 69).

One central take-away is that hierarchical and narrow word order
universals are supported more often than other types of universals.
Many have argued that the use of harmonic word orders is rooted in
processing constraints'>***, Insuch anaccount, the supported univer-
sals canthen be explainedinterms of a cognitive preference for heads
and (nominal) dependents to be ordered in the same direction>"**,
Alternatively, in a generative framework, merge and move (internal
merge) operations explain such dependencies’ or overarching param-
eter settings’'. Regardless of the approach, our results support the
following long-standing caveat: not allhead-dependent pairs engagein
correlated behaviour, and some correlations are stronger than others;
any account of narrow word orders needs to be able to capture this.

Explanations of hierarchical universals have likewise been rooted
in functionaland cognitive explanations®'®**, with generative accounts
explaining these effects with theoretical mechanisms such as semantic
feature geometries’>”>. We speculate that these are so widely sup-
ported because they are highly specific, ingrained in the structure of
agreement and other morphological paradigms and possibly rooted
inlanguage change"".
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Unlike the narrow word order universals, the broad word order uni-
versals do not rely on the concept of harmonic structures in different
partsofthe grammar. Likewise, the ‘other’ category includes a diverse
set of proposed universals. Because both types of universals target
suchawiderange of morphosyntactic phenomena, the processes that
potentially shape themare also more disparate (Supplementary Text 9).
We can, however, conclude that there are few links between word order
and other aspects of morphosyntax—many of the unsupported broad
word order universals deal with supposed characteristics of verb-initial
or verb-final languages, as well as languages with free or rigid word
order. One of the few exceptionsto thisis universalsinvolved with the
resolution of argument relationships, which are probably involved in
afunctional trade off®*-°,

Eachindividual language could be thought of asan experimentin
how to construct an effective communication system that can be learnt
and used by both sender and receiver. An enormous array of combina-
torial possibilities in all aspects of grammar is available to construct
these systems. Dunn et al.* claim that constraints on these possibilities
(‘universals’) may arise through lineage-specific processes. Figure 4
depicts the support for two highly supported universals on the global
phylogeny. It reveals that, although the feature configurations associ-
ated with well-supported universals do tend to be disproportionately
concentrated in specific lineages, they also evolve repeatedly in differ-
entlanguage families and areas. Thus, despite the flexibility of language
pragmatics”, and the vast combinatorial array of possible language
systems, some aspects of language do repeatedly evolve toward the
same preferred regions of the ‘design space’ of morphosyntactic vari-
ation. This convergent evolution may reflect common cognitive and
communicative pressures, opening the door to integrative accounts
oflanguage where language change is a key component, next to func-
tional or formal constraints®*”*. However, the precise nature of these
pressures cannot be identified by large-scale comparative analyses
alone. There are numerous possible explanations for these preferred
outcomes. Our analyses do not distinguish between different potential
causalmechanismsbut do provide arestricted set of universals toinves-
tigate further from a wide set of theoretical viewpoints. Mechanistic
research in the fields of cross-linguistic psycholinguistics, artificial
language learning, corpus-based typology, historical linguistics and
computer simulation is ideally suited to this task. Combining mecha-
nistic and macro-evolutionary analyses is an exciting challenge for
future research that will reveal the complex interplay of factors that
shape both linguistic diversity and commonalities.

Methods

Universals data

We evaluated over 2,000 documented universals in the Universals
Archive** (https://typo.uni-konstanz.de/rara/category/universals-
archive/). We compared the morphosyntactic featuresinvolvedin these
universals with the datain Grambank version1.0* to determine which
of them could be analysed using features from Grambank. Then, we
reformulated those universals that were testable, first by splitting com-
plex universals that address multiple ostensibly associated linguistic
featuresinto simpleimplicational universals (which we refer to here as
simply ‘universals’ or ‘generalizations’). Second, we matched feature
constellations from universals to Grambank questionnaire questions
and combinations thereof. Since Grambank only covers morphosyntax,
any universalsinvolving phonology or semantics were excluded; many
other claims were excluded because they were too specific, were explic-
itly diachronic or were notimplicational. From 146 original universals
that matched the Grambank variables and our criteria for synchronic
implicational claims, we formulated 191 simple universals to test. These
were classified into four types (see main text and Supplementary Text
2). For more on the Bayesian statistical analyses including checks for
analysis convergence, see below and Supplementary Text 5. All data,
code and output that support the findings of this study, including

Supplementary Data 1, are available via GitHub (https://github.com/
SimonGreenhill/TestingLinguisticUniversals).

