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Spatial models of linguistic data in Africa and beyond

byMiri MERTNER

The spatial distribution of linguistic diversity and structural elements of language,

like morphosyntactic and phonological features, is a rich source of knowledge for

those interested in historical linguistics and the evolution of language (Nichols, 1992).

Bayesian spatial models are a promising way to uncover these patterns. However,

modelling linguistic data in space comes with a unique set of complexities and

considerations. These include questions of how to represent the geographic locations

of languages, how to measure the distance between them, and how to account for

variations in topography. In this thesis, I present a series of case studies on African

languages whichwill illustrate different Bayesian spatial models, all of which simulta-

neously incorporate information about language history in the form of phylogenies

or language families. Recognising that the application of spatial models in linguistic

typology is a relatively recent development, I will provide a general overview of some

common models used in spatial statistics and describe the approaches which have

been used in this thesis. Environmental and social factors have long been thought

to influence the distribution of linguistic diversity in time and space (Currie and

Mace, 2009; Nettle, 1998; Nichols, 1992). I will use a novel combination of methods

to show that the factors which impact recent diversification are distinct from those

which impact the maintenance of diversity over time. Following that, I will examine

areal patterns of structural convergence between African languages and uncover

systematic variation in the diffusibility of structural elements of language. Lastly, I

will examine geographic patterns of data sparsity and discuss their implications for

future statistical studies in linguistics.
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Chapter 1

Introduction

Languages are spoken in a wide variety of geographic locations by communities

of highly variable sizes. Some are spoken across large areas in which few other

linguistic communities reside; others are spoken by a small community of speakers

in a single village or town. Many languages are not restricted to a single location

but can be spoken alongside multiple other languages in several different areas.

Any researcher interested in representing the locations of languages in space will

also have noticed the high level of variation in the climate and terrain surrounding

these languages and may have considered how to measure geographic distance in

a way that accounts for the fact that the same distance is likely more difficult to

traverse in a mountainous area than in temperate grasslands. These complexities

(and there aremanymore) canmake the task of coming upwith an adequate abstract

representation of languages in space for the purposes of statistical modelling seem

intractable. This is further complicated by the recognition that language locations

themselves are only a proxy for what we are really interested in detecting, which is

social interaction between speakers of different languages. The kind of interaction

that leads to changes in one ormore of the speakers’ languages, whichwe call ‘contact

effects’, is usually regular and sustained over long periods of time, and often involves

some level of multilingualism. Thus, locations in space act not only as a proxy

for the social interaction between speakers of different languages, but also for the

probability that these interactions have been occurring regularly enough over a long

period of time to impact the languages involved.

Many interesting questions can be raised concerning the link between languages

and the environment in which they are spoken. These range from questions about

the role of the environment in shaping patterns of linguistic diversity (Hua et al.,

2019; Nettle, 1998; Nichols, 1992; Urban, 2020) or areal convergence (Hammarström

and Donohue, 2014) to hypotheses around the way in which the environment could

directly or indirectly influence the sound systems of languages (Bentz et al., 2018; Ev-

erett, 2013; Urban and Moran, 2021; Wang et al., 2023). The relationship between ge-

ographic distance and linguistic diversification has also been probed quantitatively
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using data on dialects as well as distinct languages (Holman et al., 2008; Nerbonne,

2013; Nerbonne and Heeringa, 2007; Wieling, Nerbonne, and Baayen, 2011). More

generally, languages are influenced not just by their geographic surroundings but

also by their cultural and social environment (Bentz et al., 2015; Currie and Mace,

2009; Epps, 2020; Lupyan and Dale, 2010; Trudgill, 2011). Some have proposed

links between genetics and the sound systems of languages, as well as interactions

between genes, cultural variables, the environment, and colour lexicons (Dediu and

Ladd, 2007; Josserand et al., 2021).

One of the challenges associated with disentangling the impact of external fac-

tors on language or detecting linguistic areas using quantitative methods lies in the

complex interplay between geographic space and social interaction. Most linguistic

datasets include information about where languages are spoken in the form of lat-

itude and longitude coordinates on a map, which fail to capture differences in the

spatial extent of languages. However, it could be argued that although there are some

languages, like English or Spanish, which are spoken across very large geographic

areas in multiple disconnected locations, these kinds of language distributions are

the exception rather than the norm, especially from a historical perspective. At

the same time, groups of nomadic or seminomadic hunter-gatherer and pastoralist

groups have existed throughout history and prehistory, and their spatial extent may

be far more accurately reflected by a polygon than a point location. Because of their

nomadic lifestyle, these peoples could come into contact with communities which

appear to be very far away based on point locations only. This reflects a related

point, which is that language locations are not static over time, as communities may

move, migrate, or be displaced by other communities or environmental changes.

Movement thus adds yet another layer of complexity.

Some of the common distance measures used in linguistic typology do not ac-

count for the presence of variable terrain elevation or other topographic features

(GuzmánNaranjo andMertner, 2022; Murawaki and Yamauchi, 2018; Ranacher et al.,

2021). Some recent studies have taken steps to remedy this by calculating distances

across a topographic surface, which means that two language communities living in

an area characterised by even terrain will have a shorter distance between them than

two language communities which are separated by a mountain (Guzmán Naranjo

and Jäger, 2022; Guzmán Naranjo, Mertner, and Urban, 2024). However, it is worth

examining the question of how much geographic detail is necessary when doing

statistical studies with spatial data, and to adjust the level of detail according to the

region under study and the topic of interest. Not enough work has been done com-

paring the performance and results of different types of spatial models for linguistics,

although this is an emerging field, and there is a lack of information on when to use
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one spatial model over another. Although there is a rich literature on Bayesian spatial

models for use fields such as spatial econometrics, epidemiology, and ecology which

has contributed to some linguistics studies like Wieling, Nerbonne, and Baayen

(2011) and Winter and Wieling (2016), there is no comprehensive overview of spatial

modelling techniques written for linguists. In recognition of this, the goal of Chapter

2 of this dissertation is to provide a general introduction to a diverse range of spatial

models and their advantages and limitations for the purpose of modelling different

kinds of linguistic data. Additionally, I will present a brief comparison of some of the

methods introduced in the chapter, in recognition of the lack of studies comparing

the performance of different spatial models using the same dataset.

The influence of terrain on the dynamics of social interactions between linguistic

communities is a prominent field of interest for linguistic typologists. The idea that

terrain could be an essential part of defining the linguistic profile of an area was

made influential Nichols (1992), who observed that many of the most linguistically

diverse areas of the world are found in mountainous regions, and called these accre-

tion zones or residual zones. The question of whether these areas simply happen

to be mountainous, or whether the terrain has a direct influence on the diversity

of languages in these areas, continues to draw interest (Comrie, 2008; Hua et al.,

2019). The impact of variable terrain on linguistic diversity has implications for

how terrain impacts contact dynamics, too, as it predicts the extent to which terrain

causes communities to be isolated from each other. If they are isolated for long

enough in order for significant differentiation to happen, this suggests that the terrain

effectively prevents regular contact (Huisman, Majid, and Hout, 2019).

While geographic barriers such as mountains, water, and rough terrain can un-

doubtedly impede contact between groups, this is not always the case in practice,

as human groups have been known to traverse incredibly challenging terrain and to

travel long distances across the ocean. Speakers of Austronesian languages managed

to settle in a large number of distant islands in the Pacific, and speakers of Bantu

languages migrated across a vast area including rainforests, mountains, and desert,

all of which could be considered difficult to traverse in their ownway (Bostoen, 2020).

This renders it even more challenging to include prior assumptions about the extent

to which terrain influences the probability of social interaction between language

groups. For Africa, Hammarström and Donohue (2014) find that geographic features

like mountain ranges do not seem to predict patterns of areal convergence, which

suggests that variable topography may not pose as much of a barrier to contact as

previously thought. Moreover, increased attention has been drawn recently to the

role of social factors, like culture, political organisation, and language attitudes, in

the maintenance of distinct languages in an area and, in some cases, diversification
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(Comrie, 2008; Evans, 2010; Lüpke, 2016; Mansfield, Leslie-O’Neill, and Li, 2023;

Pakendorf, Dobrushina, and Khanina, 2021). Because social and environmental

factors are linked, their impact on linguistic diversity should ideally be tested simul-

taneously (McElreath, 2020). Chapter 3 of this dissertation uses a spatial model to

disentangle the role of cultural and environmental factors in shaping the distribution

of languages in Africa. An additional goal of the study is to shed light on whether

the same underlying processes govern the maintenance of deep-time diversity in an

area as opposed to more recent diversification. The results have implications for

the importance of including variable terrain elevation in spatial models of contact

focusing on Africa, and on our understanding of the relative importance of culture

and geography for shaping patterns of diversity.

The majority of language contact throughout history likely occurred locally in

multilingual settings (Evans, 2017). A recent quantitative study provided support

for the idea that contact effects on structural and phonological features are predom-

inantly local (Guzmán Naranjo, Mertner, and Urban, 2024). The range within which

areal diffusion can be detected is likely to depend on the particular linguistic features

or lexical itemswhich are included in themodel. The famous list of basic concepts by

Swadesh (1955) is based on this idea, holding that some parts of the lexicon are less

prone to replacement or modification by language contact than others. Although

this idea predates the work by Swadesh (1955) (see Kaplan (2017) and List (2018)

for an overview of the topic), his list of concepts, which are expected to be similarly

stable throughout time across a diverse range of languages, has undoubtedly been

themost influential. Although the list itself has been criticised, adapted, and updated

continually, lists of universally or culturally specific stable concepts have continued

to be used across a variety of disciplines, notably for the automatic inference of

language trees, with promising results (Bowern and Atkinson, 2012; Brown et al.,

2008; Jäger, 2013, 2018).

Similarly, some structural elements of language appear to be more borrowable

thanothers in the sense that they require a longer period of contact between speakers,

or a more extensive degree of multilingualism or bilingualism, in order to be im-

pacted by contact (Thomason and Kaufman, 1988). Quantitative studies drawing on

typological data have found support for this idea, as some features have been found

to form geographic clusters, while others seem to be transmitted predominantly

through common inheritance; some may also evolve more slowly over time than

others (Dediu and Cysouw, 2013; Nichols, 1992; Wichmann, 2015). Other studies

have called this into question, re-examining some of the features thought to be areal

and still finding a greater phylogenetic signal for those features (Dunn et al., 2011;

Skirgård et al., 2023). At the same time, interest in language contact and its effects
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more generally has been rising, and some have argued that it may play a bigger role

in language change than previously thought (Guzmán Naranjo and Becker, 2021).

All this indicates that there is a need for more research on this topic. Research on

quantitative methods which can effectively disentangle the effects of contact and

inheritance on language structure using large-scale or regional datasets is ongoing,

and the study in Chapter 4 of this dissertation aims to add to the growing body

of work in the field (which includes, among others, work by Dediu (2011), Dediu

and Cysouw (2013), Murawaki and Yamauchi (2018), Neureiter et al. (2022), Nichols

(2003), Ranacher et al. (2021), andWichmann (2015)).

Any comment on the borrowability of linguistic features needs to be made in

opposition to genealogical stability. Likewise, the linguistic effects of language con-

tact are most often detected in opposition to the role of shared ancestry. Language

contact itself also has a temporal dimension, since groups of speakers do not stay in

the same location over time. Additionally, languages may be influenced differently

by interaction with speakers of related languages than unrelated languages (Matras,

2007). Family-internal contact is even more difficult to detect and disentangle from

processes of inheritance, in part because it may be easier for contact to effect struc-

tural changes when the languages involved are more structurally similar to each

other (Thomason, 2010), and in part because it becomes more challenging to rule

out inheritance as an explanation for observed similarities. Although the main focus

of this dissertation is on the role of space as a proxy for the social interactions that

lead to language contact, all of the models presented in this dissertation also include

controls for phylogenetic effects, which were adapted to the relevant case studies.

Whenever possible, phylogenetic regression was used in order to account for the

structure of entire language trees, rather than only modelling genus- or family-level

effects (see Chapter 14 of Villemereuil and Nakagawa (2014) for an introduction to

themethod). One of the issues with using an existing phylogeny to control for shared

ancestry is that, for many languages, there is some degree of uncertainty regarding

their classification. These are issues which lie outside the scope of this dissertation,

but in the conclusion in Chapter 6, I will provide a more comprehensive overview of

some of the possibilities for future work to account for them.

Large-scale databases on the phonology, morphosyntax, and lexicon of diverse

languages have facilitated a wealth of studies into cross-linguistic diversity (Dryer

andHaspelmath, 2013; List et al., 2022;Moran andMcCloy, 2019; Skirgård et al., 2023).

Databases which include data specific to particular areas or language families have

also made crucial contributions to this field (such as Dellert et al. (2019), Gerardi,

Reichert, and Aragon (2021), and Segerer and Flavier (2011-2021), among others).

Both kinds of databases are essential to the quantitative study of linguistic typology.
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However, researchers in this field are almost guaranteed to be faced with the issue

of missing data, which shows up in several different ways. It can manifest as sparse

coverage of linguistic features, short or incomplete word lists, and a lack of detailed

data on the geographic locations of languages. Understanding the underlying pro-

cesses which predict the distribution of data sparsity can help us mitigate biases

induced by missing data (McElreath, 2020). Previous studies have controlled for

such biases using balanced sampling (Bakker, 2010; Miestamo, Bakker, and Arppe,

2016), and significant progress has beenmade in the development of geographic and

phylogenetic controls which allow for the inclusion of all the available data (Becker,

Guzmán Naranjo, and Ochs, 2023; Guzmán Naranjo and Becker, 2021). However,

no study has investigated the geographic distribution of missing data in linguistic

typology explicitly before. The use of statistical controls depends on the assumption

that missing data is biased according to specific underlying processes, so studying its

distribution can help inform future work on bias control.

In the following section, I will provide an introduction to language contact and

linguistic diversity in Africa, which forms the basis for all but one of the case studies

in this dissertation. Chapter 2will introduce the literature onBayesian spatialmodels

with reference to their relevance for modelling linguistic data. A brief case study of

the areal distribution of labial-velar consonants in Africa will be presented in order

to compare some of the models discussed in the chapter, which will finish with an

overview of the different methods’ advantages and limitations. In Chapter 3, I will

re-examine some of the hypothesised links between linguistic diversity and cultural

and environmental factors in the context of Africa’s history, especially in an attempt

to disentangle the factors behind variations in language density as opposed to phy-

logenetic diversity. Chapter 4 will address the question of whether some structural

features are more prone to areal diffusion than others using a novel approach, which

can also detect areal patterns that could be indicative of structural convergence in

Africa. Lastly, in Chapter 5, I will examine the geographic distribution ofmissing data

in the World Atlas of Language Structures (Dryer and Haspelmath, 2013) and discuss

its implications for missing data bias, as well as the methods which can be used to

mitigate its effects.

1.1 An areal view of Africa

“One tantalizing question that has been raised a number of times asks whether Africa

as a whole constitutes a linguistic area. This would of course imply a great deal of

contact over a widespread area likely for an extended period of time. That such a

question has been raised so many times points again to the lumping tradition in
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African linguistic studies. It also suggests that contact might be just as important

if not more important than genetic inheritance for understanding the structures and

relatedness of African languages” (Childs, 2010, p. 695).

Africa is the continent with the highest genetic diversity in the world and around

2,000 distinct spoken languages, with some variations depending on how they are

counted, and yet most of these can be divided into a few major families, or phyla

(Hammarström, 2018). It should be noted, too, that Africa has a relatively large

number of signed languages compared to other parts of the world, partly due to high

incidences of genetic deafness concentrated in specific areas, althoughmany of them

are now highly endangered (Hammarström, 2018; Zeshan and Vos, 2012). These

signed languages do not belong to any of themajor phyla, and so their existence adds

to the overall picture of linguistic diversity on the continent (Nyst, 2010).

Africa is home to one of the most linguistically diverse and dense regions of the

world, an area in and around Cameroon (Nettle, 1996). Why this area in particular

is home to such a large number of distinct languages remains unknown and has

been attributed to both the environment and sociolinguistic factors (Di Carlo, Esene

Agwara, and Ojong Diba, 2020; Nettle, 1996). Another puzzle is that Africa, the

continent with the longest history of human habitation in the world, has fewer small

language families than more recently settled areas like South America (Blench, 2013)

(although the exact number of families has been called into question by researchers

like Güldemann (2018a)). Language contact is one of the reasons why the historical

and linguistic landscape of Africa is so challenging to uncover. Thus, the study of

contact and its effects at the micro- andmacro-level is increasingly being recognised

as a necessary step towards achieving a better understanding of language histories,

although that is by no means the only reason why contact is a valuable research

avenue (Heine andNurse, 2008) Thus, Africa has some unique characteristics, includ-

ing its distinctive areal distribution of linguistic diversity and structural features as

well as sociolinguistic dynamics. These are the key themes of the case studies in this

dissertation. Additionally, Africa is a historically under-researched area, particularly

in the domain of language contact (Childs, 2010).

The validity of the four main phyla defined by Greenberg (1963) – Niger-Congo,

Nilo-Saharan, Afro-Asiatic, and particularly Khoisan – has been disputed, but there

is no doubt that they remain highly influential (Güldemann and Fehn, 2014; Heine

and Nurse, 2007). Greenberg (1959) also identified some of the first areal patterns

in Africa, as well as later examining the areal distribution of specific phonological

and morphosyntactic features (Greenberg, 1983). Much (if not all) of the subsequent

work on both areal and genealogical linguistics in Africa builds on these sources.

However, the classification of African languages faces a number of challenges, chief



Chapter 1. Introduction 8

among them a lack of documentation and language endangerment (Hammarström,

2018). The effects of language contact, which are considerable in Africa, can also

obscure genealogical relationships (Di Carlo and Good, 2023). The classification of

some language groups, like Mande, Songhay, and Ubangi, remains disputed, with

some arguing for their belonging to larger stocks while others prefer to treat them as

individual language families, and much of this debate is centred around what can

be attributed to contact as opposed to inheritance or other factors (Blench, 2013;

Güldemann, 2008, 2018a). However, I will not delve into the debates around the

genealogical classification of African languages, as there is a wealth of literature on

this which the reader can refer to (see e.g. Blench (2013), Dimmendaal (2008b),

Güldemann (2018a), and Hammarström (2018), and references therein). Instead,

I will give a brief overview of the study of language contact and areal linguistics

in Africa (of which more comprehensive overviews can be found in Dimmendaal

(2001, 2020), Güldemann (2018b), Heine and Nurse (2007), and Leyew (2008) and

references therein), focusing onwhat the study of areal patterns in linguistic diversity

and language structures can contribute to our understanding of African linguistics

and history.

Although the effects of language contact can obscure deep-time relationships, it

is also an important source of information on African history and prehistory. The

volume by Heine and Nurse (2008) emphasised the importance of studying areal pat-

terns in African linguistics, not just as away to improve genealogical classification but

as a goal in itself. They also argued that the importance of grammatical replication,

or the transfer of functional categories between languages without the transfer of

forms, has been overlooked to the detriment of the field (Heine andKuteva, 2003); the

same phenomenonwas expanded upon and given a slightly different name inMatras

(2007, 2010), who called it pattern replication. Pattern replication can be indicative

of intensive, deep-time contact between communities, but it is notoriously difficult

to identify unequivocally as the result of contact because patterns can be similar

across languages for many other reasons, even when common inheritance can be

ruled out (Bickel, 2017). However, the areal distribution of patterns can be used as a

way to test the hypothesis of contact against other possibilities, like cognitive biases.

If a pattern is found in a cluster of geographically contingent languages belonging

to different families, and if that pattern is uncommon outside that area, it becomes

easier to conclude that it probably spread through areal diffusion (Heine and Nurse,

2007, p. 7).

Areas of convergence can provide a window into history and prehistory (Bickel,

2020). As an example, Güldemann (1998) identified a possible convergence area

in the Kalahari Basin, and subsequent work on the area suggested it could be the
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remnants of a large and ancient linguistic area that stretched all the way to the Rift

Valley in Tanzania. This was proposed to explain the striking distribution of click

consonants in Africa. Notably, they are found in the languages of the Kalahari Basin

typically referred to as Khoisan, which is widely understood not as a genealogical

unit, but as a convenient term for those languages in Africa which make extensive

use of click consonants as part of their phoneme inventories and which do not

belong to either the Bantu or Cushitic language families (Vossen, 2013, p. 49). Click

consonants are also found in a few Bantu languages in southern Africa, including

Zulu and Xhosa, which have had extensive contact with certain Khoisan language

groups, and two languages in the Rift Valley area, Hadza and Sandawe (Kießling,

Mous, and Nurse, 2008; Sands and Gunnink, 2019). Language contact provides a

compelling explanation for the presence of click consonants in this small, specific

subset of African languages (Vossen, 2013).

The Rift itself is considered an accretion zone and is the only place in Africa

where all four major phyla meet, thus possibly providing a window into deep-time

diversity (Nichols, 1992). The area between the Kalahari Basin and the Rift may have

been a zone of impressive linguistic diversity and possibly large-scale patterns of

convergence in the past, and some of its characteristics could show up as substrate

effects in the Bantu languages spoken there today, although such effects have not

been detected with any degree of certainty (Bostoen, 2020). It does not help that

the languages of Central Africa are in dire need of further documentation. For

many of the large linguistic areas described in Africa (such as the Macro-Sudan belt

(Güldemann, 2008) and Ethiopian linguistic area (Crass and Meyer, 2007; Ferguson,

1976)), the boundaries are typically not well-defined, and often the areas themselves

are disputed (Tosco, 2000). This is a common property of linguistic areas, which are

perhaps best viewed not as binary classifications but as diffuse entitites comprising

core and a periphery, the boundaries of which may change over time (Haspelmath,

2001). Linguistic areas can thus overlap in both time and space: peripheral members

of a linguistic area may have been core members of a different linguistic area in the

past, which likely left some traces in the typological profile and lexicons of those

languages. Moreover, these traces can be informative, and thus, it may be equally

interesting for the historical linguist to examine the parts of linguistic areas which

resist discretisation.

Although I will focus on methodology in many parts of this dissertation, I also

aim to draw on the rich body of literature on African linguistics, sociolinguistic

and cultural dynamics of contact, and micro-level variation in order to inform the

methods and the interpretation of their results. One of the goals of this dissertation

is to consider the concerns of language experts in the formulation of novel statistical
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methods, and to make the technical literature on spatial models more accessible to

those who have a background in linguistics.
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Chapter 2

Bayesian spatial models for linguistic

typology

The purpose of this chapter is to provide a general introduction to the field of spatial

modelling for linguistics using a Bayesian statistical framework. I will discuss why

modelling spatial relationships between languages is crucial to the study of linguistic

typology and how geographic space can be represented for the purposes of statistical

modelling. This will be followed by an overview of some common spatial modelling

approaches, including ones which have been applied previously to the study of

linguistic typology and language evolution, and some which have not. Recognising

the lack of systematic comparisons between different kinds of spatial models and

representations of spatial relationships between languages, I will present a case study

on labial-velar consonants in Africa in order to compare some of these models in

terms of their efficiency, results, and predictive performance. Some of the difficulties

associatedwith comparing different types ofmodels will also be discussed. Following

the case study, I will explore some of the general limitations and challenges of the

methods presented in this chapter. I will also mention some additional methods for

spatial modelling which have not been included here but which may be relevant to

researchers seeking to explore alternative modelling strategies.

2.1 Why should wemodel space?

Languages are shaped by a variety of interacting forces, including but not limited

to cognitive biases, external factors, genealogical inheritance, and language contact

(Bickel, 2017). Understanding the distinct effects of these forces in order to uncover

cross-linguistic tendencies, as well as tendencies which appear to be specific to

particular areas or lineages, is one of the long-standing goals of linguistic typology

(Nichols, 1992). Historical linguists share an interest in disentangling the effects of

inheritance and contact in particular, as the impacts of contact can obscure the signs
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of shared ancestry, even leading to the misclassification of some languages. Another

major goal of linguistic typology has been the detection of universal cognitive biases

and the limits of variation in human language (Bickel, 2007; Song, 2013). However,

the focus of the discipline has gradually shifted, as it has been argued that the most

interesting aspect of human language is the breadth of its diversity, and that perhaps

more attention should be devoted to studying how and why such diversity arises, in

favour of a focus on its limits (Evans and Levinson, 2009). In recent years, typologists

have been less concerned with what is universal andmore with the study of variation

itself, with Bickel (2007, p. 239) succinctly summarising modern typology’s central

question, “what’s where why?”

Space has always been central to typology, made explicit in the where. Similarly,

thewhy implies a temporal dimension, as this question cannot be answered without

reference to the history of the languages in an area. The answer to why specific

languages, sounds or structures are prevalent in a given location is often to be found

in the past, related to the ancestry of languages, the dynamics of evolution, and the

way in which past interactions between speakers across space have left their mark on

the languages they speak. The central themes of linguistic typology thus go hand

in hand with the historical linguist’s goal of understanding how languages evolve

over time, and space has been a crucial part of this since the inception of the field

(Greenberg, 1963; Nichols, 1992).

Quantitative data on diverse languages provides the foundation for linguistic

typology, and in recent years, it has become ever more accessible and broad in scope.

Greenberg (1963) is largely credited with founding the field of linguistic typology, and

the influential studies by Bell (1978), Dryer (1989), and Nichols (1992) developed its

centralmethodology of stratified sampling. Sampling has beenused to avoid drawing

biased conclusions about cross-linguistic tendencies because some large language

families, such as Indo-European and Niger-Congo, happen to be overrepresented

in the available data for historical reasons which have nothing to do with universal

biases. Building on methods by Dryer (1989), Nichols (1992) distinguished between

genera, language families with a time depth of around 4,000 years, and stocks, lan-

guage families with time depths beyond 5,000 years. Nichols (1992) sampled one

language per stock and genus, although she sampled up to six languages for very

large anddiverse lineages, such as Indo-European. Themethodof balanced sampling

to avoid bias has since been widely used and has continued to contribute valuable

insights into the nature of cross-linguistic variation (Bakker, 2010; Miestamo, Bakker,

and Arppe, 2016). However, this approach has been criticised because it necessitates

the exclusion of valuable linguistic data, which is already a sparse representation of

the actual scope of possible human language in the past and present (Cysouw, 2011).
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Itmay lead to the representation of language families and areas asmore homogenous

than they really are, obscuring within-family variation which could be informative

in itself. This has become especially relevant as the scale of the available data has

increased over the years (Dryer and Haspelmath, 2013; Moran and McCloy, 2019;

Skirgård et al., 2023).

The earliest language sample developed by Bell (1978) focused on avoiding over-

sampling from the same families or genera, with the assumption that language

families are likely to be internally similar due to common inheritance, an assumption

whichmaynot hold across families (Cysouw, 2005). Prior to the large-scale analysis of

cross-linguistic contact situations by Thomason and Kaufman (1988), which showed

that any aspect of language can be impacted by language contact, the field had

received less attention than the study of shared ancestry as the underlying cause of

structural similarity between languages (see Hickey (2010) and references therein).

Several studies have since shown, with reference to specific areas as in Aikhenvald

(2002) or using language samples as inMatras and Sakel (2007), that language contact

can impact languages and their structures at any level over time, and it can lead to the

diffusion of common features across large geographic areas (Bickel, 2017, 2020).

Dryer (1989) recognised the effects of large-scale areal diffusion when he pro-

posed a division of the world into macroareas. These macroareas can be included

in statistical models as predictors or in a Bayesian hierarchical regression model as a

random effect, an approach which has been used by Jaeger et al. (2011) and others.

This method has been employed by several studies since then and provided a novel

way to retain more data than is possible when using balanced sampling, while con-

trolling for some of the effects of language contact. However, this approach makes

two important assumptions which, in the context of some typological studies, may

be difficult to defend. The first assumption is that there are no instances of contact

acrossmacroareas. Although researchers such asHammarströmandDonohue (2014)

have re-defined the boundaries of macroareas in order to maximise independence

between them, theremay still be some instances of contact betweenmacroareas. For

example, we know that languages spoken in Asia, as well as Arabic, have had exten-

sive contact with Swahili, a Bantu language spoken on the island of Zanzibar as well

as across eastern Africa (Mugane, 2015). Additionally, there is some inconsistency

in different experts’ judgments of what should constitute a macroarea. For instance,

Güldemann (2018b) argues that Africa and the Arabian peninsula should be consid-

ered a singlemacroarea, called Afrabia, but this division is not commonly adopted by

typologists, who tend to include the Arabian peninsula in the macroarea of Eurasia.

The second assumptionmadewhen usingmacroarea alone as a control for contact is

that the languages within amacroarea have possibly converged due to areal diffusion.
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This assumption is generally well-founded. Languages within macroareas are likely

to be more similar than languages across macroareas. For Africa, Leyew (2008, p. 35)

succeeds in finding a set of morphosyntactic, lexical, and phonological properties

which are ‘not found at a comparable quantitative magnitude in languages outside

the area’, indicating that Africa could be considered a linguistic area. However, this

strategymay not always be adequate, as it cannot detect areas of convergence within

macroareas. Additionally, it cannot detect contact-induced divergence (Mansfield,

Leslie-O’Neill, and Li, 2023). Thus, this method has limitations which are not shared

by other kinds of spatial models.

As an interest in the effects of language contact and areal diffusion at the micro-

and macro-level continues to rise, there has been an increased recognition of the

need for better models of the geographic space in which languages are spoken and

interact with each other (Guzmán Naranjo, Mertner, and Urban, 2024; Ranacher et

al., 2021). Models including a representation of space to control for areal effects

have been gaining popularity in quantitative studies of language change, linguistic

typology, and historical linguistics (such as the studies by Cathcart et al. (2018),

Guzmán Naranjo and Becker (2021), Guzmán Naranjo and Mertner (2022), Guzmán

Naranjo,Mertner, andUrban (2024), Kauhanen et al. (2018),Murawaki and Yamauchi

(2018), Neureiter et al. (2022), Nikolaev (2019), and Ranacher et al. (2021), and oth-

ers). However, these models can still be difficult to fit in practice, and choosing an

appropriate model is not trivial. Modelling geography is highly challenging, given

the presence of variable terrain elevation, differences in climate, bodies of water

whichmay either facilitate or hinder human travel, and other environmental features

such as forests and deserts. In addition to the complexity of the terrain itself, extra-

linguistic factors are known to influence how languages are impacted by contact.

These include sociolinguistic hierarchies and prestige, the level of bi- or multilingual-

ism between speakers, the duration of contact, the manner of social organisation

of language communities, cognitive or functional biases in the brain, and structural

similarities or differences between the languages involved which may prohibit or

facilitate borrowing (Matras and Sakel, 2007). Additionally, we know that languages

are spoken across highly variable geographic extents, with some languages spoken

in a small area and others spoken across larger areas. In contrast, languages are

often represented as point locations in databases (Dryer and Haspelmath, 2013;

Hammarström et al., 2023; Skirgård et al., 2023). However, it would be effectively

impossible to include all of these factors in a spatial model. When formulating

statistical models, we necessarily rely on a degree of abstraction which allows us to

detect underlying trends and patterns in large amounts of datawhichmay be difficult

to detect by human judgment alone. McElreath (2020, p. 13) reiterates a statistics
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aphorism which summarises this reality: ‘All models are wrong, but some are useful’.

This chapter aims to somewhat remedy the difficulty associated with choosing a

spatial model within a Bayesian framework for a study in linguistic typology, provid-

ing an overview of some of the available methods, their advantages and suitability

for particular data types, and their limitations. Note that all of these methods require

some experience in R, brms, and (for some of the more advanced models) Stan
(Bürkner, 2017; Carpenter et al., 2017).

The chapter will be structured as follows. First, in Section 2.1.1, I will describe

some common tests used in a variety of fields such as spatial econometrics, ecology,

and epidemiology, which can help us determinewhether a spatial model is necessary

for a given dataset. In Section 2.2, I will discuss some of the ways in which we can rep-

resent space in a model when we have either point locations (like latitude/longitude

coordinates, which are generally available for all languages in (Hammarström et

al., 2023)) or language areas in the form of polygons, such as those which can be

accessed through Ethnologue (Eberhard and Fennig, 2023). When either data type

is available, it is possible to represent the spatial relationships between languages

as a neighbourhood matrix (also referred to in the literature as the neighbour graph

or spatial weights matrix) (LeSage and Pace, 2009; Ver Hoef, Hanks, and Hooten,

2018; Wall, 2004). These structures can be used in autoregressive models, which are

common in the fields of spatial econometrics, political science, and ecology, among

others. These models are described in section 2.4.

An alternative approach to spatial modelling of point locations is to use one

or more latent Gaussian processes (GPs), a method introduced for bias control in

linguistic typology by Guzmán Naranjo and Becker (2021). This will be described

in section 2.5. Using a GP can mitigate some of the disadvantages of using points as

a representation of language locations in space, and they provide a highly flexible

way of modelling language contact, although this comes at a computational cost.

Chapters 4 and 5 of this thesis use GPmodels.

In section 2.6, a method for modelling the spatial signal of covariate data (such

as extra-linguistic factors in a study examining the relationship between a linguistic

variable, such as tone, and a non-linguistic variable, such as temperature) will be in-

troduced. This method is used in Chapter 3 for cultural and environmental covariate

data.

Section 2.9 will discuss some methods which have not been presented in detail

here but which areworthmentioning in an overview of spatialmodels. Lastly, section

2.10 will conclude the chapter.
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2.1.1 Spatial autocorrelation

“Spatial autocorrelation exists whenever a variable exhibits a regular pattern over

space in which its values at a set of locations depend on values of the same variable at

other locations. Spatial autocorrelation is present, for example, when similar values

cluster together on a map.” (Odland, 1988, p. 7)

Because languages influence each other across time and space, they violate an

important assumption of many statistical models, namely that data points are in-

dependent and identically distributed, or i.i.d. Related languages are likely to be

more similar than unrelated languages, and so are languages which are spoken in

close geographic proximity to one another. However, this may not be the case for

all grammatical, lexical or phonological properties, nor may it hold equally across all

these properties. Nichols (1992) was among the first to demonstrate that some prop-

erties of language exhibit a greater degree of similarity within areas and families than

others. Because areal dependence between languages is thus a matter of degrees, it

can be helpful to quantify this before beginning analysis. The following section will

outline some of the ways in which spatial autocorrelation can be quantified. Spatial

autocorrelation can also describe situations in which the values of data points on a

map are more dissimilar than would be expected by chance. For example, contact

between languages can, in some cases, lead to divergence rather than convergence

(Mansfield, Leslie-O’Neill, and Li, 2023). In these cases, there would be negative

spatial autocorrelation. The clustering behaviour of simulated data at different levels

of spatial autocorrelation (set by the parameter ρ) in a range from -1 to 1, with 1 being

the highest possible level of spatial autocorrelation, is illustrated in Figure 2.1.

Two of the most common indexes are Moran’s I and Geary’s C, both of which

measure global spatial autocorrelation (Chun and Griffith, 2013). For a given dataset

with locations on a map, Moran’s I and Geary’s C return a single value indicating

how strong the degree of spatial autocorrelation is across the entire dataset. The

difference between the two is that Geary’s C is more sensitive to negative spatial

autocorrelation (Chun andGriffith, 2013, p. 12). Because of this, local outliers (points

whose values diverge from the values of neighbouring points, which are otherwise

similar) have a greater effect on the value returned byGeary’s C.Moran’s I andGeary’s

C are mathematically complementary and, when local outliers for a variable are

not highly influential, they typically indicate similar levels of spatial autocorrelation

(Donegan, Chun, and Griffith, 2021). They can thus be used in combination with

each other.

Some datasets may contain small clusters of high spatial autocorrelation as well

as some which exhibit low or negative spatial autocorrelation. Global Moran’s I and

Geary’s C cannot capture this kind of variation. Thus, when the degree of spatial
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FIGURE 2.1: Spatially autocorrelated data simulated on a map of African
countries.
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autocorrelation is highly variable, local metrics may be more useful. These LISAs

(local indicators of spatial autocorrelation) were introduced and developed by by

Anselin (1995), Getis and Ord (1992), and Ord and Getis (1995). Both Geary’s C and

Moran’s I can be calculated locally as LISAs. As with the global versions of these

indexes, Moran’s I is suitable for detecting overall spatial clustering behaviour, while

Geary’s C is useful for detecting local outliers.

It is important to note that some of these statistics are not designed for use with

categorical or binary data. When the available data is binary, a common approach

is to use join-count statistics, which provide a measure of spatial autocorrelation by

counting how many neighbours share the same value and howmany have diverging

values. The number of neighbours which share the same binary value is compared to

the number of neighbours which would be expected to share the same value under

random chance.

All of the indexes discussed here are implemented in the R package geostan,

which also provides functions for visualising the results (Donegan, 2022; Donegan,

Chun, and Griffith, 2021).

Testing for spatial autocorrelation, regardless of the index used, requires a repre-

sentation of the spatial relationships between the languages. Some common ways of

measuring geographic distance and representing the positions of languages in space

are discussed in the next section.

2.2 How should wemodel space?

The question of how to model space is a challenging one which lacks a straightfor-

ward answer. In a statistical model, we cannot represent reality exactly as it is; in fact,

this would be undesirable, as the point of modelling is to use abstractions in order to

uncover underlying tendencies in a complex world. Thus, this section will describe

some of the abstractions which are commonly used to represent spatial relationships

between locations. To begin with, we can simply distinguish between data for which

we have locations in the form of points, usually given as longitude/latitude coordi-

nates, and areas in the form of polygons or grid cells.

2.2.1 Distances and neighbours

Representing spatial relationships between the locations of languages is not trivial.

Point locations for languages are widely available and more easily accessible than

data on language areas. Although these locations are an abstraction from reality,

pointsmay provide an adequate (and perhaps the only available) way of representing
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the geographic relationships between languages in some cases. To measure the

distance between them, some studies have relied on Euclidean distances, which do

not take topography or the curvature of the Earth into account, but can provide

an adequate approximation of the actual geographic distances between languages

(Guzmán Naranjo and Mertner, 2022; Murawaki and Yamauchi, 2018; Ranacher et

al., 2021). Topographic distances, which involve calculating the shortest distance

between two points while taking terrain elevation into account, provide a more real-

istic way to measure the geographic proximity between languages (Guzmán Naranjo

and Jäger, 2022). In lieu of topographic distances, which can be time-consuming

to calculate for large datasets, Great Circle distances, which are calculated ‘as the

crow flies’ and take into account the curvature of the Earth’s surface, are a good

alternative as they perform almost as well as topographic distances in the model

tested by Guzmán Naranjo and Jäger (2022). Models with topographic distances are

used inChapters 5 and 6 of this thesis. As an example, letD be amatrix of topographic

distances between a hypothetical set of languages L1, L2, and L3, given in kilometres.

D =

L1 L2 L3 L4


L1 0 50 400 300

L2 50 0 700 30

L3 400 700 0 100

L4 300 30 100 0

A common way of representing the relationships between languages in space is

to use a neighbourhoodmatrix (also called a neighbour graph, spatial weightsmatrix,

adjacency matrix, or spatial connectivity matrix) which is often represented as W

in mathematical notation. When W is binary, wij indicates whether location i and

location j are neighbours, in which case wij = 1. Otherwise, wij = 0 (LeSage and

Pace, 2009). W can also be weighted, such that wij includes information about

the the distance between location i and location j. For example, one could devise

a weighting scheme such that wij reflects the distance between pairs, with higher

values for neighbours which are closer together. Defining which pairs of locations in

the weights matrix W are neighbours can be based on a distance threshold beyond

which languages are no longer expected to influence each other. All wii = 0, i.e.,

the same language is not considered a neighbour of itself. Therefore W must have

zeros along the diagonal. Taking the same distances as the one used to specifyD, we

can now specify a binary neighbourhood matrix, Wb, such that languages beyond a

distance threshold of 500km are not considered neighbours:
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Wb =

L1 L2 L3 L4


L1 0 1 1 1

L2 1 0 0 1

L3 1 0 0 1

L4 1 1 1 0

This is a common way of deciding which languages are neighbours (wij = 1) and

which are not (wij = 0). For example, Murawaki and Yamauchi (2018) use a distance

threshold of 1000 km. Languages within this radius are considered neighbours; any

languages which fall outside it are not. The chosen threshold has a significant impact

on model results, and the choice is necessarily somewhat arbitrary, as there is likely

little difference between the probability of a language pair which is 980 km apart

being in contact compared to a pair of languages which is 1003 km apart. There is

also a difference between travelling 1000 km in the Kalahari desert and travelling the

same distance in the rainforest.

Specifying a fixed, uniform threshold within which languages are no longer ex-

pected to influence each other is challenging, as some languages may be in contact

across long distances, while in other cases, contact only occurs between immediate

neighbours over short distances. Thus, when using thresholds of this kind, we need

to make sure they are based on a realistic understanding of contact. For instance, an

inverse distance weighting scheme can be applied on top of a distance-based binary

neighbourhoodmatrix or binary matrix of k nearest neighbours, such that languages

which are further apart exert less influence on each other. Using the binary matrix

Wb and the distances in D shown earlier, we can now apply an inverse distance

weighting scheme such that neighbours which are further apart are given a lower

value (and thus influence) in the weighted version of W, Ww, which could look like

this:

Ww =

L1 L2 L3 L4


L1 0 0.02 0.002 0.003

L2 0.02 0 0 0.03

L3 0.002 0 0 0.01

L4 0.003 0.03 0.01 0

For model inference, W is typically row-standardised such that all rows sum

to 1, which means the values would vary from the ones shown above. In a row-

standardised W, the weights depend on the number of neighbours each language

has.
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An alternative approach to distance thresholds is to use a k nearest neighbours

algorithm, whereby each language is assigned a fixed number of neighbours (k)

regardless of the actual geographic distance between them. This approach was used

by Kauhanen et al. (2018) and can also be combined with weighting schemes, like an

inverse distance weighting scheme, in order to reflect the distance between language

pairs. However, we do not expect all languages to have the same number of neigh-

bours, as is the assumption when using k nearest neighbours. In linguistically dense

areas, the 10 nearest neighbours of a given language would not even encompass all of

its immediate neighbours, whereas 10 nearest neighbours in an area like North Africa

could result in the model assuming contact between languages which are thousands

of kilometres apart. Adaptive k nearest neighbours algorithms provide a promising

way to adjust k according to language density, such that languages in denser areas are

assigned more neighbours. These methods are better equipped to handle variation

in the spatial density of data points.

An important consideration is that spatial weights can be set according to prior

information or hypotheses about the sociolinguistic dynamics of contact. In this way,

neighbourhoodmatrices or graphs are a flexible way for researchers to ‘build in’ their

prior knowledge of how language contact works, or to test different hypotheses about

contact against each other through comparingmodels with different neighbourhood

structures.

2.2.2 Areal data

When a variable is distributed on a regular grid or arbitrary lattice (like polygons), the

weights matrix W is typically defined based on contiguity. There are two main ways

to define contiguity over a set of grid cells, knownas rook andqueen contiguity, which

are illustrated in Figure 2.2. When working with regular lattices like grids, queen

contiguity tends to be the default choice. However, for irregular polygons like the

ones representing language areas, polygon contiguity is defined as any intersection

or overlap between polygons. Thus, if any part of a language territory intersects or

overlaps with the border of another, they will be considered neighbours.

Figure 2.3 shows what happens when polygon contiguity alone is used to deter-

mine which language territories are neighbours and which are not1. These polygons

(shown in purple on the map) from SIL/Ethnologue represent the geographic extent

of languages, and they allow language territories to overlap (Eberhard and Fennig,

2023). It is evident that large language territories have the most neighbours, and

they can be neighbours of languages which are far away in terms of the geographic

1The R package spdep function, poly2nb, was used.
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FIGURE 2.2: Rook vs. queen contiguity for regular grids.

distance measured between the centroids of the polygons. Because polygons are

irregularly spaced, in most datasets some languages will lack neighbours entirely

as their borders do not intersect with those of any other language, even though the

distance between themmay be relatively short. Some languageswill have neighbours

which create a disconnected cluster, like when languages are spoken on an island.

Although such a representation of neighbourhood may be realistic in some ways, it

can create mathematical issues when a graph with many isolated data points and

disconnected clusters is used in a spatial model (Wall, 2004). While polygon conti-

guity is a useful tool when such data is available for languages, it may be a mistake

to assume that languages are only in contact if their territories intersect or overlap.

To solve these issues, in Chapter 3, I combine polygon contiguity with distances,

creating a distance-weighted spatial graph which is fully connected and symmetric.

Thus, different ways of specifying neighbourhood can be combined when defining

W.
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FIGURE 2.3: A neighbour graph based on polygon contiguity for all the
languages in Mozambique. Language polygons are shown in purple; the
land mass is shown in beige. The centroids of the polygons are depicted
as points. The lines show which polygons are defined as neighbours. A
line going from the centroid of one polygon to another means that the

territories of these polygons intersect or overlap.
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2.3 Types of spatial models: An overview

Once we have established the presence of spatial autocorrelation in a linguistic

variable of interest, we can start thinking about what kind of spatial model to use.

This section will describe some well-knownmethods for modelling spatially autocor-

related data, many of which will be used in the later chapters of this thesis. Where

this is the case, a link to the relevant chapter will be included.