Grammatical data

To obtain grammatical data to test these proposed correlations we
used Grambank version1.0*, a database containing morphosyntactic
dataon 2,430 languages (Supplementary Text 1). Grambank contains
information on195typological features, which we mapped against the
universals from the Universals Archive.

Spatial data
To control for spatial diffusion, we obtained location data as longitude-
latitude pairs from the Glottolog database version 4.37.

Phylogenetic trees

To control for phylogeny, we used the posterior sample of trees
(n=902, downsampled to 100) from a recently released global phy-
logeny of 6,635 languages™.

Allmatching and creation of datasets was handled in R*. For each
universal, we used the maximum number of available languages given
missing datain Grambank, the Bouckaert et al. phylogenetic trees® or
inGlottolog. Ultimately, we sampled between 329 and 2,226 languages,
with mean 1,653 and median 1,679 for our analyses (Supplementary
Fig.1and Supplementary Tables 3 and 4).

Phylogenetic and spatial correlation

To test whether the proposed universals were indeed correlated
after controlling for genealogical and geographical relations, we
constructed GLMMs using the package brms*® in R". This package
allowed us to fit Bayesian multilevel models in R using the probabilistic
programming language STAN””. We chose brms because it allowed
us to include categorical (binary) variables as well as random effects
that control for genealogical and spatial relations. Both the response
variable (the condition part of the universal) and the main fixed effect
(theresult part of the universal) are binary. Random effects included
phylogenetic distance, spatial distance and macro-area. Phylogenetic
and spatial distance were calculated from covariance matrices using
trees from ref. 50 for the former, and longitude and latitude from
Glottolog version 4.3 for the latter. Language areas (‘macro-areas’)
were likewise taken from Glottolog version 4.37°. Analyses were con-
ducted on 100 phylogenies taken from Bouckaert et al.s* posterior
sample, hence we report on the medians of the main fixed effect (the
result part of the universal) and its 95% CI. Our approach is similar to
that of Guzman Naranjo and Becker’®, who used a correlation matrix
in their Bayesian GLMM to deal with genealogical autocorrelation;
in contrast, they deal with spatial autocorrelation through Gaussian
processes on macro-areas.

Robustness

To test whether the supported universals using the spatiophyloge-
netic GLMMs hold without the maximum clade credibility tree from
Bouckaert et al.”°, we constructed another set of GLMMs with brms*®
inR*’, which used language family membership as a control instead of
the full phylogeny. For these analyses, data on language families was
taken from Glottolog version 4.37°. Language family membership is a
categorical variable construed asarandom effect, and both intercepts
and slopes were estimated’®. Only languages from families with five or
more members were included.

Evolutionary dynamics

To model the evolutionary dynamics of the universals that were sup-
ported in the spatiophylogenetic GLMMs, we used BayesTraits™*2. We
mapped our grammatical data onto the Bouckaert et al.*° phylogenies
using a continuous-time Markov model of trait evolution implemented
asthe‘discrete’ modelin BayesTraits. We seeded the mean and variance
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of the gamma prior using a uniform hyperprior between 0 and 10.
Correspondingly, each analysis ran for 30,300,000 iterations (the
first 300,000 generations were discarded as burn-in), sampling every
30,000 generations. To better explore parameter space among Bouc-
kaert et al.s*® set of posterior phylogenetic trees, we randomly sam-
pled 100 trees (from Bouckaert et al.'s 902 posterior tree sample) and
forced BayesTraits to spend an equal amount of time on each of those
100 trees (50,000 iterations). Model fit was assessed using log mar-
ginal likelihoods, estimated using stepping stone sampling*°. Model
fit of the dependent and independent model of trait evolution were
then compared using natural log BF*'

log Bayes factors = log marginal Lh dependent model

- log marginal Lhindep. model

A positive Bayes factor indicates that the dependent model per-
forms better than the independent model, providing evidence for
co-evolution of both features. Given that we are testing for multiple
correlations we use a conservative cut-off. We estimate the 95% HDI of
the100 BFs and take the lower bound of the 95% HDI >10 to constitute
significant evidence for co-evolution of two features.

To identify whether these models showed a tendency towards
evolvinginto harmonic states versus disharmonic states, we extracted
rate estimates from these analyses. We categorized asubset of the rates
inthe Qmatrixas either leading to aharmonic state (both features pre-
sent) or to a disharmonic state (one feature absent and one present).
For example, rate g,, is the rate at which languages evolve from having
feature 1 without feature 2 (1,0) into having both features (1,1) and is
therefore harmonic. The oppositerate, g, is the rate at which languages
evolve fromhavingboth features (1,1) to havingjust the first feature (1,0)
and is therefore disharmonic. For each of these pairs of rates, in each
generation of the Markov chain Monte Carlo (MCMC) chain, we asked if
the harmonicrate was larger than the disharmonicrate, thatis, if there
was astronger tendency towards harmonic state patterns.

Ancestral state reconstruction

To visualize the universals on the phylogeny, we recoded the states
of the paired features into a four-state variable (absent + absent = ‘A,
absent + present="B’, present + absent=‘C’and present + present=‘D’).
We then fitted a hidden rates model using the corHMM package ver-
sion 2.8%%%%in R* to estimate the marginal maximum likelihood node
state probabilities. We modelled the history of these features using
an ‘all rates different’ model such that transitions between each state
had their own rate. We specified the root probabilities following
FitzJohnetal.** and corrected for ascertainment bias following Lewis®.
Feature manipulation and visualization was done using R packages
treeio®® and ggtree®.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All the data that support the findings of this study are available via
GitHub at https://github.com/SimonGreenhill/TestingLinguistic
Universals.

Code availability
All code used is available via GitHub at https://github.com/Simon
Greenbhill/TestingLinguisticUniversals.
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Data analysis All code for analysis we used is open source. For R we used packages:
brms (R version: 4.3.2, package version: 2.20.3) which depends on STAN ( R version: 4.3.2, package version: 2.33.0);
geoR (R version: 4.3.2, package version: 1.9-2);
fields (R version: 4.3.2, package version: 15.2);
ape (R version: 4.3.2, package version: 5.7-1);
corHMM (R version: 4.4.0, package version: 2.8);
treeio (R version: 4.4.0, package version: 1.24.3);
ggtree (R version: 4.4.0, package version: 3.11.0);
Ime4 (R version: 4.3.0, package version: 1.1-34);
ImerTest (R version: 4.3.0, package version: 3.1-3)

We used BayesTraits version 4.1.2 (compiled with OpenMP support).
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191 proposed grammatical universals. The data in Grambank ultimately rely on linguistic analyses made by experts on the language
and typologists. Using Bayesian phylogenetic methods we test these putative universals while controlling for spatial and phylogenetic
non-independence. Here we conduct four distinct experiments: 1) uncontrolled GLMM models; 2) spatiophylogenetic GLMM models
3) GLMM models with a categorial control for language family; 4) BayesTraits/overt evolutionary modeling without correcting for
spatial autocorrelation.

Research sample Here we sample human languages and universals. Regarding the latter, we evaluated over 2,000 documented universals in the
Universals Archive (Plank and Filimonova 2006, https://typo.uni-konstanz.de/rara/category/universals-archive/). We compared the
morphosyntactic features involved in these universals to the data in Grambank version 1.0 (Skirgard et al. 2023) to determine which
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of them could be analyzed using features from Grambank. Then we reformulated those universals that were testable, first by splitting
complex universals that address multiple ostensibly associated linguistic features into simple implicational generalizations (which we
refer to here as simply ‘universals’ or ‘generalizations’). Second, we matched feature constellations from generalizations to
Grambank questionnaire questions and combinations thereof. Since Grambank only covers morphosyntax, any generalizations
involving phonology or semantics were excluded; many other claims were excluded because they were too specific, were explicitly
diachronic, or were not implicational. From 146 original universals that matched the Grambank variables and our criteria for
synchronic implicational claims, we formulated 191 simple universals to test. Regarding languages, we review the language sample in
Sl Sect. 1. As for sample coverage per family and per area, we refer to the Supplementary Information of Skirgard et al. (2023). The
overall sampling in Grambank across areas can be assessed in Figure S2 of their paper, which shows the coverage over macro-areas
(as defined in Glottolog, Hammarstrém et al. 2022). The coverage over macro-areas is even, all areas have between 24% and 34%
coverage. Grambank version 1.0 covers between 13% and 68% of the 15 largest language families as listed on Glottolog
(Hammarstrom et al. 2022). Coverage for Austroasiatic, Isolates (as a group), and Pama-Nyungan is fair, while Indo-European and Tai-
Kadai languages are underrepresented.

Sampling strategy For both universals and languages, a maximally exhaustative sampling strategy was chosen. We include all universals that are in the
Universals Archive (see above) and that are testable using Grambank. We include all languages that have the necessary information
in Grambank to test the universals on.
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Data collection See above. The core authors responsible for data collection are Hannah Haynie, Olena Shcherbakova, Hedvig Skirgard, and
Annemarie Verkerk.

Timing Data collection was performed between June 2019 and June 2021, intermittedly given involvements in other projects by all parties
involved.

Data exclusions See above on excluding universals that could not be studied using Grambank data.

Non-participation We did not have any (human) participants.

Randomization Randomization is irrelevant for this research.

Reporting for specific materials, systems and methods
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