2.4 Autoregressivemodels

Spatial autoregressivemodels are a common class of statistical model for the analysis

of spatially autocorrelated data in fields such as econometrics, ecology, sociology,

epidemiology, and many more (LeSage and Pace, 2009). These models essentially

work by estimating the degree of spatial dependence given a spatial graph or neigh-

bourhood matrix which indicates which data points are neighbours and which are

not. Depending on how the matrix is defined, additional information can be in-

cluded, such as the distance between languages. The specification of the neighbour-

hood/weights matrix W influences the results of these models and thus requires

careful consideration (Cressie, 1994; Wall, 2004).

In this section, I will cover two models which can be used to model spatial

dependence given a weights matrix W. This first is the simultaneous autoregressive

(SAR) model (Whittle, 1954). The SAR model was introduced to model the spatial

lag of Y , the dependent variable. The second, developed slightly later, is known

as the conditional autoregressive (CAR) model (Besag, 1974). Like the SAR model,

this model was introduced to model spatial dependence in a variable Y . Choosing

between a SAR and CAR model is not trivial, particularly because they are often

used for seemingly similar studies and they both provide a way to deal with the

issue of spatially autocorrelated data. However, they operate under very different

assumptions, which are important to bear in mind (Ver Hoef, Hanks, and Hooten,

2018).

The fundamental difference between SAR and CAR models lies in their specifica-

tion. SAR models assume a global spatial autocorrelation structure, meaning that

every cell is assumed to influence every other cell, though immediate neighbours

are usually more influential. Thus, the estimated spatial influence of each cell on

the other decays as spatial relationships become more distant. This should not

necessarily be interpreted in terms of geographic distance, but as the effect that

neighbours of neighbours of neighbours (and so on) have on each other in themodel.

Global spatial spillover effects “impact the neighbors, neighbors to the neighbors,
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neighbors to the neighbors to the neighbors, and so on. Local spillovers represent

a situation where the impacts fall only on nearby or immediate neighbors, dying out

before they impact regions that are neighbors to the neighbors” (LeSage and Pace,

2019, p. 3). When global spatial dependence is high, this decay happens more slowly.

The strength and extent of spatial spillovers is controlled by the parameter ρ. In a

model with no covariates, the SARmodel would be implemented as follows:

y = ρWy + ϵ, (2.1)

where ρ quantifies global spatial dependence,W is the spatial weightsmatrix, and

ϵ is an error term.

CAR models, on the other hand, assume a local spatial autocorrelation structure,

where the value at location i is conditional on the values of its immediate neighbours.

This is known as the Markov property, and CAR models are also referred to as a

specific type of Markov random field (MRF). According to Ver Hoef, Hanks, and

Hooten (2018), the spatial CARmodel is typically specified as follows:

Yi|y−i = N

(
n∑

j=1

wi,jyj,mi,i

)
, (2.2)

where Yi is a random variable at the ith location, yj is its realised value, y−i is the

vector of values for all yj where j is not equal to i, W is the spatial weights matrix

with wi,j as its i, jth element, and n is the total number of points in the model. M is

a diagonal matrix with positive diagonal elementsmi,i, which describes the variance.

The values of mi,i may depend on the values of the ith row of W. Overall, what this

formula tells us is that the conditional mean of Yi is a weighted linear combination

of the values at neighbouring locations, without taking into account the values of

every location in W. Because the spatial dependence induced by a CAR model

only includes the immediate neighbours of a given location as defined by W, this

means that we can use sparse representations of W, which makes computations

more efficient. Additionally, this property renders itmore flexible than the SARmodel

when it comes to including disconnected clusters of languages, which can arise when

using language polygons or a low distance threshold to createW.
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2.4.1 Weights and asymmetry

Both CAR and SAR models depend heavily on the specification of W. Some have

proposed methods for inferring W from data; I will not be describing these ap-

proaches as they have not been used in this thesis, but they will be discussed briefly

in Chapter 6. An alternative strategy is to compare the model using cross-validation

using different plausible specifications of W. It is also crucial to draw on prior

knowledge of plausible contact ranges, the terrain, and the social dynamics of the

area under study. One way of incorporating such knowledge is to set spatial weights.

For example, inverse distanceweighting schemes provide a simpleway to build in the

assumption that languages which are close together aremore likely to influence each

other than languages which are far apart. This is commonly used for point locations,

but it can also be applied on top of a neighbourhood matrix defined using polygon

contiguity (for an example, see in Chapter 3 of this thesis). If there is reason to think

that other factors facilitate or hinder contact between languages, these can also be

operationalised as weights. The only drawbacks to doing so are 1) the possibility

of incorporating incorrect assumptions directly into the model structure, and 2) the

increased complexity of the model. Both of these can be mitigated through model

evaluation and comparison.

Asymmetry is a more difficult concept to tackle. Many contact situations are

inherently asymmetric, and the effects of such contact on the languages involved will

reflect this (Matras and Sakel, 2007). Some of the factors which can cause asymmetric

contact effects include prestige and hierarchical relationships between languages,

differences in community size or political or military power, and cognitive biases

which may favour one linguistic variant over another (Trudgill, 2010). Therefore, a

spatial model which allows for asymmetric contact relations would be a welcome

addition to the field. However, most of the existing methods cannot incorporate

asymmetry in the spatial relationships between languages. A CAR model requires

a symmetric weights matrix W (Besag, 1974). Thus, if the influence that languages

have on each other across space is likely to be asymmetric, then a SAR model is a

better choice, as it does not require a symmetric W. However, the nature of the

asymmetry must be specified prior to model fitting; it cannot be inferred by the

model. For example, it would be possible to assign a larger weight (spatial influence)

to languages with a larger community size, modelling the assumption that larger

language communities are likely to exert a greater degree of influence on the smaller

languages around them than vice versa.
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2.5 Gaussian processes for point locations

Conceptually, including a a latent Gaussian Process (GP) in a model means making

the assumption that languages which are closer together in space are likely to be

more similar than languages which are further apart. It is a way of detecting the

underlying or hidden spatial patterns which influence the observed variables (McEl-

reath, 2020). These spatial patterns can be thought of as a ‘hidden surface’ which is

not directly observed but is inferred by the model. Let’s say the observed variable is

the presence or absence of a phoneme. The presence of this particular phoneme is

strongly predicted by its presence in languages within 100 km of each other, but there

are some exceptions. A few languages, perhaps due to other factors like common

inheritance, lack the phoneme despite being within a 100 km radius of languages

which have it. However, the underlying spatial pattern inferred by the model should

still reflect a high probability of languages being similar within a range of 100 km.

This is how a latent GP can detect underlying spatial trends given noisy data.

One of the useful features of a GP is that the spatial range within which data

points are expected to be similar is inferred from the data (Williams and Rasmussen,

2006). In the hypothetical example mentioned above, the model infers similarity

between the values of languages which are located within 100 km of each other, but

for a different feature, this radius could be 300 or 600 km (Guzmán Naranjo and

Mertner, 2022). This concept is often referred to in the literature as the smoothness

of the function (Williams and Rasmussen, 2006). In practice, smoothness refers to

how gradually similarity between observations decays as the distance between them

increases. Because of this property, it is not necessary to specify prior to model

fitting which languages should be considered neighbours, as it is when using an

autoregressivemodel. Thus, using a latent GP allows us to avoid the issues associated

with defining the spatial weights matrix W. This makes a GP uniquely suitable for

modelling contact situations inwhich the expected range of language contact or areal

convergence is unknown.

In more technical terms, a GP is an extension of the Gaussian (normal) distri-

bution to high-dimensional spaces. It can handle non-linear dependencies between

data points in Bayesian regression models (Williams and Rasmussen, 2006). Spatial

autocorrelation is an example of a non-linear dependency, so GPs are well-suited

to modelling spatial data. A GP can capture the covariance (expected similarity)

between all the points in a dataset. In a spatial latent GP model, the covariance

between two points represents how similar observations are expected to be based

on their proximity in space. There aremultiple formulas for calculating covariance in

a GP, and these are referred to as kernel functions. The kernel function calculates the
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expected similarity between observed data points. Thus, it controls how much data

points influence each other across space (Williams and Rasmussen, 2006).

A common default choice of kernel function is the squared exponential kernel,

which assumes that the similarity between points decreases gradually as distance

between them increases. In other words, it assumes a smooth function. However,

this assumption is not alwayswarranted, especially whenmodelling spatial data. The

similarity between languages could decay sharply rather than gradually past a certain

distance. To solve this issue, the Matérn class of kernel functions was developed for

spatial forestry data, which is likely to show sharp discontinuities and thus violate

the smoothness assumption of the squared exponential kernel (Matérn, 2013; Stein,

2012). The Matérn class of kernel functions is better suited to modelling these kinds

of discontinuities in the data.

A GP has two hyperparameters. The first is commonly referred to as the length-

scale or horizontal scale, and it describes how quickly the correlation between two

points (languages) decreases as the distance between them increases. A large value

of the horizontal scale indicates that data points may be correlated across long

distances. For linguistic data in space, this indicates the geographic range within

which languages show similarity. It can be interpreted as the areality or areal extent

of a feature.

The second hyperparameter is called the vertical scale and is the marginal stan-

dard deviation of the GP. It is also frequently referred to in the literature as the

amplitude. It can be thought of as the expected level of variation in the data across

space. Thus, a higher amplitude indicates greater variability in the feature values

of languages at different locations. This could manifest as spatial clusters of feature

values which diverge heavily from the values at other locations. When amplitude is

high, we would expect to see ‘hotbeds’ for particular features with sharp boundaries

around them. In contrast, a low amplitude could indicate a greater level of random-

ness in the distribution of feature values. Spatial clusters may not be as obvious or

clearly demarcated. The amplitude is unrelated to and should not be confused with

the degree of spatial autocorrelation.

The effects of tweaking these hyperparameters for a simulated data example are

shown in Figure 2.4 and 2.5. The data was drawn from a Gaussian process model

given fixed values of the hyperparameters, after which a model was fitted to the data.

The plots show the conditional effects and 95% confidence intervals of the fitted

models. Additionally, the correlation matrix given the relevant values of the horizon-

tal and vertical scale parameters is plotted in the form of lines between the points.

The thickness of the line indicates the strength of potential correlation between two

points. The correlation matrix is determined by the value of the horizontal scale,
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FIGURE 2.4: Effects of varying the horizontal scale parameter on simu-
lated data, with the correlation matrix shown as lines between points.
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FIGURE 2.5: Effects of varying the vertical scale parameter on simulated
data, with the correlation matrix shown as lines between points.

as a larger scale increases the distance along x at which points are expected to be

correlated.

Because the parameters of a GP model interact with each other and can be

difficult to interpret directly, it is crucial to visualise the results on a map. One way

of doing so, which is used by Guzmán Naranjo and Mertner (2022) and Guzmán

Naranjo, Mertner, and Urban (2024), is to draw predictions from the GP after model

fitting using the inferred parameters. These predictions can then be plotted on a

map. This is helpful in visualising, evaluating, and interpreting the underlying spatial

patterns inferred by the GP.

2.6 Spatially lagged covariates

All of the methods so far have been designed to handle spatial lags or spatial au-

tocorrelation in Y , the dependent variable. However, it can be equally interesting

and relevant to model the spatial lag of X (SLX), the explanatory variable(s). This

is referred to as a spatial spillover effect, which has been defined as “the marginal
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impact of a change to one explanatory variable in a particular cross-sectional unit on

the dependent variable values in another unit” (Elhorst and Halleck Vega, 2017, p. 2).

Thus, in addition to modelling the direct effect of X at a particular location on Y at

the same location, the effect ofX at neighbouring locations can also impact Y at the

original location. This can be an especially valuable addition to a model when X is

spatially autocorrelated.

Intuitively, this holds for some of the variables which have been hypothesised to

impact linguistic diversity and structural or phonological features, like temperature.

In Chapter 3 of this thesis, I examine the effect of variables such as political complex-

ity and climate on linguistic diversity. The climate of the area in which a language

is spoken is not independent of the climate at neighbouring locations. A language

spoken in a hot areawith a high level of rainfall is likely to be surroundedby languages

with a similar climate, which means this variable will be spatially autocorrelated.

Additionally, it makes sense to consider the values of neighbouring locations

when we think these could have an impact on the variable of interest. To give a

slightly different example, linguistic diversity could easily be impacted just as much

by the terrain elevation of its neighbours as the terrain elevation of the area within

which it is spoken. This might be the case if the terrain of neighbouring languages

provided a barrier to travel, causing isolation and thereby differentiation or the

maintenance of distinct languages.

SLX terms can be incorporated into a regression model using the following for-

mula:

Y = WXγ +Xβ, (2.3)

where W is a row-standardised spatial weights matrix, WX is the mean value of

covariate X, and γ is a coefficient vector. A function for the inclusion of SLX terms

in spatial Bayesian regression models is implemented in the R package geostan, the

documentation for which also provided the formula above (Donegan, 2022, p. 74).

2.7 Case study: Labial-velar consonants in Africa

In this section, I will briefly compare two of the methods presented here, not just in

terms of their predictive ability but also in terms of the results obtained from each

model type. The dataset which forms the basis of this case study was compiled

by Idiatov and Van de Velde (2021), who examine the areal distribution of of labial-

velar stops (henceforth LV stops) in Africa. The data itself came from RefLex, which
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combines multiple sources of lexical data across Africa (Segerer and Flavier, 2011-

2021). LV stops, like /kp/ and /gb/, are a class of co-articulated phonemes “that are

produced with almost simultaneous gestures of velar and labial closure” (Idiatov and

Van de Velde (2021, p. 72), citing Ladefoged andMaddieson (1996, pp. 332–43)).

Languages with LV stops form an interesting case study of contact effects, as they

are found across a diverse set of language families in a geographically contingent area

in Africa. Meanwhile, LV stops are exceedingly rare outside this area (Clements and

Rialland, 2008). Their presence was a key factor in the proposal of a large linguistic

area called the Macro-Sudan belt, which stretches from Senegal in western Africa to

the Central African Republic (Güldemann, 2008). Another study by Clements and

Rialland (2008) identifies a very similar geographic area of phonological similarity,

notably including LV stops as one of its defining features, which they call the Sudanic

belt. LV stops are mainly concentrated in West Africa and parts of central Africa,

although a few of the languages which have them are spoken further east. The

geographic extent of languages with these consonants matches the borders of the

proposed Macro-Sudan belt quite well (a map of the area is shown in Güldemann

(2018b, p. 473)). Because of their conspicuous areal distribution, their spread has

frequently been attributed to language contact. Their origins are still disputed, with

some arguing for an innovation- or inheritance-based explanation coupled with dif-

fusion through language contact, while others hold that theymay have been a feature

of an earlier substrate language and thus should not be reconstructed to any of the

proto-languages of the region. Regardless of their origins, which Idiatov and Van de

Velde (2021) describe in more detail in light of their findings, contact undoubtedly

played a major role in the spread of LV stops.

In their original study, Idiatov and Van de Velde (2021) calculate the lexical fre-

quency of LV stops in the lexicon of the languages which have them. Because detailed

lexical data is only available for some of the languages in the dataset, this results

in a somewhat smaller but still rich sample of genealogically diverse languages in

Africa. In this study, I will use the lexical frequency of LV stops in each language as

the outcome variable, rather than a binary indicator of whether a language has LV

stops or not. As argued by Idiatov and Van de Velde (2021), lexical frequency provides

a more detailed measure of how entrenched LV stops are in the languages that have

them, thus allowing for a more detailed analysis of their areal distribution.

I excluded languages which were outside the maximum geographic extent of

languages with LV stops, resulting in a sample of 581 languages in a geographic area

stretching from the coast of Guinea-Bissau to the Central African Republic. I did not

exclude languages without LV stops, but restricted the area under study in order to

avoid a highly skewed distribution resulting from the inclusion of languages across
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southern and eastern Africa with no LV stops. The language sample is shown on a

map in Figure 2.6a, and the normalised data on the lexical frequency of LV stops in the

language sample is shown in Figure 2.6b. In order to stay as close to the original study

as possible, I followed Idiatov and Van de Velde (2021) in using a varying intercept

for language family, which is defined as the family affiliation given in WALS (Dryer

and Haspelmath, 2022), to control for shared ancestry. This remains a common

approach in quantitative typology, although some studies have argued for the use

of phylogenetic regression instead (Guzmán Naranjo and Becker, 2021).
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2.7.1 Spatial weights

The main goal of this case study is to compare a simultaneous autoregressive (SAR)

model using different weights matrices,W, with a Gaussian process (GP) model. For

the SAR models, three ways of defining W were compared. The first was a binary

graph with a distance radius of 1000 km, such that any languages within that radius

are considered neighbours (wij = 1) and any languages outside that radius are not

neighbours (wij = 0). The resulting graph is depicted on a map in Figure 2.7a.

The second graph likewise uses a radius of 1000 km to define with languages are

neighbours and which are not, but instead of assigning wij a binary value based on

neighbourhood, exponential weightswere calculated based onGreat Circle distances,

indicating how far away the languages are from each other. Closer languages have a

higher weight and more distant languages have a lower weight, as depicted in Figure

2.7c. The third graph was derived in the same way as the second, using a radius of

500 km instead of 1000 km, as shown in Figure 2.7c. This graph looks very similar to

the previous one because the exponential weights are very low when languages are

more than 500 km away from each other, resulting in faint connections between the

languages. I also tested these against an exponentially weighted W with a smaller

radius of 300 km, which is not depicted on the map but is shown in the model

comparison section.

For the GP model, I used Euclidean distances, which are less realistic as a rep-

resentation of space than other distance measures but are still widely used, as in

e.g. Guzmán Naranjo and Mertner (2022) and Ranacher et al. (2021). Because a GP

estimates the expected range of spatial effects, there was no need to define W or to

use a distance threshold. However, a GP takes significantly longer to run2.

2.7.2 Model evaluation

For this case study, theGPmodel, evenwith Euclidean rather than circle distances, by

far outperformed the SARmodels with variable distance thresholds. The SARmodels

with exponential distance weights also by far outperformed the model with a binary

neighbour graph, indicating the importance of including weights. In contrast, the

differences between the distance thresholds r when using a weighting scheme were

minimal. All the models also included a varying intercept for language family. The

model with only family-level intercepts, without any spatial controls, had the worst

performance by far when compared to the models which included both. The results

of the cross-validation using PSIS-LOO (Pareto-smoothed importance sampling) are

2The SAR models finished sampling in approximately 4 hours, while the GP model finished sam-
pling in around 3 days.
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Model ELPD difference SE difference
GP + family 0.0 0.0
SAR (r = 500, exp.
weights) + family

-195.0 34.9

SAR (r = 300, exp.
weights) + family

-195.3 34.6

SAR (r = 1000, exp.
weights) + family

-196.7 35.0

SAR (r = 1000,
binary) + family

-307.2 39.0

Family only -508.0 43.1

TABLE 2.1: Comparison between GP and SARmodels for LV stops.

shown below (Vehtari, Gelman, and Gabry, 2017; Vehtari et al., 2024). PSIS-LOO is

an approximation of leave-one-out cross-validation, a common way of evaluating

the out-of-sample predictive accuracy of Bayesian models, which is largely used as a

metric of howwell themodel fits the data (McElreath, 2020). Using an approximation

makes it more tractable to compare complex models. When using PSIS-LOO, the

models are compared in terms of ELPD (expected log predictive density), a metric

defined by Vehtari, Gelman, and Gabry (2017, p. 2) which is an approximation of

out-of-sample predictive accuracy. It cannot be interpreted in absolute terms, only

in relation to other models. A higher ELPD is considered better. When doing com-

parisons, the best model has an ELPD of 0.0, and the models which follow it have

negative values that indicate the magnitude of the difference in expected predictive

accuracy between them.

2.7.3 Comparison of results

Here, I will present the results of the best SAR model alongside the results of the GP

model. A SAR model estimates a single parameter that controls the degree of spatial

dependency in the data. In this case, a very high degree of spatial autocorrelationwas

estimated (ρ = 0.93), confirming the areality of LV stops. Draws from the posterior

distribution of the SARmodel for ρ and the outcome variable are shown in Figure 2.8.

This tells us that LV stops are very likely to have spread through areal diffusion.

However, a drawback of the SARmodel is that it fails to detect local areal clusters. This

is likely because of the global spatial autocorrelation structure, which is much less

flexible than a GP. In the predictions drawn from the GP model in Figure 2.9, we can

see that the strongest hotbed for the lexical frequency of LV stops in the lexicon occurs

in a region bordering Nigeria and Benin, which could be the regionwhere these stops

first originated (Idiatov and Van de Velde, 2021). A slightly weaker, disconnected
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FIGURE 2.8: Posterior draws from the SARmodel.

hotbed occurs further west around Côte d’Ivoire, and there is a still slightly weaker

one in further east which includes part of the Central African Republic.

For this dataset, a GP far outperformed the SARmodel, but ARmodels still can be

useful to control for spatial autocorrelation in a computationally tractable way. They

can also give a relatively straightforward estimate of the degree to which a feature is

spatially autocorrelated after controlling for other variables, like family membership.

If the goal is to produce detailed visualisations of where exactly a linguistic feature

is expected to cluster in space, then a GP is the best suited option. In this case

study, the GP also had a much higher expected predictive accuracy, which might be

due to the high level of spatial heterogeneity in this dataset. Nonetheless, I would

recommend their use whenever it is feasible for the size of the dataset. For SAR

models and AR models more generally, I would recommend using distance weights

rather than a binary graph, and comparing different specifications of the graph, as

these can significantly impact the results. Using amore detailed phylogenetic control,

including a covariance matrix indicating how closely related the languages in the

study are, could also improve these models.
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2.8 Limitations and challenges

Gaussian processes and autoregressive (AR) models are both common choices for

modelling spatial data, and they each have advantages and limitations. The main

advantage of a GP over AR models is that they do not require the prior specification

of the spatial weights matrix W. Moreover, a latent GP can identify areal clusters in

a more flexible way than an AR model and, as shown, they are significantly better at

predicting unseen data, which has positive implications for their use in missing data

imputation (GuzmánNaranjo, Mertner, andUrban, 2024). However, all of this comes

at a computational cost. Exact GPs are computationally intensive and therefore, they

are prohibitively expensive to apply to large datasets. This limits their applicability to

large-scale studies. However, approximation methods for GPs exist and can provide

a way around the long computation time. The basis function approximation for GPs

presented in Riutort-Mayol et al. (2022) is implemented in the R package brms, and

it was coded in Stan for Chapter 6 of this dissertation3. The main disadvantage of

this approximation method is that it requires the use of Euclidean distances, which

means sacrificing some of the geographic realism of the model. It also requires the

number of basis functions to be specified prior to model fitting, which is non-trivial

(for practical recommendations on this, see Riutort-Mayol et al. (2022)).

The flexibility of a GP can make the interpretation of results challenging. Unlike

in CAR/SAR models, none of the estimated parameters in a GP directly respond to

the degree of spatial autocorrelation. Because of this, it is not enough to examine

3This was done with help fromMatías Guzmán Naranjo.
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the posterior estimates and uncertainty intervals of the parameters; it is also crucial

to visualise the results of the GP using spatial interpolation methods, which can be

challenging to code. These visualisations are crucial to understanding the model

results and even then, they are not always straightforward to interpret.

Another issue is that GPs require locations to be represented as points, not ar-

eas, precluding the use of polygon data with GP models. However, this is a field

experiencing fast developments and this limitation of may be overcome in the future.

Using a realistic, well-foundedmeasure of geographic distance canmitigate this issue

(GuzmánNaranjo and Jäger, 2022). Additionally, asymmetry cannot be directly incor-

porated into the covariance matrix used for a GP, as this must be symmetric, which

is a potential limitation when modelling contact effects which may be asymmetric

(Williams and Rasmussen, 2006). However, see Guzmán Naranjo et al. (2025) for an

alternative way to include asymmetry in a GP model while keeping the covariance

matrix symmetric.

In AR models, areal data can be used directly to define spatial contiguity, which

means that these models may be more suitable when polygon data is available.

When polygons are not available, some researchers use triangulation methods, such

as Voronoi tessellation, in order to derive approximate polygons from the point

locations at which languages are spoken (Aurenhammer and Klein, 2000). These

can then be used to define neighbouring languages based on which of their borders

intersect. However, there is little consensus on whether the resulting polygons are a

realistic representation of the geographic extent of languages (Kälin, 2017). In real

life, language territories can and do overlap with each other, which is not the case

when using Voronoi tessellation. In particular, it is uncertain whether these approxi-

mated polygons are better than using a realistic measure of distances between point

locations, such as topographic distance.

Arguably the main limitation of AR models lies in the need to define the spatial

relationships between languages through the specification of a neighbour graph or

matrix,W. Often, we do not know prior to model fitting which languages have been

in contact andwhich have not. Thus, although thesemodels are less computationally

intensive to fit than a GP, if there is any uncertainty around W (which is usually

the case), it may be necessary to conduct more extensive model comparison and

evaluation in order to make sure that the specification of W will not cause biased

results. As done in the case study, one way to do this is to compare a set of models

with different specifications ofW, which are based on plausible distance thresholds

for contact. This can be used as an indirect way to infer the most likely spatial

range within which language communities are in sufficiently regular contact to effect

linguistic change. Thus, the issues with specifying W can be mitigated through
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model evaluation as well as using the existing literature on the dynamics of language

contact and areal diffusion in order to create the most realistic W possible (see e.g.

Bickel (2017), Evans (2020), Lüpke (2016), Mansfield, Leslie-O’Neill, and Li (2023),

Nichols (2020), Nikolaev (2019), and Pakendorf, Dobrushina, and Khanina (2021),

among many others).

2.9 Discussion

Because this chapter cannot describe every possible method for modelling data in

space, the following section is intended to give a brief outline of some alternative

approaches to the oneswhich have been discussed so far. These approaches have not

been implemented as part of this thesis, but may be useful for the reader interested

in exploring further spatial modelling possibilities.

Generalised additivemodels (GAMs), as implemented by Idiatov andVan de Velde

(2021) and Winter and Wieling (2016) and others, are outside the scope of this thesis.

Similar to GPs, a GAM allows for the use of splines, which provide a less compu-

tationally intensive way to estimate non-linear dependencies between data points

(McElreath, 2020). However, they suffer from the same issues with interpretability as

GPs, so high-quality visualisations are crucial for understanding their results (Idiatov

and Van de Velde, 2021).

Geographic distances can also be used to specify a covariance matrix prior to

model fitting, given a kernel function and a set of parameters, as done by Skirgård

et al. (2023) using Great Circle distances. Skirgård et al. (2023) also make use of a

recent method for approximate Bayesian model inference, implemented for R users

in R-INLA, which allows the user to fit fast GPs and other spatial models. Unlike Stan,
these models do not require sampling via MCMC chains as they result in an approx-

imate posterior rather than an exact one, and are thus extremely fast. However, this

interface lacks the diagnostics provided by Stan which can alert us to model misfit,

misspecification, and mathematical errors, which may cause issues to go unnoticed.

Nonetheless, it is a promising framework for spatial modelling of very large datasets

which should be noted here as an alternative to more traditional MCMC sampling

methods.

The focus of this chapter, and this dissertation, is on the spatial modelling of syn-

chronic language data. The temporal dimension of linguistic variation and change

is included as a control in all the models presented in this thesis, but these models

do not explicitly model evolution like phylogenetic models do, which is a potential

limitation (Jäger, 2013).
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2.10 Conclusion

This chapter has been intended as a mostly conceptual overview of some of the

Bayesian spatial modelling techniques which are applicable, and in some cases have

already been used, in studies on linguistic typology. Details of their implementation

in R have been provided where possible. Spatial models, like any statistical method,

should be selected based on the type of geographic data and the amount of data

available, as well as the goal of the study. The main goal of this chapter has been

to illustrate the breadth of possibilities in the field of Bayesian spatial models and

how these methods can be used in quantitative studies of language contact and

related fields in which controlling for the effects of contact might be necessary. It

should be clear that there is no ‘one size fits all’ solution to modelling the effects of

language contact and areal diffusion. Having a diverse set of methods at our disposal

is necessary if we are to tackle a diverse set of questions.
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Chapter 3

Cultural and environmental correlates

of linguistic diversity in Africa

In this chapter, I will use a Bayesian spatial model to investigate some of the cultural

and environmental correlates of linguistic diversity in Africa. One of the goals of

the study is to examine whether the variables which influence linguistic diversifi-

cation are distinct from those which influence the emergence and maintenance of

phylogenetic diversity over time. A methodological innovation is that the model

contains spatially lagged predictor variables, which can capture covariate effects of

spatial neighbours on linguistic diversity (Donegan, Chun, and Griffith, 2021). This

method has not been applied to the study of diversity before. The results suggest

that some of the effects of cultural and environmental variables on language density

and phylogenetic diversity are indeed different, suggesting that it may be helpful to

distinguish between quantitative measures of diversity which focus on how different

languages are as opposed to those which focus on howmany languages are spoken in

a given area. An additional goal of this study is to evaluate previous hypotheses and

findings on the variables which impact linguistic diversity in the context of Africa

using a new methodology (Currie and Mace, 2009; Hua et al., 2019; Huisman, Majid,

and Hout, 2019; Nettle, 1996, 1998). The results provide support for many of the

previous findings, with the caveat that they depend on how we define linguistic

diversity in quantitative studies.

3.1 Introduction

Around 7,000 distinct languages are currently spoken across the globe, although the

exact number remains elusive (Eberhard and Fennig, 2023; Hammarström et al.,

2023; Nettle and Romaine, 2000). In large part, this has to do with the ongoing

extinction of the world’s languages, many of which have never been described and

about which very little is therefore known (Evans, 2010). Another issuewith assigning
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a number to the world’s languages is that the line between languages and dialects

is famously blurry. Should two lects which are mutually intelligible but which have

different names and are spoken by distinct communities be counted as two distinct

languages? The answer to this question impacts howwemeasure and study linguistic

diversity, including how it arises and how it is lost, questions which have occupied

researchers in linguistics for several decades andwhich continue to be relevant today

(Bromham et al., 2022; Currie and Mace, 2009; Evans, 2010; Hua et al., 2019; Nettle,

1998; Nichols, 1992).

Linguistic diversity is unevenly distributed across the world, as illustrated in

Figure 3.1. However, linguistic diversity is not just unevenly distributed in the sense

that, if we divide the land mass of the world into grid cells of equal area, some grid

cells may have hundreds of languages while others have only one or two, or none

at all. The uneven spread of languages is clear in the distribution of speakers, too:

the fifteen largest languages in the world are spoken by almost half of the world’s

population (Nettle and Romaine, 2000). In reality, languages are not discrete entities;

the majority of the world’s population speaks at least two languages, and thus, most

of the world’s languages exist in simultaneous relation to other languages (Evans,

2017). In many cases, this relationship is hierarchical or diglossic, with one language

being used in formal settings like politics, bureaucracy, and education, while other

languages spoken by the same population are restricted to informal social settings

(Nettle and Romaine, 2000). In this way, the distribution of languages in space is inex-

tricably linked to the sociolinguistic settings in which they are spoken. Languages are

also spoken in diverse geographic environments; some are spoken in tropical areas,

where linguistic diversity tends to accumulate alongside biodiversity (Nettle, 1998),

while others are spoken in desert environments or mountainous areas. The environ-

ment has been hypothesised to impact linguistic diversity in direct and indirect ways

(Hua et al., 2019; Huisman, Majid, and Hout, 2019; Nettle, 1998). The purpose of

this study is to estimate and disentangle the impact of cultural and environmental

predictors of linguistic diversity, using two different ways of quantifying linguistic

diversity in order to shed light on distinct diachronic processes of diversification.

The map in Figure 3.1, in depicting only the number of languages within each

grid cell, obscures an important facet of linguistic diversity, namely phylogenetic

diversity. This is especially relevant for Africa. Africa is the continent with the

longest history of human habitation, with over 2,000 languages spoken across the

continent. It may seem surprising in light of this that Africa has been characterised

by some as lacking in phylogenetic diversity (Blench, 2013). Compared to North and

South America, Africa has almost double the number of extant languages, but while

the Americas combined have over seventy isolates and over forty small phyla, the



Chapter 3. Correlates of linguistic diversity in Africa 43

0

1

2

3

4

5

language density (log)

FIGURE 3.1: Global language density on an equal-area projection divided
into 300 by 300 km grid cells.

majority of Africa’s languages have been grouped into the four major phyla proposed

by Greenberg (1963), and there are few undisputed isolates, according to Blench

(2013, p. 44).

The established genetic groupings of Africa are not uncontested. Dimmendaal

(2008b) andGüldemann (2018a) favour amore diverse viewof African languages than

Blench (2013). Some of the internal divisions within Niger-Congo, such as the At-

lantic group, could be areal rather than genealogical groupings, and other subgroups

which Greenberg (1963) included in the phylumhave arguably weak evidence for this

affiliation. Dimmendaal (2008b) argues for the treatment of these groups, Mande

and Ubangi, as independent language families, at least until stronger evidence for

a Niger-Congo affiliation can be presented. This view is reflected in the uncertain

classification of groups such as Mande, Ubangi and Songhay in Hammarström et al.

(2023). Uncertainty around genealogical classifications can make it more difficult

to measure phylogenetic diversity, which may explain why language density has

been the focus of several prior studies like Currie and Mace (2009) and Hua et al.

(2019), while Bromham et al. (2022) take a different approach bymeasuring language

endangerment rather than diversity. In contrast to previous approaches, the present

study will treat language density and phylogenetic diversity as potentially driven by

distinct processes.
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3.1.1 Previous findings and hypotheses

A striking pattern emerges when one visualises the distribution of global language

density: languages tend to be clustered most densely along the Equator, where the

climate is tropical. Themost linguistically dense area in theworld is found inmodern-

day Cameroon in Africa, which is located near the Equator. Tropical areas also have

the largest number of distinct flora and fauna in the world, and indeed, language

diversity has been found to correlate with biodiversity (Nettle, 1998). Tropical cli-

mates are characterised by an abundance of natural resources, the availability of

which varies little from season to season. On the other hand, seasonal climates are

characterised by a high level of ecological variability, such that resource abundance

is followed by resource scarcity. Borrowing terminology from economics literature,

Nettle (1996, p. 413) referred to the level of ecological variability and availability

of subsistence resources in the natural environment as ecological risk. Based on

this observation, Nettle (1996) hypothesised that low ecological risk is central to the

maintenance of small, distinct linguistic communities. The hypothesis holds that

the minimum viable community size differs between areas based on their ecological

risk; if a community is too small for its environment, it will be more likely to increase

contact and exchange with its neighbours, or to increase its spatial extent. This

mutual dependence between communities may be facilitated by the presence of a

shared language and linguistic identity, which means that they could lead to the

gradual loss of linguistic diversity through convergence or language shift.

Globally, small language communities are not rare. In Arnhem land, some lan-

guages have been spoken in communities counting around 70 speakers for as long

as anyone can remember (Evans, 2010, p. 8). Humans have likely existed in small

groups surrounded by communities speaking distinct languages for the vast majority

of our evolutionary history (Evans, 2010, pp. 10–11). Small communities of speakers

can and do have intensive contact with each other in the formofwidespreadmultilin-

gualism and tight-knit social networks, which may also be accompanied by material

exchanges and marriage patterns such as exogamy (Pakendorf, Dobrushina, and

Khanina, 2021). This contradicts the idea that intensive contact, exchange and collab-

oration between linguistic groups necessarily leads to a loss of linguistic diversity. On

the other hand, it could be argued that small-scalemultilingualism is uniquely viable

in areas of low ecological risk. A well-studied area of this kind of multilingualism, de-

scribed by Di Carlo, Esene Agwara, and Ojong Diba (2020), is the Lower Fungom area

of Cameroon, which has a tropical climate. However, small-scale multilingualism

is also found in areas which are not tropical, including highland Daghestan in the

Caucasus, and it has been argued that in some cases, strong connections between

small societies have been forged as a means of protection from resource scarcity
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and other external risks (Pakendorf, Dobrushina, and Khanina, 2021). Thus, low

ecological risk may contribute to the viability of small linguistic communities, but

cultural norms which resist the subsumption ormerging of linguistic identities could

also be a powerful force acting against language loss and shift (Comrie, 2008; Evans,

2010).

Hua et al. (2019) investigated the impact of environmental variables on global

language density and found that climate is the strongest environmental driver of

language diversity. This provides some support for the ecological risk hypothesis. The

authors applied their model to a large global dataset without focusing on potential

variation between the differentmacroareas of theworld. Since the drivers of language

diversity may not be the same everywhere, it is worthwhile to re-investigate these

hypotheses with reference to specific areas. Another reason to re-test some of the

same hypotheses is that Hua et al. (2019) only investigated the impact of environ-

mental variables. If cultural factors simultaneously impact linguistic diversity, some

environmental effects may appear stronger or weaker once these other variables are

controlled for (McElreath, 2020).

Another hypothesis about how the environment drives variation in patterns of

language diversity, which was also investigated by Hua et al. (2019), is the isolation

hypothesis. Geographic features such as mountains, valleys, and bodies of water can

isolate speech communities from each other, leading to diversification over time;

this is analogous to observed processes of differentiation by geographic isolation

in genetics (Huisman, Majid, and Hout, 2019; Orsini et al., 2013; Wright, 1943). As

an example, the astounding linguistic diversity of the Caucasus has been linked to

its highly variable terrain, although it has been argued that its cultural norms have

been just as important, if not more so, in shaping the linguistic landscape of the area

(Comrie, 2008).

It should be clear that it is not straightforward to disentangle the impact of geog-

raphy from the impact of social factors on linguistic diversity. This is particularly true

for cultural practices which depend directly on the environment, like subsistence

strategies. Other cultural features may be impacted indirectly by the environment,

although the nature and strength of this impact is not well understood. One aspect of

culture whichmay be indirectly impacted by the environment is political complexity,

i.e., whether societies organise themselves as autonomous bands or villages or larger

chiefdoms or states (Murdock and Divale, 1999). Political complexity could be linked

to subsistence strategy, which in turn depends on the environment. It has been

argued that the practice of agriculture facilitates the long-term storage of food, which

couldmake it easier for essential resources and thus for political power to accumulate

in the hands of a few individuals (McIntosh, 1999). However, it is unclear whether
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there is indeed a causal link between political complexity and agriculture, especially

since ‘agriculture’ encompasses a broad spectrumof cultivation and food production

practices of varying levels of intensity and utilising diverse crops, not all of which

necessarily lead to the creation of surplus (Bostoen, 2020; Haudricourt and Dibie,

1987).

Africa is home to some of the most linguistically dense areas of the world, and

according to the Ethnographic Atlas, most societies in Africa rely at least partly on

agriculture for food production (Gray, 1999; Murdock, 1967). This includes com-

munities in some of the most linguistically dense and diverse areas. Historically,

the most well-known and impressive spread of a single language family in Africa is

the Bantu Expansion, and the Bantu-speaking populations who migrated cannot be

characterised as agriculturalists (Bostoen, 2020). In general, the link between lan-

guage spread and food production has been contested (see Diamond and Bellwood

(2003) and Renfrew (1992) in support for this idea, and Bostoen (2020) for a rebuttal

of it in relation to the Bantu Expansion). Focusing on both African and Eurasian

languages, Currie and Mace (2009) examined the influence of political complexity

and subsistence strategy on language area, concluding that both political complexity

and, to a lesser extent, agriculture, correlatewith a larger language area. This suggests

that the effect of political complexity on language spread is not merely a result of its

hypothesised (and contested) relationship with agriculture. In other words, political

complexity appears to facilitate the spread of linguistic groups regardless of their

dominant subsistence strategy (Currie andMace, 2009).

3.1.2 Diachronic perspectives on linguistic diversity

It is not clear whether the maintenance of linguistic variation and phylogenetic di-

versity over time is driven by the same processes as the coexistence of several closely

related languages in an area, as the latter can be indicative of recent language diver-

sification. Following Nichols, 1992, p. 13, some spread zones (areas of low genetic

and structural diversity, often dominated by languages belonging to a single family)

could be linguistically dense without being linguistically diverse in the same way

as accretion zones (areas in which structurally and genealogically diverse languages

have likely coexisted for a very long time).

In this study, two separate but related processes will be modelled: first, the

maintenance of a high level of phylogenetic diversity over time, and second, the

co-existence of many distinct languages in close proximity to each other. Although

these are certainly related, they could be shaped by different diachronic processes.

For example, in areas where many closely related languages are spoken, this state
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may indicate relatively recent diversification from a common ancestor. Differenti-

ation between these languages could have taken place due to factors like social or

geographic isolation, environmental changes, neutral drift, or processes of contact-

induced divergence (Bickel, 2017; Mansfield, Leslie-O’Neill, and Li, 2023).

The diachronic processes which give rise to residual zones includes the gradual

addition of languages over time which contributes to overall genetic and structural

diversity in an area (Nichols, 1992). The earliest habitants of this eastern African

residual zone were likely the ancestors of the speakers of Hadza and Sandawe, al-

though the exact time depth is not known (Kießling, Mous, and Nurse, 2008). These

languages were, and in some cases still are, referred to as Khoisan languages in the

literature, following Greenberg (1963). Now, Khoisan is a term that encompasses

a group of languages which share certain features, most notably click consonants,

and which are distinct from neighbouring larger language families (Vossen, 2013).

There is still significant uncertainty regarding their internal classification, which

may also explain the continued use of the term. Most scholars treat Hadza as an

isolate (Güldemann and Vossen, 2000), while the status of Sandawe is uncertain, with

some positing a genealogical relationship between Sandawe and Khoe-Kwadi on the

basis of the similarities between them (Güldemann and Elderkin, 2010), while others

maintain that it is an isolate (Sands, 1998).

The area was likely populated in waves by speakers of Cushitic languages fol-

lowed by Niger-Congo languages and Nilotic languages, all of which contributed

to the diversity of the area (see Dimmendaal (2020) and Dimmendaal, Crevels, and

Muysken (2020) for a fuller discussion of African migration pattern). Although these

groups likely displaced speakers of languages that might have been related to the

earlier populations, overall, the area appears to have been characterised by a gradual

increase in diversity rather than its loss. This diversity has then subsequently been

maintained, and this could be linked to the absence of stable hierarchical relations or

to isolation as a result of rugged terrain (Kießling, Mous, and Nurse, 2008). Thus, the

conditionswhich lead to the emergence andmaintenance of residual zones over time

may be different to those which lead to linguistically dense zones comprising related

languages, although there is undoubtedly some overlap between the two (Nichols,

1992).

3.1.3 Overview of the chapter

This study aims to investigate the ideas presented above using a new Bayesian spatial

modelling approach, incorporating a larger number of cultural predictor variables

than previous studies and using new ways of measuring linguistic diversity. The
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following section will first present the data sources used for the cultural and envi-

ronmental predictor variables. Some different possible ways of measuring linguistic

diversity will be discussed, along with their advantages and disadvantages, with

the conclusion that language density and phylogenetic diversity can be treated as

distinct outcome variables. Following this, the results of the best models will be

described, taking model uncertainty into account, and the different models will be

compared. The study will conclude with a discussion of the results in the context

of the literature, as well as some remarks on the methodology and its potential, and

possible directions for future research.

3.2 Materials andmethods

3.2.1 Language territories

The data on the locations of the languages in Africa was licensed from the World

LanguageMapping System1 as part of the Summer Institute of Linguistics (SIL), which

gathers data on language locations through an extensive network of field researchers

(Eberhard and Fennig, 2023). This dataset includes the spatial extent of the world’s

languages in the form of digital polygons. Polygons provide a better representation of

the geography of a language than points, as languages are spoken across areas rather

than at single point locations. Language areas often overlap or intersect, which is

also the case in the polygon dataset. These polygons can also be used to calculate the

size of language territories and retrieve detailed information about their climate and

topographic features, while taking the entire language area into account.

3.2.2 Environmental data

The environmental variables were retrieved from the WorldClim database through

the R package raster. This database is open source and includes global information

on climatic variables like temperature and rainfall. The variables which are included

in this study are listed in Table 3.1.

The idea that geographic isolation leads to greater diversification or maintenance

of diversity predicts that regions with a greater variability in elevation should have a

higher level of linguistic diversity. This is tested by adding terrain ruggedness index

(TRI) to themodel (Riley, Degloria, andElliot, 1999). Rather thanmeasuring elevation

alone, TRI is ameasure of terrain variability. Thus, it provides a goodmeasure of how

difficult it is to travel within an area, given its terrain. For example, some highlands

1More details on the dataset can be found at https://www.worldgeodatasets.com/language/.

https://www.worldgeodatasets.com/language/
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FIGURE 3.2: Terrain Ruggedness Index calculated for South Africa,
Lesotho and eSwatini. Lighter colours indicate areas of more rugged
(variable) terrainwhile dark colours represent areas ofmore even terrain.

may have high terrain elevation but little variability, meaning that travelling within

that area would not require people living there to ascend or descend mountains in

order to access a nearby location. This kind of area would have a lower TRI than an

area comprising both valleys and mountains, which would require a person to travel

across or around a mountain in order to get from one valley to another. Calculating

TRI requires a raster Digital ElevationModel (DEM), which is a digital representation

of the Earth’s topographic surface. A raster is made up of grid cells representing

specific locations. TRI quantifies the level of topographic heterogeneity in an area

by measuring elevation differences between a grid cell and its eight neighbouring

grid cells (Riley, Degloria, and Elliot, 1999). An example of what TRI looks like for

the surface of South Africa is shown in Figure 3.2. This is then averaged across each

of the polygons in the dataset in order to obtain a measure of mean TRI for each

language territory. The mean TRI for each language (depicted as the centroids of

their territories2) is shown in Figure 3.3.

2This is due to restrictions on visualising and sharing some of the polygons in the dataset.
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FIGURE 3.3: Mean Terrain Ruggedness Index (TRI) for each language
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Variable name Description
Temperature Annual mean temperature
Diurnal range Mean difference between

monthly maximum and
minimum temperatures

Annual range The difference between annual
maximum andminimum

temperatures
Temperature seasonality The standard deviation of

monthly mean temperatures
Annual precipitation The amount of rainfall per year
Precipitation seasonality The difference between the

maximum andminimum
annual rainfall

Terrain ruggedness Variation in terrain elevation
within a polygon area

TABLE 3.1: All the environmental variables included in the study.
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3.2.3 Cultural data

The cultural datawas downloaded fromD-PLACE, an online databasewhich includes

two large-scale cultural datasets (Kirby et al., 2016). For the purposes of the present

study, only data from the Ethnographic Atlas was used, originally compiled by Mur-

dock (1967) and later corrected by Gray (1999). The data source for Kirby et al. (2016)

is the codebook published in Murdock and Divale (1999). Importantly, imposed

regimes such as colonial states are excluded from the Ethnographic Atlas, asMurdock

(1967) attempted to capture historical, pre-colonial ways of life in Africa. Whether

this endeavour was successful is an ongoing debate, and it is important to note that

it is necessarily an approximation of past states (Cogneau and Dupraz, 2014; Herbst,

2000; White and Brudner-White, 1988). Nonetheless, in the absence of any other

database with similar data and coverage, the Ethnographic Atlas has been used as

a reflection of historical ways of life in Africa in several studies (Michalopoulos and

Papaioannou, 2013; Nunn, 2008; Nunn and Puga, 2012).

The list of selected cultural variables, all of which are ordinal, is shown in Table

3.2. Variable selection was done on the basis of previous literature, cross-validation,

and data coverage, excluding variables in Kirby et al. (2016) which had a large num-

ber of missing values for African societies. Preliminary model comparison using

Pareto smoothed importance sampling (PSIS-LOO) was done in order to select the

best performing set of predictor variables which were also relevant to the literature

(Vehtari, Gelman, and Gabry, 2017; Vehtari et al., 2024). All of the variables in the

final set are ordinal,meaning they have discrete values representing states going from

lower to higher values along a meaningful scale. For example, political complexity is

ordered from 1 (autonomous local communities) to 5 (complex states). Community

hierarchy is ordered from 2 (independent families) to 4 (nuclear families nested

within extended families or clan-barrios) (Murdock and Divale, 1999). Settlement

strategy was transformed by merging some of its levels in the original dataset into

a measure of how sedentary societies are, ranging from 1 (nomadic societies) to 4

(societies living in large permanent settlements).

The inclusion of cultural data significantly limits the sample size of this study.

There are 2,067 language polygons in Africa according to the SIL dataset, but only

366 of these are in D-PLACE (Kirby et al., 2016). These languages, their locations, and

family affiliations according to Glottolog are depicted in Figure 3.4 (Hammarström

et al., 2023).
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Variable name Description
Political complexity Levels of jurisdictional

hierarchy beyond the local
community

Community hierarchy Levels of jurisdictional
hierarchy of the local

community
Settlement strategy The level of settlement

permanence (nomadic to
permanent settlements)

Agriculture The level of dependence on
agriculture for subsistence

TABLE 3.2: All the D-PLACE variables included in the study.
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FIGURE 3.4: Languages in the sample with their point (centroid) loca-
tions. The colours represent language families.
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3.2.4 Quantifying linguistic diversity

Previous quantitative studies of the factors which facilitate or reduce linguistic di-

versity have used different ways of measuring diversity. Thus, it can be difficult to

compare results across studies. For example, Hua et al. (2019) measured linguistic

diversity by counting the number of language polygons which overlap with each grid

cell, while Currie and Mace (2009) measured the density of languages in a given area.

Both of these strategies result in a measure of linguistic diversity which does not

include any information about how different or similar the languages are. Huisman,

Majid, and Hout (2019) use an approach which quantifies the lexical difference

between languages, which is similar to the method which will be used here.

Based on language density alone, Africa appears to be more linguistically diverse

than South America, as seen in the world map in Figure 3.1. However, as discussed

previously, Africa has fewer isolates and phyla than South America, so it is typically

considered less genealogically diverse (Blench, 2013). Thus, genealogical diversity (or

lack thereof) might be obscured when we measure linguistic diversity by counting

languages.

When devising a measure of linguistic diversity, the first thing which should be

defined is the spatial extent of that measurement. Using grid cells is one way of mak-

ing sure that the chosen measure of linguistic diversity is applied over a consistent

geographic range, as in Hua et al. (2019). However, using grid cells as data points

means needing to average the predictor variables within each cell. This makes sense

for environmental variables, as the mean temperature within a given area is informa-

tive. For cultural variables, however, this would be more problematic, partly due to

data sparsity. Dividing Africa into 300 by 300 km grid cells would result in many cells

which contain only one or two language polygons which are in D-PLACE (Kirby et al.,

2016). Those same grid cells might contain a large number of languages for which

no information is available. This means that the aggregate level of a cultural variable,

like political complexity, for a grid cell with several languages could be determined by

only one or two languages in that grid cell. Because of this, averaging over the values

of sociocultural variables within grid cells may lead to arbitrary results or obscure

real-life diversity. Thus, in order to keep as much language-specific cultural data as

possible, I chose to devise a measure of linguistic diversity that could be calculated

per language rather than across an arbitrary spatial range.

Drawing on the idea of language ecology developed in Mufwene (2001) and used

in a study by Bromham et al. (2022), a measure can be devised which represents

the diversity in the immediate vicinity of a given language community. This idea

involves seeing languages and their speakers within the context of their surroundings

(or language ecology), which encompasses social as well as environmental factors.



Chapter 3. Correlates of linguistic diversity in Africa 54

The social context includes the number of distinct languages in a society’s immediate

vicinity, and how different those languages are from each other.

For the purposes of this study, all the language territories which intersect or

overlapwith another language polygonwere included in the ecology of that language.

Two territories intersect if their borders touch, and they overlap if they share part

of the same territory. Using this definition of language ecology, two different mea-

sures of linguistic diversity can be derived. First, for each language, the language

territories which intersect it are retrieved. These are counted to obtain a measure

of the language density surrounding a given language territory. After that, I retrieve

information about how different the languages within the given language ecology are

from each other. Levenshtein distances, also called edit distances, are a well-known

way of measuring how different languages are from each other given a word list of

stable concepts, like a Swadesh list (Holman et al., 2008). However, Jäger (2013)

outlines some potential issues with using edit distances as a proxy for phylogenetic

diversity and introduces PMI distances as an alternativemeasure of aggregate linguis-

tic differences which is better suited to handling data sparsity and detecting related

languages. Thus, PMI distances are used here as a proxy for phylogenetic diversity.

Crucially, automated measures of linguistic difference do not rely on expert judg-

ments of language relatedness, which can be an advantage when these judgments

differ (as they do between e.g. Blench (2013) and Dimmendaal (2008b)).

Figure 3.5a illustrates how language territories are counted as part of the ecol-

ogy of a language, in this case Tunisian Arabic. We can see that Algerian Arabic,

Libyan Arabic, and two Berber languages are counted as part of this language ecology.

When counting the language density surrounding Tunisian Arabic, the number of

languages would thus be four. Some polygons are discontinuous, like that of Libyan

Arabic, which is why there is a yellowpolygonwhich appears to be disconnected from

the rest of the yellow polygons in the plot. In some cases, a single language is spoken

in more than one area, and that language will be represented as a discontinuous

polygon.

In Figure 3.5b, the same concept is applied to a smaller language territory, Kouya,

a Kru language spoken in West Africa. Kouya’s territory intersects with that of three

other languages, two of which also belong to the Kru family, and one of which is a

Mande language and thus unrelated to Kouya. Because of this, although Kouya is

surrounded by fewer languages than Tunisian Arabic, it could be quantified as an

area with a more phylogenetically diverse ecology. These maps highlight another

potential issue: it would be problematic to directly compare the ecology of a language

with a large spatial extent, like Tunisian Arabic, to that of a smaller language without

controlling for the effect of territory size. Large language territories are more likely
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FIGURE 3.5: In these plots, the neighbouring polygons counted as part
of the language ecology are yellow. The polygon centroids are labelled
with their language ISO codes; polygons which are not neighbours of the
target language are dark purple. The beige areas represent the landmass

of Africa where there are no language polygons.

to overlap with or intersect a larger number of languages. Because of this, language

area is included as a control in the model.

The measures of phylogenetic diversity and language density are shown for the

entire language sample used in the model in Figure 3.6. The sample includes 366

languages, which are depicted as point locations representing the centroid of each

polygon on the map.

3.2.5 Transformation of predictor variables

One of the issues with including a set of interdependent variables in a single model

is that the correlations between them can bias the results and lead to high uncer-

tainty estimates. This is referred to as multicollinearity (McElreath, 2020, p. 162).

A common method for reducing multicollinearity is Principal Components Analysis

(PCA). This reduces complex data to a few key components which can explain most

of the patterns in the data. Crucially, these components aremaximally different from

each other, which means that they are less correlated than the raw variables. For

the climate variables, the PCA resulted in two main principal components, similar

to the result obtained in Bentz et al. (2018). The first component mainly relates

to temperature, with higher values indicating higher temperatures and a tropical

climate. The second component relates to temperature and rainfall seasonality. The
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FIGURE 3.6: Neighbouring language density (left) and linguistic diversity
(right) of each language polygon, depicted here as points. High values
are shown in yellow, low values are in dark purple, and the land mass of

Africa is light grey.

PCA is presented in more detail in Appendix B and is discussed in the results. Terrain

ruggedness was not included in the climate PCA as this would not be expected to

correlate meaningfully with climatic variables.

Since the cultural variables are discrete and ordinal, a different approach is neces-

sary for these. I ran an ordinal PCA as implemented in the R package Gifi, which first

converts the ordinal data into continuous values which preserve the original order

before applying a PCA to them (Gifi, 1990; Mair, De Leeuw, and Groenen, 2022). The

PCA can reveal some of the ways in which the variables covary. Lastly, the PCs were

transformed using varimax rotation for better interpretability (Kaiser, 1958). This

process revealed some interesting patterns in the data3. For example, a society’s

settlement strategy covaries with its level of dependence on agriculture. Thus, the

first principal component indicates how much a society depends on agriculture and

how sedentary it is. Low valuesmean that a society dependsmostly on agriculture for

subsistence and lives in permanent settlements. The second principal component

indicates howmany levels of hierarchy existwithin the local community, which is also

an ordinal variable ranging from independent, nuclear families to extended families

and clans. The third component represents the levels of jurisdictional hierarchy

beyond a local community, or political complexity.

The resulting values for the principal components are depicted in Figure 3.8.

These principal components (PCs) will be used in the models in place of the original

3More detail and more plots of the PCA results are shown in Appendix B.
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component. There is clear spatial clustering near the Equator for the first

PC, while the second PC reveals a gradient between east and west.

variables. Model comparison was performed to ensure that the PCs performed as

well as or better than the original ordinal variables.

3.2.6 Phylogenetic decorrelation

A potential issue with the sociocultural variables from D-PLACE (Kirby et al., 2016)

is that they are likely to be phylogenetically non-independent. Just like words and

grammatical features, cultural traits can be inherited when populations diversify and
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thus stay stable over time in related populations. This was demonstrated quantita-

tively for North American cultures by Towner et al. (2012). Controlling for language

family in the model would not solve this issue, since in this case, phylogenetic non-

independence affects the predictor variables, not the outcome. This means that,

in order to properly control for the effect of common inheritance, these variables

should ideally be phylogenetically decorrelated before model inference. Themethod

for decorrelating the ordinal variables was implemented in Stan by Gerhard Jäger4

and involves using a phylogenetic model to model the tree-like evolution of each

ordinal variable as a continuous latent variable. Thus, the original ordinal variables

are converted into continuous latent variables, which can be extracted. The residuals

can also be extracted, and these should represent the parts of the latent variable

which cannot be predicted based on the phylogenetic model, thus indicating where

the phylogenetic signal fails to predict the distribution of variables.

A model will be run which includes both of these extracted variables, which

should essentially filter out the phylogenetic signal. The results of this model will

be compared to the results of a model using the predictor variables without phyloge-

netic decorrelation. Additionally, the same PCA was applied to the phylogenetically

decorrelated variables, so that the predictors would be comparable across models.

3.2.7 The spatial model

Spatial autocorrelation exists when data points which are close together in space are

more similar than data points which are far apart; it can be observed as clusters of

similar values on a map (Odland, 1988, p. 7). The presence of spatial autocorrelation

in a variable of interest can lead to biased inference if it is not properly controlled for

in a statistical model. Spatial autocorrelation can be detected prior to model fitting

using Moran’s I, also called the Moran coefficient (Anselin, 1995; Chun and Griffith,

2013; Cliff and Ord, 1981). Positive values indicate that spatial autocorrelation is

present, values close to zero mean that there is no spatial autocorrelation, and

negative values indicate that data points which are close to each other tend to be

less similar than expected given random chance. Figure 3.9 confirms the presence of

spatial autocorrelation for both of the outcome variables used in this study: language

density and phylogenetic diversity. Language density has a highMoran coefficient of

0.89, while phylogenetic diversity has a somewhat lower Moran coefficient of 0.59.

Both of these confirm the presence of strong spatial autocorrelation, which is to be

expected since these variables were derived from neighbouring languages.

4The code and a detailed description of the method can be found at https://profgerhard.de/
ordinal_decorrelation/.

https://profgerhard.de/ordinal_decorrelation/
https://profgerhard.de/ordinal_decorrelation/
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FIGURE 3.9: Moran’s I and scatterplot for language density measured as
the number of languages (left) and phylogenetic diversity measured as

the mean PMI distance between neighbouring languages (right).

As covered in Chapter 2 of this thesis, there are two main ways to control for

spatial autocorrelation in statistical studies. One of these involves adding a latent

Gaussian process (GP) to the model, which uses point locations for the languages in

the study (Guzmán Naranjo and Becker, 2021; Guzmán Naranjo and Mertner, 2022;

Guzmán Naranjo, Mertner, and Urban, 2024). A matrix of the geographic distances

between those languages is then used to calculate the expected similarity between

them. Any distance metric can be used as long as it satisfies certain mathematical

constraints; for example, distances which take terrain variability into account can be

used (Guzmán Naranjo and Jäger, 2022). However, a GP model cannot be applied

directly to language areas (Williams and Rasmussen, 2006).

Since the locations of languages in this study are polygons rather than point

locations, a different modelling strategy is more suitable, namely autoregressive (AR)

models (Besag, 1974; LeSage and Pace, 2009). There are twomain types of ARmodels,

and the one used here is a conditional autoregressive (CAR)model, which is a popular

choice in spatial econometrics, ecology, and related fields5 (LeSage and Pace, 2009;

Ver Hoef, Hanks, and Hooten, 2018).

The CAR model was defined by Besag (1974) to handle spatial autocorrelation

in Y , the outcome variable. It can estimate the strength of spatial autocorrelation

and thus ‘filter out’ the spatial signal in order to avoid biased inference for spatial

data. However, it can be equally interesting and relevant tomodel the spatial lag ofX

(SLX), the explanatory variable(s). This is referred to as a spatial spillover effect, which

has been defined as “the marginal impact of a change to one explanatory variable in

a particular cross-sectional unit on the dependent variable values in another unit”

(Elhorst and Halleck Vega, 2017, p. 2). Thus, in addition to modelling the direct

5For further information about the different types of autoregressive models and when to use them,
see Chapter 2 of this thesis, or refer to Cressie (1994), LeSage and Pace (2009), and Ver Hoef, Hanks,
and Hooten (2018), and references therein.
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FIGURE 3.10: Moran plots for environmental variables and language
area. The x axis represents the values of the variables; the y axis is the

spatial lag.

effect of X at a particular location on Y at the same location, the effect of X at

neighbouring locations can also impact Y at the original location. This can also help

account for spatial autocorrelation inX. To find out whether the predictor variables

in this case are spatially autocorrelated, Moran’s I was calculated for each of them. As

can be seen below, the environmental variables are highly spatially autocorrelated,

while the principal components of the sociocultural variables showmoderate spatial

autocorrelation.

As can be seen in Figure 3.11, the phylogenetic decorrelation method appears to

have removedmost of the spatial autocorrelation, too. This aligns with what we know

about language contact and relatedness, which is that related languages also tend to

be geographically closer together.

Following the notation conventions in McElreath (2020), the model and priors

were specified as follows:
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variables (top row) and the phylogenetically decorrelated cultural vari-
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y axis is the spatial lag.

Y = ρWY +WXγ +Xβ + µ+ ϵ (3.1)

ϵ ∼ N (0, σ2) (3.2)

Intercept ∼ N (0, 1) (3.3)

β ∼ N (0, 3) (3.4)

ρ ∼ N (0, 0.5) (3.5)

σ ∼ Exponential(1) (3.6)

where y is a vector of data y = (y1, ..., yn), β is a vector of coefficients which all

share the same prior, and ρ is a spatial autocorrelation parameter which indicates the

strength of spatial autocorrelation in the outcome variable. Phylogenetic diversity

was measured as a continuous variable, and thus a normal distribution was used.

Language density was measured as language counts, so a Poisson distribution was

used, as recommended by McElreath (2020). The model was implemented using

the R package geostan, which was also used to calculate Moran’s I (Donegan, 2022;

Donegan, Chun, and Griffith, 2021).
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3.2.8 The weightsmatrix

In order to control for spatial autocorrelation, a CARmodel requires the prior specifi-

cation of a spatial weights matrixW (Wall, 2004), which determines which languages

are considered neighbours. Spatial autocorrelation is calculated based on how simi-

lar neighbours are, and languages which are not neighbours are expected to exert no

spatial influence on each other.

The weights matrix for this study was defined using polygon contiguity, such

that languages which have intersecting or overlapping territories are considered

neighbours. Some of the languages in the sample are isolated in the sense that

there are no languages which directly border their territory. Those languages were

connected to their nearest neighbour via aminimumspanning tree usingGreat Circle

distances between the centroid of each language polygon. Great Circle distances are

‘as the crow flies’ distances which take the Earth’s curvature into account (Guzmán

Naranjo and Jäger, 2022). Following this step, the distances between all the polygon

centroids were calculated and an inverse distance weighting scheme was applied,

such that neighbours which are closer to each other are expected to influence each

other more than neighbours which are further apart. This matrix and the inverse

distance weights were calculated using the R packages spdep (Roger Bivand, 2022)

and geostan (Donegan, Chun, and Griffith, 2021). The resulting spatial weights

matrix is shown in Figure 3.12.
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FIGURE 3.12: Distance and contiguity based spatial connectivity matrix
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geographically further away than some other pairs.

3.3 Results

In this section, the results of the best models will be shown. This will be followed

by a section explaining how themodels were evaluated and selected. The differences

between themodel results will also be explored. In particular, I will be examining how

the impact of the predictor variables on language density differs from their impact

on phylogenetic diversity. I will also consider how the phylogenetic decorrelation of

the predictor variables influences the results. The final list of predictor variables is

given in Table 3.3. All of the variables in the final model are continuous and have

been standardised such that they are on the same scale. According to Chapter 4 of
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McElreath (2020), this is recommended when predictor variables have very different

scales; for example, language area is given in km2 while the principal components

have arbitrary scales, e.g. from -1 to 6. These differences in the scale of variables

could lead to skewed results. Standardisation is a way to avoid this.

Variable name Description
EA PC1: Agriculture and
settlement strategy

The degree of dependence on
agriculture and permanence of

settlements
EA PC2: Political complexity Levels of jurisdictional

hierarchy beyond the local
community

EA PC3: Community hierarchy Levels of jurisdictional
hierarchy of the local

community
Climate PC1 High mean annual

temperature and high
precipitation

Climate PC2 High temperature and
precipitation seasonality

Language area The area of language polygons
in km2

Terrain Ruggedness Index Variability of terrain elevation
within an area

TABLE 3.3: All the variables included in the model.

This section will be structured as follows. First, the posterior estimates of the

models of phylogenetic diversity will be compared. A model was run with the phy-

logenetically decorrelated cultural predictor variables and one was run without the

phylogenetic decorrelation method. Second, the models of language density will be

compared in the same way, and the effects of decorrelating the cultural variables will

be examined. In all the models, the rest of the predictor variables will remain the

same. Following these comparisons, the coefficients of the spatially lagged (SLX)

terms will be visualised and described. Lastly, the models will be evaluated and

compared.

3.3.1 Posterior distributions of coefficients

As can be seen in the results in Figure 3.13, which depicts the estimated coefficients of

all the predictor variables on phylogenetic diversity, the phylogenetic decorrelation

of the covariates impacted some of the results of the model while others stayed the

same. Political complexity has a negative effect on phylogenetic diversity in both
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FIGURE 3.13: Posterior distributions of estimated covariate effects for
phylogenetic diversity with the original variables (left) and with the phy-
logenetically decorrelated residuals (right); note that high values of ‘tem-
perature seasonality’ indicate low seasonality and high precipitation.

models. This means that the negative effect of political complexity on phylogenetic

diversity holds even when we control for the level of dependence on agriculture,

settlement strategy, language area, and the phylogenetic signal. In fact, the estimated

effect of political complexity is stronger in themodel with the phylogenetically decor-

related residuals. The effect of agriculture and a more sedentary settlement strategy

is consistently slightly negative across the twomodels6. Community hierarchy has no

effect in the model without decorrelated residuals, but in the model which includes

them, it has a positive effect. These results suggest that phylogenetic diversity is

highest in ecologies with societies that have a low or moderate level of reliance on

agriculture and a low level of political complexity. It is interesting that, in general,

the estimated effects of the cultural variates are stronger in the model with the

phylogenetically decorrelated residuals.

The variables which influence the phylogenetic diversity surrounding a language

differ somewhat from those which influence the number of neighbours of that lan-

guage, as Figures 3.13 and 3.14 show. The first major difference is that adding the

6For this principal component (agriculture and settlement), the estimated coefficients cannot be
compared directly because the direction of the scores is different. For the decorrelated variable, a
high score on the first principal component indicates a high level of dependence on agriculture and
settlement permanence, while for the PCA-transformed original variables, a low score indicates the
same. This matters only for interpreting the coefficient of this variable in the twomodels as the results
are depicted side by side in Figure 3.13.
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phylogenetically decorrelated variables has a strong impact on the results of the lan-

guage densitymodel. Once these are added, political complexity is estimated to have

a negative effect on language density, which is in line with previous literature and

with the results of the phylogenetic diversity model. In the model using the principal

components without phylogenetic decorrelation, however, none of the sociocultural

variables appear to affect language density.

In order to compare the factors which impact diversity and density, the model

results which include the phylogenetically decorrelated residuals will be used. The

main similarities and differences will be summarised first for the environmental

variables, then for the cultural ones. After that, the effects of the spatially lagged

covariates will be examined.

Terrain ruggedness was found to have a weak positive effect on both language

density and phylogenetic diversity across models. Mean annual temperature was

found to have a positive effect on language density that is slightly higher than that

of terrain ruggedness. However, this effect is not present for phylogenetic diversity,

where mean temperature even appears to have a weak negative effect. For both

diversity and density, there is a moderate to high level of uncertainty around the

estimated effects of temperature and rainfall seasonality, which is higher for phy-

logenetic diversity, meaning it is harder to draw conclusions about the effects of

seasonality. Despite this uncertainty, the effect of low seasonality on phylogenetic

diversity is reliably positive, while for language density, there is toomuch uncertainty

around the coefficient to draw any conclusions about the effect.

For the cultural variables, political complexity has a negative impact on both

density and diversity. The effect of community hierarchy is also consistently positive

across themodels. Meanwhile, agriculture and settlement strategy has no detectable

effect on language density. It has a negative impact on phylogenetic diversity once

the decorrelated residuals are added, although its effect is weaker than that of politi-

cal complexity, as predicted by the findings in Currie andMace (2009).

As mentioned in Section 2, these models include spatially lagged covariates (SLX

terms), which should be considered alongside the non-spatially lagged covariates

presented previously. SLX terms allow the covariate values of neighbouring lan-

guages can influence the surrounding language density or phylogenetic diversity of

a given language. In some cases, these variables can act as a control for confounding

factors, and in others, we might be interested in examining and interpreting their

effects. For example, an important control variable is the size of the territory of

neighbouring languages. Some language ecologies are small and yet contain a large

number of languages for the size of the area. A language ecology with four languages

in northern Africa likely spans a much larger area than a language ecology with
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FIGURE 3.14: Posterior distributions of estimated covariate effects for
language density with the original variables (left) and with the phyloge-
netically decorrelated residuals (right); note that high values of ‘temper-
ature seasonality’ correspond to low seasonality and high precipitation.

four languages in Cameroon. These two ecologies should not be considered equally

linguistically dense, and adding the area of the neighbouring polygons to the model

is a way of ensuring that these variations in size will be controlled for.

Figure 3.15 shows the posterior distributions of the estimated coefficients of the

SLX terms in the phylogenetic diversity model and the language density model. As

is to be expected, the spatial lag of language area has a negative impact on both

linguistic diversity and language density. Areas with many smaller language areas

are likely to be more diverse and dense. Interestingly, the political complexity of

neighbouring languages has a larger negative impact on phylogenetic diversity than

the political complexity of the language itself, and this effect is stronger than that

of language area. Likewise, the SLX terms for the other cultural variables have a

greater impact on diversity than the variables which represent the cultural state of

the language in question. This is likely in part due to the way of measuring language

diversity used here, which relies on data from neighbouring languages. However, the

overlap between the 2000 or so polygons which were used to quantify diversity and

the 366 for which predictor variables were available is small, so this effect is unlikely

to be caused only by that. A caveat is that some of these terms have a moderate

to high degree of uncertainty, which suggests that some of the effects cannot be

estimated reliably, perhaps due to collinearity. Temperature and seasonality are likely

to be correlated with the level of reliance on agriculture, for example, and these

variables also have some of the highest levels of uncertainty in the results. These
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tion.

findings will be discussed further in Section 4.

3.3.2 Model evaluation

Posterior predictive checks and model evaluation using WAIC, as implemented in

geostan and defined in Watanabe (2010), were used to evaluate the models. Similar

to cross-validation, WAIC provides an estimate of how well the model is expected to

predict new data. In geostan, the WAIC function also returns a penalty term which

measures the number of effective parameters (Eff. pars) estimated by the model,

which favours models with a smaller number of parameters, and log predictive

density (Lpd). WAIC can only be used to compare models rather than providing an

objective measure of predictive accuracy. The lower the WAIC value, the better the

model. A model without a CAR term, a model without spatially lagged covariates

(SLX terms), and amodel with neither CAR nor SLX terms were evaluated against the

model with both of these. The results are presented in Table 3.4 for the phylogenetic

diversity model and in Table 3.5 for the Poisson model for the number of neighbour-

ing languages.

As we see in Table 3.4, which shows the evaluation results for the models of

phylogenetic diversity, the best model is the CAR model with SLX terms and phylo-

genetically decorrelated residuals. The next best model includes the decorrelated

residuals without SLX terms, although this one performs significantly worse than the
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Model WAIC Eff. pars Lpd
Decorrelated PCs, SLX + CAR -808.36 12.52 416.70
No SLX terms (decorrelated) -734.49 6.83 374.08
Original PCs, SLX + CAR -722.89 8.77 370.21

No CAR term (decorrelated) -701.44 23.55 374.27
No CAR or SLX (decorrelated) -647.16 14.04 337.62

TABLE 3.4: WAIC estimates for the models with phylogenetic diversity as
the outcome variable.

bestmodel. This suggests that for thismodel, the phylogenetic signal of the predictor

variables is highly informative. It is also straightforward to choose the best model,

as the difference between the best and second-best model is large. This contrasts

with the results of the model evaluations performed for the language density model,

shown in Table 3.5.

Model WAIC Eff. pars Lpd
No SLX terms (decorrelated) 1979.22 128.41 -861.20
Original PCs, SLX + CAR 1981.63 130.45 -860.37

Decorrelated PCs, SLX + CAR 1981.79 128.49 -862.41
No CAR term (decorrelated) 2326.89 67.08 -1096.37
No CAR or SLX (decorrelated) 2372.13 48.83 -1137.24

TABLE 3.5: WAIC estimates for the models with neighbouring languages
as the outcome variable.

For the model of language density, the best model was one without SLX terms

or decorrelated variables. However, as the difference in WAIC, number of effective

parameters and log predictive density between the three ‘best models’ is negligible,

the model with decorrelated variables and both CAR and SLX terms was used to

create the visualisations of the posterior distributions of the coefficients as well as the

residuals. This was done in order to ensure that the results of the twomodels were as

comparable as possible. When the differences inWAIC are very small, it is sometimes

recommended to select the model based on a combination of the evaluation results

and prior knowledge of the phenomenon under study. This result suggests that the

SLX terms and phylogenetically decorrelated residuals do not add any information

which increases the accuracy of the model’s predictions of distribution of language

density in Africa. This could indicate that the environmental variables are more

important for predicting the distribution of language counts.

In Figure 3.16, the residuals for the selected models are plotted on a map. Note

that these residuals are not directly comparable, as mean PMI distance is a continu-

ous variable between 0 and 1, and the number of languages takes the form of counts.

Residuals close to 0 indicates that the model can predict the mean PMI distance or
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FIGURE 3.16: Model residuals plotted on a map from the phylogenetic
model (left) and the language density model (right).

number of languages accurately. Negative residuals mean that the model predicted

a value for that language that was too high, and positive residuals indicate that the

model predicted a value that was too low. Thus, these maps can provide an insight

into where the model’s predictive abilities fall short.

In the plot of the language density residuals, we can see that most of the residuals

are close to zero, but there are some outliers with high values. One data point has a

residual value of 27, whichmeans themodel severely under-predicted the number of

neighbouring languages for that data point. This data point is the Hausa language,

which belongs to the Chadic family and is spoken in Nigeria. The model failed to

predict the actual language density surrounding Hausa. Perhaps this is because

Hausa does not conform to the general pattern of the languages around it, making

it a spatial outlier. It could also be because it has a high value for political complexity

and a low TRI, as these are estimated to negatively affect language density. Hausa

in reality has a rich language ecology which is perhaps not adequately explained by

the variables included in the model. In the residuals for the phylogenetic diversity

model, the languages for which the model over- or under-predicted the degree of

diversity are spatial outliers. For example, around Guinea-Bissau, there are two

Atlantic languages with a low level of phylogenetic diversity in an area otherwise

characterised by more diverse language ecologies.

The goal of modelling is not to perfectly predict every observed value, as this

could be a sign of overfitting, which is also problematic (McElreath, 2020). However,

model residuals can alert us to misspecification and highlight ways in which it could
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FIGURE 3.17: Posterior predictive draws from the phylogenetic model
(left) and the language density model (right).

be improved. In this case, the effect of spatial outliers could be reduced by using

a buffer around the centroid of each language polygon in order to capture more

of the surrounding diversity of languages which have lower-than-expected levels of

linguistic diversity as a result of being unusually small or being located in a coastal

area. Choosing the spatial extent of such a buffer would be non-trivial, however, and

so this is left to future work.

3.4 Discussion

In this section, the results of the phylogenetic diversity model will be discussed,

followed by the results of the language density model. Then the differences between

the two outcome variables and the extent to which they can be compared will be

explored. Lastly, I will focus on the limitations of the study and how future studies

could build on these findings and the methodology.

The sociocultural variables with the biggest impact on the phylogenetic diversity

within the ecology of a given language are the spatially lagged (SLX) terms. This

suggests that permanently settled, agricultural and politically complex societies can

exert pressure on the language communities around themwhich, over time,may lead

to a reduction in linguistic diversity. Out of the cultural variables, political complexity

is the one with the strongest impact on the distribution of both language density and

phylogenetic diversity, although its effect on diversity is stronger. This is in line with

some previous hypotheses and findings (Currie andMace, 2009; Skirgård, 2021).
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This study included a variable describing the levels of hierarchy within the local

community, which has not been included in previous studies. Community hierarchy

can be described as the size of the family unit and the extent to which the extended

family plays a role in social organisation. A high level of within-community hierarchy

means that nuclear families are organised into larger units, such as extended families

or clan-barrios (Murdock and Divale, 1999). The positive effect of this variable could

be direct or indirect. Indirectly, it could be the case that in societies with a higher

level of political complexity, the family plays a smaller role in a society’s jurisdiction,

as this role will be taken over by the chiefdom or state. This could lead community

hierarchy to be in complementary distribution with political complexity. A more

direct explanation could be that societies which rely on extended family units as a

form of social organisation, perhaps comprising networks of family units, are more

likely to rely on interactions and exchanges outside the local community, which

could facilitate some of the kinds of dynamics observed in small-scale multilingual

groups (Pakendorf, Dobrushina, and Khanina, 2021). In these situations, exchange

and collaboration between groups is essential, but the distinct languages of these

groups still play an important role in defining the social and cultural identities of

their speakers (Di Carlo, Esene Agwara, and Ojong Diba, 2020; Lüpke, 2010). It is

also possible that this form of social organisation is related to marital practices like

exogamy, which are also frequently a feature of highly multilingual societies (see

e.g. (Aikhenvald, 2002; Pakendorf, Dobrushina, and Khanina, 2021)), although this

is speculative. Some information about marriage patterns is included in Murdock

and Divale (1999), but this variable had more missing values than the others in this

study and it was therefore excluded here.

Agriculture and settlement strategy appear to play a relatively minor role in shap-

ing the phylogenetic diversity surrounding a language. As expected based on pre-

vious findings by Currie and Mace (2009), a higher level of reliance on agriculture

by the language in question and its neighbours has a slightly negative impact on

diversity. According to the model of language density, agriculture and settlement

strategy have no impact on howmany languages tend to coexist in a given area. This

result may be specific to the African context, where much of the agriculture which

is practised relies on crops such as tubers and tree fruits which are not amenable

to long-term storage, as well as small-scale grain-based agriculture (Bostoen, 2020;

Murdock and Divale, 1999). It is important to bear in mind that historically, the

processes which shaped the distribution of languages across the world might be very

different betweenmacroareas.

The climate variables generally appear to have a stronger impact on language

density than diversity. Low temperature seasonality and high precipitation has a



Chapter 3. Correlates of linguistic diversity in Africa 73

consistently positive effect on language density when controlling for dependence

on agriculture, although the model estimates this effect with a considerable level of

uncertainty. Low seasonality and high precipitation are both associated with tropical

areas, which includes some of the most linguistically dense and diverse areas of the

world. This provides some tentative support for the ecological risk hypothesis pro-

posed by Nettle (1996). However, when considering the SLX terms, climate variables

do not seem to have a reliable correlation with phylogenetic diversity in either direc-

tion. Mean temperature correlates negatively with diversity, as shown in Figure 3.13,

but the spatial lag of the variable has a weak positive effect, as shown in Figure 3.15.

Additionally, there is considerable uncertainty around the median, which suggests

that the model cannot disentangle the effect of temperature from the other effects

in themodel, as high uncertainty can be a sign of multicollinearity (McElreath, 2020).

More data would be needed to see if temperature has a consistent impact on diversity

across areas, or if the effect is actually negligible once other variables are controlled

for. Terrain ruggedness has a very weak positive effect on phylogenetic diversity, and

its spatial lag has none, suggesting that isolation also has a relatively weak effect on

diversity.

A similar picture emerges in the language density model: the estimated effect of

temperature differs from the estimated effect of its spatial lag (the values of neigh-

bouring language locations), whichmakes itmore difficult to draw conclusions about

its overall effect. In contrast, the impact of terrain ruggedness and its spatial lag on

language density is reliably positive, albeit somewhat weak. It is not surprising that

the effect is positive, but some might be surprised that it is not stronger, given that

some of the most linguistically dense and diverse areas of the world are regions of

high terrain variability, such as the Rift Valley and its surroundings in East Africa,

as geographic isolation can contribute to linguistic divergence (Kießling, Mous, and

Nurse, 2008). Childs (2010) also lists isolation by geography as one of the reasons

why some Atlantic languages in West Africa have survived despite the encroachment

of the larger, more powerful Mande languages. However, isolation occurs not just

due to the presence of topographic barriers; it is also a result of communities living

in a terrain which would be considered inhospitable for other reasons, making it

less desirable for other groups to occupy it (Childs, 2010). Perhaps measuring how

hospitable a given terrain or climate is for human habitation would be an alternative

way of capturing this effect.

For the cultural variables, the results of the language density model have a higher

level of uncertainty than those of the phylogenetic diversity model. It should also be

noted that themodel evaluation suggests that these variables are less influential than

the environmental ones. Overall, the distribution of language density thus appears
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to be influenced far more by environmental factors than by cultural ones, with the

exception of political complexity.

The results of this study mostly support the results of previous studies while

adding important nuance. Notably, Hua et al. (2019) found only a weak effect of

landscape on language density, which aligns with the relatively weak but reliably pos-

itive effects found in this study. Thus, this study finds some support for geographic

isolation as a driver of both phylogenetic diversity and language density. Additionally,

Hua et al. (2019) found that a tropical climate had the strongest effect on language

density, whichwas interpreted as providing support for the ecological risk hypothesis

(Nettle, 1998). Similarly, in this study, climate variables like mean temperature and

low seasonality had a positive effect on language density anddiversity, although these

effects were weaker than those found in the previous study.

This study can provide an insight into the effect of some environmental factors on

linguistic diversity when controlling for cultural variables. For example, the positive

effect of climate on linguistic diversity could in part be due to its effect on the ability

of societies to practice certain forms of agriculture, and therefore, once agriculture is

added to the model, it usurps some of the positive effect of climate7. However, this

could also occur in the other direction, with the climatic effects usurping the effect of

agricultural practices. Thismay have happened in the language densitymodel, where

agriculture was found to have no effect. This suggests that the impact of climate on

language density is not only a result of the link between climate and certain types of

agriculture.

It is promising that this study, despite its smaller sample size and scope, found

effects which align with previous research. Broadening the scope of future studies

to include as much data as possible would make it more comparable to previous

literature. Another limitation of this study is the high level of uncertainty estimated

for some of the effects. This is an issuewhich could bemitigated by addingmore data,

as the relatively small sample size could interfere with the model’s ability to estimate

effects reliably. Perhaps multicollinearity also plays a role in the uncertainty, and

further exploration of dependencies between predictor variables could mitigate this.

3.5 Conclusion

This study has examined the effect of both cultural and environmental variables on

phylogenetic diversity and language density in Africa using a spatial conditional au-

toregressive (CAR) model with spatially lagged covariates. The level of phylogenetic

7This is a phenomenon described inmore detail in Chapter 6 of Statistical Rethinking byMcElreath
(2020).
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diversity (or lexical differentiation) in the ecology of a language community appears

to be most influenced by the societies around it, particularly their level of political

complexity. Researchers wishing to further study the cultural or environmental

variables which impact the dynamics of linguistic diversification might benefit from

using spatially lagged covariates if they wish to capture this effect. Despite the

difficulties associated with comparing the results of the models when using different

types of outcome variables, it is clear that the factors which impact phylogenetic

diversity and language density are related but not identical. Therefore, the choice

of how to quantify linguistic diversity can be expected to impact model results, and

language density may not always be an adequate proxy for phylogenetic diversity.

One of the effects which remained consistent for both variables was that of political

complexity, which was found to be the cultural variable with the strongest and most

consistent impact on the distribution of linguistic diversity. However, as a whole,

language density appears to be more heavily influenced by the climate variables

included in this study, while the distribution of phylogenetic diversity seems to be

driven more consistently by cultural factors as well as, to a lesser extent, terrain

ruggedness. Future work could focus on testing these results with a larger dataset. It

could be interesting to build on the idea that phylogenetic diversity might be driven

by factors which are distinct from those driving diversification by testing whether

they are shaped by different sets of variables entirely, since this study only compared

models with the same set of variables.



76

Chapter 4

Variation in the areal diffusion of

morphosyntactic features in Africa

In this chapter, I will build on previous work by Guzmán Naranjo andMertner (2022)

and Guzmán Naranjo, Mertner, and Urban (2024), presenting a modified version of

the multivAreate models used in those studies. The primary goal of this chapter is

to use this method to detect variation in the patterns of areal diffusion exhibited by

different types of structural features in Africa. A lot has been said about the relative

stability of structural elements of language (for example in Dediu (2011), Dediu and

Cysouw (2013), Nichols (2003), and Skirgård et al. (2023)). Far less attention has

been dedicated specifically to studying and comparing the areal patterns of linguistic

features, although work on this has increased in recent years (Cathcart et al., 2018;

Neureiter et al., 2022; Nikolaev, 2019; Nikolaev and Grossman, 2018; Ranacher et al.,

2021; Wieling, Nerbonne, and Baayen, 2011). The central question of this chapter

is whether the method presented here can detect variation in the spatial extent of

different categories of linguistic features, which I will refer to as their diffusibility in

order to distinguish this from the more common notion of borrowability in the liter-

ature (Matras, 2007; Thomason and Kaufman, 1988). Features which have diffused

across large areas are likely to be easier to borrow, so diffusibility and borrowability

are undoubtedly related, hence the relevance of this study for researchers interested

in borrowability. A related but secondary goal of the chapter is to examine the areal

patterns which arise for these different feature categories, for example comparing

how gender/noun class systems and verbal categories cluster in space. These kinds

of patterns can provide evidence for structural convergence due to language contact

in Africa, and detect where certain sets of features are likely to have converged.
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4.1 Introduction

Language contact is one of the main drivers of language change. When speakers of

different language communities come into contact with each other, this can cause

gradual changes to the lexicon, phonology, and morphosyntax of the languages

involved through processes like adaptation to non-native speakers and bilingual

transfer (Thomason, 2010). A set of related questions that has been raised repeatedly

concerns the extent to which structural elements of language can be transferred

between languages as a result of social interactions between their speakers, and

under what conditions such transfer takes place (Muysken, 2010; Trudgill, 2011).

This idea was famously formalised by Thomason and Kaufman (1988) in the form

of a borrowability scale, which notably included structural features, like inflectional

morphology, which were thought unlikely to be influenced by contact. The idea of a

borrowability scale could account for the common observation that a lot of contact

effects tend to occur in the same linguistic domains across languages, while also

acknowledging that deeper structural changes, including ones which entirely change

the typological profile of a language, can occur under the right circumstances. This

furthered our understanding of language contact as a process that is subject to vari-

ous constraints which canmake certain types of transfermore or less likely, including

cognitive biases, markedness, learnability, and external factors, while noting that

these constraints are not absolute (Thomason, 2010).

Influential work by Nichols (1992) expanded on existing notions of borrowability

using quantitative data on the typological profiles of a sample of diverse languages.

She compared the areal distribution of features, particularly their geographic contin-

gency, to their distributionwithin families and, based on her findings, concluded that

some structural elements of language are more areal than others.

Conclusions about which kinds of grammatical features are inherently more sta-

ble or borrowable remain elusive, as previous scales are continually called into ques-

tion by new research (see e.g. Skirgård et al. (2023) for a re-examination of the areal

hypotheses proposed by Nichols (1992)). One of the challenges of the field lies in

matching the research on specific instances of contact-induced change, which can

provide insights into the possible but not necessary the probable, to the kind of data

that is available for large-scale cross-linguistic analysis. An edited volume by Matras

and Sakel (2007), which collected detailed standardised surveys on a diverse sample

of languages in order to compare them systematically, made a valuable contribution

to the field and added more detail to borrowability scales. However, this approach

may not be feasible for much larger samples of languages, as it requires the availabil-

ity of experts who are able to say with some certainty what elements of a language
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have been changed as a result of contact, and which have not. In many cases, this

kind of information is not available, which is why using statistical methods could be

a promising way to detect patterns in larger samples of languages, including ones

which are less well-documented.

The question of stability and borrowability has important implications for those

who are interested in reconstructing deep historical relationships between languages.

Language families are not identifiable past a time span of around 10-12,000 years,

the time depth of the oldest currently known language family, Afro-Asiatic. How-

ever, some genealogical relationships between languages are undoubtedly far more

ancient than that. This attests to the fact that all features in a language can eventually

change and/or undergo replacement (Nichols, 2003). Following Nichols (2003), I will

use the term stability to refer to the rate at which a feature changes or is replaced,

whether through contact or other mechanisms. This can also be framed as a propen-

sity (or lack thereof) for replacement or change.

The concept of ‘borrowability’ encompasses an interacting set of dynamics which

take place in language contact situations. The ‘ease’ with which a feature is borrowed

refers in Thomason and Kaufman (1988) to the intensity of contact which is required

for a particular feature to transfer from one language to another. Some features, like

content words, are argued to require only casual or sporadic contact, while others

require intensive contact in order to be borrowed. ‘Casual’ and ‘intensive’ contact

could be defined as the extent to which proficiency in the other language (or lan-

guages) is prevalent in their speaker communities, the frequencywithwhich speakers

from these communities interact with each other, the time depth of contact between

the languages, or some combination of all of these variables (Thomason, 2010). In

this way, ‘intensive contact’ can describe a series of very different sociolinguistic

situations, and ‘contact intensity’ can be social or temporal, or (more often) both

(Muysken, 2010). Additionally, the borrowability of a feature may refer either to the

frequency with which that feature appears to be transferred between languages, or

to an implicational relationship between features, such that the borrowing of one

feature becomes a necessary condition for the borrowing of another (Matras, 2007).

It is often difficult to say with certainty whether a particular structural pattern

or linguistic feature has been borrowed. Ascribing shared features to contact neces-

sitates ruling out other possible explanations, including shared inheritance, neutral

drift, and cognitive, social or environmental biases (Bickel, 2017). Additionally, the

structure of the languages involved in contact situations can influencewhich features

are borrowed and how likely they are to be borrowed (Matras, 2007). Sakel (2007)

makes a useful distinction betweenmatter borrowing and pattern replication, which

I will draw on in this chapter. Matter borrowing includes the phonological form
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of the morphological material which is replicated from one language to another,

while pattern replication involves the transfer of conceptual structures or categories

without any transfer of forms. Over time, pattern replication can lead to structural

convergence between languages. While matter and pattern borrowing can and often

do co-occur, this is not always the case (see e.g. Aikhenvald (2002) for examples of

grammatical convergence without lexical transfer).

As linguistic forms are more salient to the speakers and therefore more likely to

be changed through conscious manipulation, they are also more prone to processes

of contact-induced differentiation, which can obscure historical relationships (Di

Carlo and Good, 2023). In contrast, contact-induced divergence does not seem to

impact grammatical structures (Mansfield, Leslie-O’Neill, and Li, 2023). Because

of this, structural convergence can be a particularly valuable source of information

on the deep past of under-researched languages, like those of Africa (Heine and

Nurse, 2007). It has also been argued that the kind of intensive contact that leads to

structural convergence is the same as that which leads to the formation of linguistic

areas (Trudgill, 2010).

Linguistic areas (or Sprachbünde) are typically defined (with varying degrees of

specificity) as geographic areas within which languages show a level of structural

similarity for which the most likely explanation is convergence due to language

contact (Matras, 2011). There is little agreement as to what exactly constitutes a

‘linguistic area’, such as howmany features need to be shared between the languages

involved, whether a particular number of language families is required, or the extent

towhich all of those languages should share the same set of features (Campbell, 2017).

Additionally, it is far from trivial to decide which languages aremembers of an area or

not, and this is a topic rife with disagreement for specific areas (see e.g. Joseph (2010)

for an overview of this for the Balkans). Some languages may be considered ‘partial

members’ while others are ‘full members’ of a particular linguistic area (Haspelmath,

2001, p. 1504), although this arguably only adds to the general sense of vagueness

aroundwhat and where a linguistic area is. It is equally difficult to clearly define their

geographic boundaries, and some have called for the abandonment of this pursuit in

favour of a focus on the history of the convergent features themselves and how they

arose (Campbell, 2017), although the two are notmutually exclusive. The boundaries

of proposed linguistic areas thus tend to be diffuse and can also overlap with other

linguistic areas in space and time (Thomason, 2001).

Past contact between languages or past processes of language shift can sometimes

be detected in synchronic distributions of structural patterns, conceptual categories,

or linguistic forms across space (Sands, 2022; Sands and Gunnink, 2019). Perhaps it

does not matter whether linguistic areas are merely a convenient way to describe the
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existence of certain linguistic phenomena in a certain place and time, or reflections

of historical realities which can lead to important insights about the processes of

convergence which took place between the languages spoken there. As Dahl (2001,

p. 1458) wrote, these areas can be seen as “the sum of many such binary relation-

ships”, referring to instances of language contact. The existence of linguistic areas

can provide a hint as to the sum of contact events between the languages spoken

there; a larger sum indicates more contact events, and more contact events provide

evidence for a longer history of co-territoriality of the communities in these areas.

Quantitative methods are well-suited to investigating the related questions of

feature stability and diffusibility. The phylogenetic stability of different kinds of lin-

guistic features has been studied using Bayesian phylogenetic models, or models in-

corporating information about language geneaology and geography simultaneously

(Dediu, 2011; Greenhill et al., 2010; Kauhanen et al., 2018; Murawaki and Yamauchi,

2018). These studies have found some support for the idea that some features are

inherently more stable than others. Some of the studies which have examined the

areality of linguistic features have relied on the specification of a neighbour graph

that indicates which languages are in contact (neighbours) and which are not, as in

Kauhanen et al. (2018), Murawaki and Yamauchi (2018), and Nikolaev (2019). This

can be an advantage, as it allows for the flexible incorporation of prior knowledge

about language relationships into the model, as discussed in Chapter 2. However, a

limitation of such methods is that they cannot infer the geographic range of contact

between languages. This means that if there is some uncertainty about the range

within which languages are likely to be in contact or show effects of areal diffusion,

a different method (or more flexible specification of spatial relationships between

languages) may be more suitable. No quantitative study so far has used a spatial

model to examine variation in the areal spread of different kinds of linguistic fea-

tures, which could provide a new perspective on borrowability and help detect past

and present convergence between languages. Studies on language contact and the

areality of linguistic features have already provided interesting insights into language

change, history, and past migrations, which can complement findings on language

geneaology (Allassonnière-Tang et al., 2021; Idiatov and Van de Velde, 2021; Nikolaev,

2019, among others).

This study presents a Bayesian spatial model for quantifying variation in the areal

spread of categories of linguistic features. The model is tested on a selection of

morphosyntactic features in Africa, including nominal number, gender/noun class

systems, bound verbal categories, verbal tense and aspect markers, and word order,

all of which are retrieved from Grambank (Skirgård et al., 2023). The model builds

on previous work by Guzmán Naranjo and Mertner (2022) and Guzmán Naranjo,
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Mertner, andUrban (2024) using a latent Gaussian process (GP) within amultivariate

probit model (multivAreate) to infer the strength and range of potential language

contact. This model is extended to include multiple latent GPs which group fea-

tures together based on category membership. For example, verb finality and verb

mediality in canonical clauses both belong to the category of ‘word order’. The

purpose of this is to allow for the inference of variation in the overall diffusibility of

different categories of morphosyntactic features, rather than for individual features,

which may have a noisy signal. This means that the inferred connections between

languages in space are more likely to reflect past or present contact between those

speaker communities, as random variation in the areal distribution of individual

features will be filtered out.

Phylogenetic relationships between languageswill be controlled for using a global

tree with branch lengths calibrated to archaeological data, indicating how closely or

distantly related language pairs are Bouckaert et al. (2022). Inter-feature correlations

are also controlled for and inferred simultaneously. The explanatory power of the

spatial and phylogenetic components of the model will be compared using k-fold

cross-validation, and differences between feature categories will be examined to

determine whether some appear to be more or less areal than others.

4.1.1 Linguistic areas in Africa

The question of whether Africa itself is a linguistic area is one that has fascinated and

puzzled researchers working on African languages (Childs, 2010; Leyew, 2008). While

there are some features which only exist in Africa, such as click consonants, these

features are also geographically restricted within Africa, such that they cannot be

considered typical of the continent as awhole (Clements andRialland, 2008; Creissels

et al., 2008). Leyew (2008) therefore defines African features not by their uniqueness

to Africa, but by their prevalence in languages spoken within Africa relative to those

spoken outside it. Using thismetric, Leyew (2008) compiled a list ofmorphosyntactic,

lexical and phonological features which could define Africa as a linguistic area. Even

more areal patterns emerge when considering Africa as a collection of geographic

zones, which can be characterised in terms of their linguistic diversity as either accre-

tion zones or spread zones (Nichols, 1992), and in terms of sets of convergent features.

Clements and Rialland (2008) divided Africa into a set of ‘phonological zones’ which

bear significant similarity to the later map by Güldemann (2018b) depicting Africa’s

linguistic areas, accretion and spread zones, and areas which fall neatly into none of

these categories.



Chapter 4. Areal diffusion of structural features 82

I will provide a brief summary of the main geographic zones into which Africa

has been divided, while noting that even those who have participated in the goal

of delineating these areas state that their boundaries are fuzzy (Güldemann, 2018b;

Heine and Nurse, 2007). Güldemann (2018b, p. 473) identifies four accretion zones

in Africa: the NubaMountains, the Ethiopian Escarpment, the Rift Valley, and the Do-

gon Plateau. The spread zones include the central sub-Saharan African Bantu spread

zone caused by the series of migrations known as the Bantu Expansion (Bostoen,

2020), and the Afro-Asiatic spread zone of northern Africa. Much of what remains

of the continent is classified as an area that Güldemann (2018b) calls the ‘central

transition sphere’, which stretches all the way across the Sahel and into the East-

Sudan Gregory Rift. Notably, the central transition sphere encompasses all of the

four accretion zones that Güldemann (2018b) defines. The main feature of this area

is that it cannot be characterised as a whole by a set of features the way linguistic

areas (ideally) can, even though it does show some local patterns of contact-induced

convergence. The Sahel, which is part of the central transition sphere, has been

characterised by Güldemann (2018b) as an area comprising many smaller contact

zones rather than as a linguistic area. However, others have described it as a possible

large linguistic area (Caron and Zima, 2006a,b).

Since Greenberg (1959, 1983) proposed the existence of a large linguistic area in

Africa which spans the entire area of West Africa south of the Sahel and stretches,

in some definitions of it, all the way to East Africa, interest in this area has been

marked (Clements and Rialland, 2008; Güldemann, 2008). It is possibly the most

well-researched linguistic area in Africa and has been referred to as the Macro-Sudan

belt by Güldemann (2018b) and as the Sudanic belt by Clements and Rialland (2008).

I will use the term Macro-Sudan belt here, as the Sudanic belt refers specifically to

a zone of phonological convergence rather than including more kinds of linguistic

features.

The Macro-Sudan belt encompasses several areas of intensive language contact

and multilingualism in Africa, including the Cameroonian Grassfields where Bantu

and Bantoid languages are spoken, and which possibly includes the traces of a

smaller past accretion zone (Di Carlo, Esene Agwara, and Ojong Diba, 2020; Good,

2013). Despite their high levels of linguistic diversity, which has been proposed as a

necessary or common characteristic of linguistic areas (Tosco, 2000), accretion zones

do not necessarily show high levels of contact-induced convergence. In fact, spread

zones show some of the most interesting patterns of contact on the continent, such

as the Jos Plateau in Nigeria and an area of small-scale multilingualism in Senegal

(Lüpke, 2010, 2016). In contrast, the Nuba Mountains have been described as an

area without much evidence of grammatical convergence, although some lexical
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convergence has been described between the languages in the area, as well as more

recent influence from Arabic (Manfredi, 2022). Likewise, the Rift Valley in Tanzania

can be characterised in terms of some convergent features, like ejective consonants,

but it has not been defined as a linguistic area (Kießling, Mous, and Nurse, 2008).

Chad-Ethiopia was first proposed as a linguistic area by Heine (1975, 1976). A

set of features defining the Ethiopian linguistic area, which had a more limited geo-

graphic extent, was proposed by Ferguson (1976). This list became highly influential

and has been variously contested (Güldemann, 2018b; Tosco, 2000) and supported

(Crass and Meyer, 2007). This may have been a larger linguistic area in the past, but

environmental changes and the influx of Arabic-speaking groups caused the Chadian

and Ethiopian parts of the area to be separated from each other. Now, the area (if it

is to be analysed as a single area) can be seen as comprising two separate convergent

zones: one centred on the Horn of Africa and Ethiopia, and one with its centre in

Chad.

Another large and ancient linguistic area that likely had a very different distri-

bution in the deep past is the Kalahari Basin (Güldemann, 1998). There is some

uncertainty as to whether it should be considered an accretion zone due to its high

levels of genealogical diversity, particularly compared to the area surrounding it,

which is part of the Bantu spread zone (Güldemann and Fehn, 2014). The Kalahari

linguistic area has been characterised as a zone of contact-induced convergence

based on a set of morphosyntactic and phonological features, including the famous

click consonants (Clements and Rialland, 2008; Sands andGunnink, 2019). The struc-

tural convergence between these languages that led them to be classified initially as

a lineage named Khoisan (Greenberg, 1963), and the long history of habitation in

the area, suggests that contact between these groups has been intensive and regular

over a very long period of time. This area of intensive contact may have been much

larger in the past. However, the migration of Bantu-speaking groups throughout

central and southernAfricameans that this is difficult to demonstrate. A conspicuous

similarity, namely the presence of click consonants in two difficult-to-classify hunter-

gatherer languages in Tanzania, has led to the hypothesis that this was a very large

linguistic area in the pastwhichwas effectively divided in twoby theBantu Expansion

(Güldemann, 1998). Such ideas show how areal distributions of structural features

can be a window into the past.

4.1.2 An areal view of Africanmorphosyntax

The effects of language contact on the morphosyntax of the languages of Africa is

historically underexplored, but interest in it is increasing (Creissels et al., 2008). This
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section will outline some examples of convergence at the morphosyntactic level

in Africa, and briefly explain how researchers arrived at contact as the most likely

explanation for specific instances of convergence. Where possible, the focus will be

on pattern borrowing. First, word order will be discussed, followed by the nominal

domain, including nominal number and classification systems, and lastly, the verbal

domain, including tense/aspect marking and other verbal categories.

While the features which will be discussed and studied here are general enough

to be included in a global typological database, many of the features which are used

to diagnose convergent areas in the literature are ones which are highly specific

to the local context and which may therefore be very rare outside Africa. As such,

many of these are not included in large-scale typological databases like Grambank.

Additionally, since typological data about grammatical systems tends to be binary,

categorical, or ordinal, no information about specific forms is included. Although

similarities in form, for example between noun class prefixes in the languages that

have them, can provide convincing evidence of either inheritance or contact, we

are confined to focusing on shared features or patterns when using cross-linguistic

databases like Grambank. This kind of data lends itself well to uncovering areas of

structural convergence, which is a worthwhile pursuit in its own right, as discussed

previously.

Word order

The unmarked order of constituents (Subject, Object, and Verb) in canonical clauses

within a language is often referred to simply as word order, which is a convention

I will continue here. In the global sample of languages surveyed by Nichols (1992),

word order was found to be an areally distributed feature, which indicates that it

is prone to the impact of contact and diffusion. Indeed, the distribution of word

order types in Africa provides a window into the past distribution of languages on the

continent and hints at possible contact-induced convergence (Dimmendaal, 2020).

Although themajority of African languages have SVOword order due to the extensive

geographic spread of Bantu and other Niger-Congo speaking populations, there are

some notable exceptions. Afro-Asiatic languages, spoken in the north and east of

Africa, tend to have verb-final word order. In the area between the Horn of Africa

and Lake Chad, verb-final word order is found in a number of distinct branches of

Nilo-Saharan, which points to contact influence from nearby Afro-Asiatic languages

and even hints at the existence of an ancient convergence area (Dimmendaal, 2020,

p. 217). The area around Ethiopia, Eritrea, Sudan, South Sudan, and the Horn of

Africa, encompassing the Nuba Mountains, is also posited as a convergence area

elsewhere in the literature and is defined as a residual zone (following Nichols (1992))
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due to the high number of languages from distinct lineages spoken in the area (Crass

andMeyer, 2007; Güldemann, 2018b; Tosco, 2000).

Nominal categories

There are two main systems of nominal classification in Africa. The first is a type in

which nouns are classified into two genders (masculine and feminine). This type is

found in almost all branches of the Afro-Asiatic language family, as well as in some

branches of Nilo-Saharan, including Nilotic, and a group of languages called Kadu

which may either be an isolated family or a member of Nilo-Saharan. They are also

found in several isolates, including Sandawe, Kwadi, and Hadza. It is also found in

languages belonging to the Khoe-Kwadi family (Creissels et al., 2008, p. 115).

The second type of nominal classification system found in Africa is characterised

by the absence of a masculine/feminine distinction, obligatory affixes on nouns

which mark the noun class (which may also agree with other constituents in the

clause), a relatively high number of noun classes (often including between ten and

twenty or even more), and a semantically salient distinction between human and

non-human and animate and inanimate nouns. In languages with this type of

noun class system, nominal marking of number interacts with the marking of noun

classes in intricate ways, as number cannot often be disassociated from noun classes

(Creissels et al., 2008, p. 116).

This type of system is widespread across the continent due to the spread of

Niger-Congo languages, especially those belonging to the Atlantic and Bantu fami-

lies. These two branches are geographically far away from each other, suggesting a

genealogical rather than areal origin (Creissels et al., 2008). Most linguists agree that

noun classes were likely a feature of the earliest Niger-Congo languages, and that the

languages within the family that lack them have lost them over time. While noun

classes are thus unlikely to have developed as a result of language contact, there

are observable contact effects in how they are used and in the form that they take.

Although noun class systems are most likely to be inherited from a parent language,

they are not unchangeable. Expansion and reduction of noun class systems are both

attested processes of change in Bantu languages (Good, 2025). It is rare that Bantu

languages lose their noun classes entirely; only one Bantu language, Komo, has been

reported to have no noun classes at all (Good, 2025; Maho, 1999). However, it is not

uncommon for Bantu and Bantoid languages spoken on the periphery of regions

with a high concentration of languages from other families have reduced systems

of nominal classification, for example retaining only two classes. This reduction

is observed in areas where Bantu and Bantoid languages have contact with non-

Bantu languages which lack noun class systems, suggesting this is a contact-induced
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change (Van de Velde, 2019). In general, however, contact-induced changes to noun

class systems appears to be relatively rare.

Verbal categories

There are few commonalities between African languages as a whole in the verbal

domain, except that languages which lack verbal inflection systems entirely are ex-

ceedingly rare (Creissels et al., 2008). A high degree of specification in the domain

of verbal tense, aspect and modality marking, and rich verbal inflection systems for

marking other categories like applicatives, passives and antipassives, is widespread

in Africa. Verbal inflection systems for the expression of negation are also especially

common in Africa (Creissels et al., 2008, p. 104).

Rich tense marking systems are typical of Bantu languages, which tend to distin-

guish between tenses using verbal prefixes. These systems are not immune to contact

effects. Contact with Bantu languages is the most likely explanation for the presence

of a highly specified verbal inflection system for tense in a Nilotic language, Luo, as

Nilotic languages typically express information about tense using adverbs of time

rather than verbal inflection (Heine and Nurse, 2007, pp. 4–5). Interestingly, there

is no similarity between the form of these verbal tense markers (which, unlike in

Bantu languages, are positioned before the subject prefix) and tense markers used

in the Bantu languages known to be in contact with Luo. Thus, it appears that Luo

only borrowed the concepts from neighbouring Bantu languages without borrowing

any of the specific forms. Instead, contact seems to have triggered a process of

grammaticalisation of time adverbs already present in the language (Dimmendaal,

2001). This is thus a good example of structural convergence, which is the kind of

borrowing which the method presented here should be able to detect, as it relates

only to the presence or absence of categories in a language without any information

about their position or phonological shape in the respective languages.

4.2 Method

The following section will first provide an overview of the data, showing all the

features which I selected from Grambank and how they were grouped. Second,

I will describe how the range of areal diffusion was inferred using a single latent

Gaussian process (GP) for the features which were grouped together. Afterwards, the

phylogenetic component of the model will be explained, followed by an overview of

how the model combines all these different components.
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4.2.1 Feature selection and categorisation

All themorphosyntactic featureswere retrieved fromGrambank (Skirgård et al., 2023).

Most features in Grambank are binary; those which were not were binarised prior to

model fitting, as done in Guzmán Naranjo, Mertner, and Urban (2024). Features with

more than 30% missing values were excluded from the sample. I followed the cate-

gorisation of features into the domains of word order, verbal categories, and nominal

categories given in Skirgård et al. (2023). I further sorted the nominal categories into

number and gender/noun classes and the verbal categories into tense/aspect/mood

markers (TAM) and bound verbal categories. I chose to distinguish between TAM and

verbal categories because the TAM features, as included in Grambank, do not need to

be bound to the verb but can bemarked by an auxiliary or particle, unlike the features

included in the second category (Skirgård et al., 2023). If boundedness is something

that makes borrowing more difficult, this could be a relevant distinction to make; if

not, the estimated model results for the two categories should be very similar. The

motivation behind sorting features into narrower categories was to see if variation

between the overall diffusion patterns of features in the nominal and verbal domain

would emerge naturally, or if they would be internally heterogenous.

Although it would be ideal to be able to include all Grambank features in the

model for a comprehensive comparison, this is not possible due to computational

constraints. Using an approximation method for the GP as done in Chapter 6 could

make this possible for future versions of the model, but the approximation relies on

the use of Euclidean rather than the more realistic geographic distances used here,

which account for topography.

4.2.2 Grouped Gaussian processes

As described in more detail in Chapter 2, a latent Gaussian process (GP) is a flexible

method which can capture dependencies between data points given a covariance

matrix describing the distance between them. In this case, the covariance matrix

contains pairwise topographic distances between all the languages in the sample.

Thus, themodel assumes languageswhich are geographically close together are likely

to bemore similar to each other than languageswhich are far apart (GuzmánNaranjo,

Mertner, and Urban, 2024). Topographic distances, the shortest path between points

while taking terrain elevation into account, were calculated using the R packages

gdistance and topoDistance. If two languages are separated by an area with a

highly variable topography, such as a mountain range, the distance between those

languages will include the terrain elevation. Topographic distances were found to
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Feature code Description Category
GB042 Singular marking on nouns Nominal number
GB043 Dual marking on nouns Nominal number
GB044 Plural marking on nouns Nominal number
GB166 Paucal marking on nouns Nominal number
GB051 Class assignment: sex Gender/noun classes
GB052 Class assignment: shape Gender/noun classes
GB053 Class assignment: animacy Gender/noun classes
GB054 Class assignment: plant status Gender/noun classes
GB192 Class assignment: phonology Gender/noun classes
GB130a SV order in intransitive clauses Word order
GB130b VS order in intransitive clauses Word order
GB131 V-initial order in intransitive clauses Word order
GB132 V-medial order in intransitive clauses Word order
GB133 V-final order in intransitive clauses Word order
GB136 Fixed constituent order Word order
GB137 Clause-final negation Word order
GB138 Clause-initial negation Word order
GB082 Present tense marked on verb Tense/aspect
GB083 Past tense marked on verb Tense/aspect
GB084 Future tense marked on verb Tense/aspect
GB086 Perfective/imperfective on verb Tense/aspect
GB095 Core marking includes TAM distinctions Tense/aspect
GB103 Applicative: benefactive Bound verbal categories
GB107 Negation Bound verbal categories
GB118 Locative/directional Bound verbal categories
GB114 Reflexive Bound verbal categories
GB115 Reciprocal Bound verbal categories
GB147 Passive Bound verbal categories
GB155 Causative Bound verbal categories

TABLE 4.1: Grambank features included in the model

outperform walking distances and Great Circle distances by Guzmán Naranjo and

Jäger (2022).

For this study, I built on previous work by Guzmán Naranjo and Mertner (2022),

where we adopted a hyperparameter sharing approach across all the features in the

model. The purpose of this approach was to reduce overfitting, as fitting a single

latent GP to each feature in the model could lead the model to fit the noise (random

variation) rather than the underlying tendencies in the data. In this study, instead

of sharing the GP hyperparameters across all the features, I allow them to vary

between feature categories (shown in Table 4.1). One of the GP hyperparameters,

commonly referred to as the horizontal scale, is of particular interest in this context.

As explained in more detail in Chapter 2, the horizontal scale can be interpreted as

the rate at which the spatial correlation between two points (languages) decreases
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Makonde Wandala Yasa Goemai
Makonde 1 0 0.7 0
Wandala 0 1 0 0.9
Yasa 0.7 0 1 0
Goemai 0 0.9 0 1

TABLE 4.2: Example covariance matrix between four of the sampled
languages.

as the distance between them increases. For example, a high value indicates that

data points are correlated across long distances, and a low value means that the

model does not find evidence of long-distance correlations. As such, the horizontal

scale represents the geographic range within which the model allows for potential

structural convergence between languages. An additional hyperparameter is also

inferred, called the vertical scale or the standard deviation of the GP. This parameter

is described in more detail in Chapter 2.

While the horizontal and vertical scales are drawn from the same prior distribu-

tion for all the feature categories, they can otherwise vary freely between feature

categories, thus allowing the model to uncover systematic variation in their spatial

signal.

4.2.3 Phylogenetic regression with branch lengths

Following Guzmán Naranjo and Becker (2021) and Guzmán Naranjo and Mertner

(2022), I use phylogenetic regression to control for non-independence between re-

lated languages (Villemereuil and Nakagawa, 2014). Instead of using the phylogeny

from Glottolog (Hammarström et al., 2023), which does not have branch lengths

which indicate how closely or distantly related language pairs are in time, I use

the tree by Bouckaert et al. (2022), as this includes branch lengths, some of which

have been calibrated based on archaeological data. The resulting covariance matrix

between languages thus reflects not only the position of languages in the tree, but

the point in time at which they diverged. Branch lengths were scaled according to

the method by Grafen (1989), which is implemented in the R package ape (Paradis

and Schliep, 2019). This builds in the reasonable assumption that languages which

separated recently are likely to be more similar than languages which separated a

long time ago. Completely unrelated languages have a correlation of 0. For example,

in Table 4.2, we see that Wandala (Afro-Asiatic, Chadic) is completely unrelated to

Makonde (East Bantu) and Yasa (Bantu, spoken in Cameroon), but it is closely related

to Goemai (Chadic). The two Bantu languages here are slightlymore distantly related

than the two Chadic languages in this sample.



Chapter 4. Areal diffusion of structural features 90

The idea behind phylogenetic regression is to allow each language to have its own

intercept, which indicates how likely a given grammatical feature is to be present in

the language, while constraining this intercept according to the covariance structure,

which is provided by the tree. Thus, if a feature is present in almost all the languages

in a given family (such as certain kinds of noun classes in Bantu), the intercept of

Bantu languages will be positive for that feature. Thus, if a few Bantu languages do

not follow the same pattern as the other Bantu languages, then the model will assign

a larger portion of the variance to the spatial component of the model or the inter-

feature correlations. This means that the model should pick up on contact-induced

convergencewheremembers of a family diverge structurally from the othermembers

of that family. Isolates, like Hadza, will have an unconstrained intercept. So will

languages which are the only representative of their family in the dataset.

4.2.4 Model overview

The model used here is a multivariate probit model, which was introduced in

Guzmán Naranjo and Mertner (2022) and extended to allow for the inclusion of

missing data in Guzmán Naranjo, Mertner, and Urban (2024). This model, called

multivAreate, can infer correlations between an arbitrary number of binary features,

which makes it very well-suited for quantitative studies in linguistic typology. Unlike

many other methods, it does not assume that the features included in a multivariate

model are independent. This means it can account for implicational universals

of the kind identified by Greenberg (1966). Features which are known to be

highly correlated or even mutually exclusive, like verb mediality and verb finality

in canonical intransitive clauses, can be included in the samemodel without leading

to issues such as multicollinearity1.

For the purpose of illustrating how the model works, assume the model includes

only two binary features (bearing in mind that the model can be extended to any

number of binary outcomes). We will call these two binary variables Y1 and Y2. These

could represent the presence or absence of two morphosyntactic features, like verb-

initial and verb-medial constituent order. The model estimates two latent variables,

Y ∗1 and Y ∗2, as coming from amultivariate normal distribution:

[
Y ∗1
Y ∗2

]
∼ MultiNormal

([
µ1

µ2

]
,

[
σ2
1 ρσ2

1σ
2
2

ρσ2
1σ

2
2 σ2

2

])
(4.1)

1When multiple correlated features are included in multivariate models, this can lead to high
uncertainty andmisleading results, as described in McElreath (2020).
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with the constraints:

Y1 =

1, if Y ∗1 >= 0

0, if Y ∗1 < 0
(4.2)

Y2 =

1, if Y ∗2 >= 0

0, if Y ∗2 < 0
(4.3)

where µ1 and µ2, and σ1 σ2 are the means and standard deviations of Y ∗1 and Y ∗2,
respectively, and ρ is the correlation between them.

The full model contains a phylogenetic term for each outcome and a grouped

Gaussian process. With these two terms the rest of model specification is as follows:

µ1 = α1 + ξ1 + η1 (4.4)

µ2 = α2 + ξ2 + η2 (4.5)

α1 ∼ N (u1, 0.5) (4.6)

α2 ∼ N (u2, 0.5) (4.7)

ξ1 ∼ N (0, σ2
p1A) (4.8)

ξ2 ∼ N (0, σ2
p2A) (4.9)

η1 ∼ MultiNormal(0,ΣGP ) (4.10)

η2 ∼ MultiNormal(0,ΣGP ) (4.11)

ΣGP = K(λ, σGP ,D) (4.12)

Ki,j(λ, σGP ,Di,j) = σ2
f

(
1 +

√
5|Di,j|
λ

+
5(Di,j)

2

3λ2

)
exp

(
−
√
5|Di,j|
λ

)
(4.13)

λ ∼ InvGamma(5, 5) (4.14)

σGP ∼ HalfNormal(0, 2) (4.15)

σ2
p1 ∼ HalfNormal(0, 0.5) (4.16)

σ2
p2 ∼ HalfNormal(0, 0.5) (4.17)

where α1 and α2 are the intercepts of the features, the priors of which are cali-

brated to reflect global tendencies in feature values, represented here as being cen-

tred around a given informed prior u. σ2
p1 and σ2

p2 are the standard deviations of

the phylogenetic intercepts ξ1 and ξ2, and A is the phylogenetic correlation matrix

constructed from the tree.
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The GP is captured by η1 and η2, which are latent variables sampled from a multi-

variate normal distribution. The spatial correlation is represented by ΣGP . Although

η1 and η2 are estimated for each feature separately, if they belong to the same group

(e.g. verbal categories), thenΣGP is shared between them. For each group of features,

a different ΣGP is estimated. ΣGP is as a function of two hyperparameters, the hori-

zontal scale λ and the standard deviation (vertical scale) σGP . These hyperparameters

are shared between the two features. D is a distancematrix between all points, in this

case with topographic distances, andDi,j indicates the distance between points i and

j. The kernel functionK used here is aMatérn 5/2 kernel, which is a common choice

in spatial statistics (Williams and Rasmussen, 2006). For a brief overview of kernel

functions in Gaussian processes, see Chapter 2.

Like the model presented in Guzmán Naranjo, Mertner, and Urban (2024), this

version ofmultivAreate can also use the estimated spatial correlations, phylogenetic

effects, and correlations between features to impute missing values during model

inference. This approach is recommended in cases of data sparsity by McElreath

(2020) in favour of excluding all languages for which only incomplete data is avail-

able. This helps avoid biased inference induced by the non-random distribution of

missing values. For a more detailed discussion of bias in the distribution of missing

typological data, see Chapter 6.

4.3 Results

The results of the best model will be presented here. The first section will evaluate

all the models which were tested and compare their predictive accuracy across all

features as well as for individual features and categories. This will be followed by the

results on variation in the estimated parameters for the different feature categories.

Spatial predictions for the individual features will then be visualised, and some of

these will be aggregated to show patterns of overall convergence within specific

domains. Following that, the phylogenetic effects will be presented and briefly

discussed. All of the generated plots which are not shown here, including the inter-

feature correlations, can be found in Appendix B. The results will be contextualised

in light of the literature on African linguistics and areal typology in the discussion

(Section 4.4).

4.3.1 Model comparison

In this section, the results of model evaluation and comparison will be presented,

as they provide important context for understanding the subsequent results. All the
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Category GP Phylo GP + phylo
Nominal
number

0.53 0.57 0.55

Gender/noun
classes

0.57 0.53 0.62

Word order 0.6 0.48 0.61
Tense/aspect 0.56 0.47 0.59
Verbal
categories

0.75 0.5 0.75

Overall 0.6 0.5 0.63

TABLE 4.3: Mean balanced accuracy per feature category andmodel.

models were evaluated using k-fold cross-validation. The balanced accuracy with

which the model predicted the presence or absence of linguistic features was then

calculated. In order to shed light on possible differences in the areality and stabil-

ity of different features and feature categories, these accuracies will be compared

using a GP model and a phylogenetic model. Each of these will be tested against

the model with both components. Interestingly, in the comparison between the

model with only a GP against the model with only a phylogenetic component in

Table 4.3, it is clear that the GP overall performs better. Only one feature category,

nominal number, is predicted with a higher degree of accuracy by the phylogenetic

model. This suggests two possibilities: firstly, that the distribution of these structural

features within languages in Africa could more heavily influenced by areal diffusion

than previously thought; and secondly, that the GP is likely able to pick up some of

the phylogenetic signal, given that related languages are also often geographically

close. Overall, the model with both a GP and phylogenetic regression performs best,

although it matches the GP in predictive accuracy for verbal categories, and the

phylogenetic model alone outperforms it for nominal number features. The mean

balanced accuracy for the individual features for each of the models can be seen in

Figure 4.1.

4.3.2 Variation in diffusibility

This section will discuss variation in the estimated horizontal and vertical scale

parameters between groups of morphosyntactic features. The horizontal scale pa-

rameter λ is best thought of as the potential geographic range of a feature domain. A

high valuemeans that, once all the other variables in themodel are controlled for, the

model cannot rule out that areal diffusion occurredwithin the estimated range. Thus,

this should not be interpreted as evidence for long-distance contact, necessarily,

but a lack of correlations between language pairs beyond a certain distance can be
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FIGURE 4.1: Mean balanced accuracy for the GP model, phylogenetic
model, and combined model, shown for each feature individually.

interpreted as evidence against it. Thus, feature categorieswith a low λhave a smaller

spatial extent, which can be interpreted as low diffusibility.

Figure 4.2 shows the confidence intervals of the estimated parameters for the

horizontal and vertical scales for each feature group. It shows that, for the horizontal

scale parameter, the estimates vary a great deal between the groups. There is also

non-trivial variation in the degree of uncertainty for each group. TAM marking
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has the largest estimated horizontal scale parameter, but it also has the highest

degree of uncertainty, which suggests that the features included in this category

are spatially heterogenous. The median value of 3.3 indicates that the strongest

convergence effects are likely to be found in a range of 330 km, and that languages

outside the range of approximately double this value (660 km) are unlikely to show

spatial convergence. Perhaps some of the features in this category have diffused

over large areas while others have not. In this way, model uncertainty can provide

a window into the spatial behaviour of feature domains. Overall, the rest of the

feature categories can be ranked as follows: Word order has a somewhat larger range

than bound verbal categories, followed by nominal number and gender/noun class

systems, which have the smallest ranges. The groups can be tentatively ranked as

follows in order of their potential range of diffusion in Africa (from high to low):

tense/aspect markers > word order > verbal categories > nominal number >

gender/noun class systems.

These results will be discussed in more detail in Section 4.4.

The vertical scale parameter (estimates for which are also shown in Figure 4.2) is

themarginal standard deviation of the GP, which is often called the amplitude. This is

explained inmore detail in Chapter 2, but a brief overview of the relevant information

will also be given here. The amplitude describes the variability of the feature values of

languages within space. A high amplitude indicates that there are spatial clusters of

feature values which diverge sharply from the values at other locations. Thus, when

the amplitude is high, we would expect to see ‘hotbeds’ for particular features with

sharp boundaries around them. A lower amplitude could manifest as more diffuse

boundaries around spatial clusters. It should be noted that amplitude of the GP is not

necessarily related to the level of uncertainty around the horizontal scale. However,

they can and should be interpreted together.

Gender/noun class systems have a high amplitude compared to TAM marking,

although there is considerable uncertainty around the estimates. This indicates that

gender/noun class systems exhibit a high level of spatial heterogeneity and clustering.

Based on the estimates for the horizontal scale, areal clusters are likely to be small and

distinct. Word order has a similar estimated amplitude, whereas nominal number

and bound verbal categories both have a slightly lower amplitude. This suggests that

the boundaries around areal clusters for these categories will be more diffuse. TAM

marking has, by far, the lowest amplitude, and so the spatial clusters for this feature

are likely to be large and very diffuse.
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FIGURE 4.2: Confidence intervals for the horizontal (λ) and vertical (σ)
scale parameters for each group of features.

Figures 4.3 and 4.4 visualise the inferred differences in the horizontal scale pa-

rameter for the feature category with the largest one (TAM marking) and the cate-

gory with the lowest (gender/noun class systems). The lines represent the potential

correlations between languages based on the topographic distances between them.

These plots should not be interpreted as evidence for contact; rather, they repre-

sent the potential for contact to have occurred between the languages which are

linked. Essentially, the model finds no evidence for convergence beyond the inferred

geographic range. Because of this, these plots can provide evidence against long-

distance areal effects, in this case for gender and noun class systems. This does

not entirely preclude the possibility of diffusion across larger areas, however. Local

contact relations can cause long-distance areal diffusion, for example if a linguistic

category is transferred from one language to its immediate neighbours and then the

neighbours of those languages also adopt the feature, and so on. For TAM features,

on the other hand, the model cannot exclude the possibility of long-distance contact

effects.

Visualising the spatial predictions drawnbased on these parameterswill helpwith

their interpretability. These visualisations will be presented in the following section.
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FIGURE 4.3: Potential spatial correlation between a sample of languages
in southern Africa for the category with the largest extent (TAM) and the

one with the lowest (gender/noun classes).
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4.3.3 Spatial effects

Drawing predictions from the model allows for a more detailed visualisation of dif-

ferences in the areal effects estimated for individual features and feature categories.

Given the estimated parameters and covariance, predictions can be drawn for a grid

of new locations across the surface of Africa. This allows us to visualise a surface

of high and low probability for the presence of features in space. These predictions

are drawn only from the spatial component of the model. Phylogenetic relationships

between languages cannot be used by the model to improve the accuracy of predic-

tions, as arbitrary locations in space have no phylogenetic affiliation, but they should

be filtered out implicitly during model fitting.

Predictions are first drawn for each feature individually. These can then be aggre-

gated in order to produce visualisations of the overall expected structural similarity

between languages within a geographic area. This section will start by presenting

some of the visualisations for individual features, then discuss the aggregated spatial

effects. The effect of the informed priors becomes obvious when examining these

plots, as they predict the baseline probability of the presence or absence of a fea-

ture. Because some features have a high overall probability of being present, like

causatives (shown in Figure 4.7), areal clusters are defined by their absence rather

than presence.

Figure 4.5 visualises the predictions drawn for the presence or absence of two

different types of gender/noun class systems. As we can see, there are few areal clus-

ters, as the model results suggest that noun classes are mainly clustered in language

families. Where clusters are visible, these are very small. The informed prior sets the

baseline for how probable the presence of a feature is; for animacy-based noun class

systems, the prior is very low as this type of system is particularly rare outside Africa,

and themap reflects this. Sex-based nominal classification systems aremainly found

in a large area spanning the Afro-Asiatic spread zone in northern Africa and in the

Horn of Africa, where Afro-Asiatic influence is prominent. There are three smaller

clusters, one in Gabon which connects two Bantu languages Bubi and Latege, which

belong to different subgroups, and two in the Kalahari, although all the languages

which share this feature belong to the Khoe-Kwadi lineage. Noun class systems in

which sex is a factor in class assignment are uncommon in Bantu. Their presence in

a few Bantu languages in Gabon could therefore be due to contact.

Figure 4.6 shows the predictions for verb-final constituent order in intransitive

clauses and clause-final negation. Verb-finality has a relatively high overall proba-

bility of being present because of the informed prior, which indicates that this is a

very common feature. The hotbeds of verb-finality are in the Horn of Africa, which

is connected to Chad, and along the Western African coast around Côte d’Ivoire,
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which is connected toMali. Grambank restricts its feature on clause-final negation to

standard negation, andmakes no distinction based on optionality, as both obligatory

and optional markers are included (Miestamo, 2008; Skirgård et al., 2023). Clause-

final negation, as defined in Grambank, shows a spatially heterogenous pattern, with

the most prominent hotbed between the border of the Central African Republic and

South Sudan. Other, weaker hotbeds are found in Ethiopia and Kenya and in western

Africa. A larger cluster connects sub-Saharan Central African Bantu languages in

the DR Congo and Gabon. Cameroon has weak areal patterning for this feature, as

southern Bantoid languages do not tend to have it. From this map, it looks as though

clause-final negation is a highly areal feature that may have diffused across a large

area from northern Central Africa. Either this process of diffusion over time resulted

multiple discontinuous clusters, or the feature arose independently in several areas.

The way the feature is clustered along central sub-Saharan Africa suggests that the

feature may have spread along with some speakers of Bantu languages as they mi-

grated southwards, but not in others. The fact that the likely origin point of the Bantu

languages does not show a strong areal pattern for the feature could suggest that it

was not a part of the earliest Bantu varieties (Idiatov, 2018; Koile et al., 2022). These

areal patterns, although more diffuse, are not dissimilar to those found in Idiatov

(2018), who provides a far more detailed discussion of this feature.

It can be useful to aggregate predictions across multiple features in order to get a

better idea of the expected spatial similarity between languages given sets of features

rather than individual features on their own (Guzmán Naranjo, Mertner, and Urban,

2024). In order to do this, I performed a principal components analysis (PCA) of the

spatial predictions for different feature categories and depicted the values of the first

principal component on a map, as this captures most of the variance. This should

result in a measure of the overall predicted spatial similarity between languages. As

wewill see, some feature categories form small areal clusters, while others form larger

clusters.

The aggregated predictions plot for all features, regardless of category, is shown in

Figure 4.10, and Figures 4.8 and 4.9 show the aggregated predictions for gender/noun

classes and verbal categories respectively. Two general patterns that emerge in these

plots are, firstly, that the boundaries of areal clusters are highly diffuse, as predicted

by Heine and Nurse (2007). The second general observation is that patterns of

convergence appear to be predominantly local, but that these local patterns can

combine into larger andmore diffuse areas. Another recurring characteristic of these

plots is that single languages are sometimes highlighted as having strong areal effects.

This may happen when the values of those languages diverge from the values of the

surrounding languages. In some cases, single-language spatial effects like this could
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FIGURE 4.5: Spatial effects for the presence of sex-based and animacy-
based gender/noun class systems. Yellow indicates a high probability of

the feature being present in an area.

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Prob. feature
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

GB133 - global prior: 0.49 0 1 -1

(A) Spatial effects for the presence of verb-final
constituent order.

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Prob. feature
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

GB137 - global prior: 0.35 0 1 -1

(B) Spatial effects for the presence of clause-final
negation.

FIGURE 4.6: Spatial effects for the presence of verb-initial and verb-final
order. Yellow indicates a high probability of the feature being present in

an area.



Chapter 4. Areal diffusion of structural features 101

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

GB147 - global prior: 0.38 0 1 -1

Prob. feature
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

(A) Spatial effects for the presence of a morpho-
logical passive marked on the lexical verb.

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Prob. feature
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

GB155 - global prior: 0.73 0 1 -1

(B) Spatial effects for the presence of causatives
formed by affixes or clitics on verbs.

FIGURE 4.7: Spatial effects for the presence of verb-initial and verb-final
order. Yellow indicates a high probability of the feature being present in

an area.

be due to random variation. The GP should filter out most of the variation which

happens due to random chance, but it might be imperfect in some cases. These

spatial effects could also represent areas of linguistic differentiation, for example a

language which has a typological profile that is very dissimilar to its neighbouring

languages.

For gender/noun class systems, the spatial clusters which emerge are generally

fairly small (Figure 4.8). The largest is found in the Kalahari Basin and encompasses

Nama (Khoe-Kwadi), Taa (Tuu), and, more peripherally, Herero (Bantu). The second

largest cluster, which shows slightly weaker spatial effects than the Kalahari Basin,

includes two languages in Somalia belonging to the Afro-Asiatic and Niger-Congo

phyla, and it is diffusely connected to the languages of Ethiopia. For the smaller

clusters, I will highlight those with the strongest spatial effects and which encompass

more than one language. One of these encompasses a set of Mande and Atlantic

languages in West Africa, groups which are known to be in sustained contact (Childs,

2010). The languages of the Nuba Mountains, which belong to at least two distinct

phyla and many smaller families, also show a high level of spatial clustering within a

relatively small geographic range. A third cluster is visible along the coast of Tanzania

and stretches inland, and this one is unusual in that it only comprises Niger-Congo

(mostly Bantu) languages. While family-internal contact in Bantu is well-attested,
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it is unclear to what extent the model can disentangle convergence between closely

related languages from common inheritance. Eastern Bantu languages do have some

distinctive morphosyntactic features that are atypical for Bantu, including variations

in their noun class systems (Edelsten et al., 2022). The model could attribute this

family-internal variation to areal effects. The issue of family-internal convergence

and its detection will be discussed further in Section 4.4.

The aggregated effects for verbal categories (Figure 4.9) show a different picture.

Some of the same clusters are visible here as in the previous plot, so I will focus on

the main differences. Firstly, spatial extent of the clusters is more variable than for

gender/noun classes, and many are larger. There is a strong spatial effect around a

language in the Horn of Africa, which could be a result of contact with the Arabian

peninsula. This area is diffusely linked with a larger areal cluster of languages in

Ethiopia, which stretches into Sudan. Small spatial clusters, sometimes linked, are

found throughout western and central Africa, with stronger spatial clusters in the

west where Atlantic and Mande languages meet. Additionally, a new, larger cluster is

visible in this plot which encompasses a set of languages spoken in Niger and Chad,

which include Saharan languages and varieties of Arabic. There is also a nearby

cluster in South Sudan, the boundaries of which are difficult to separate from the

Ethiopian zone. In the Kalahari, the cluster for this feature category includes Khoe-

Kwadi, Tuu and southern Bantu languages.

When combining the predictions for all features, the picture that emerges has

some key differences from the two previous plots. The main areas of convergence

depicted include a northern African area comprising Arabic and Berber languages

which seems to be somewhat connected to a Sudanic/Saharan area in Chad, which

is part of the Sahel belt. The northern Arabic-Berber area is diffusely connected

to the cluster of Saharan and Afro-Asiatic languages in Chad identified in Figure

4.9. A small areal cluster appears just south of that, on the border between the

Sahel and the Cameroonian Bantu- and Bantoid-speaking area. The Horn of Africa

shows spatial effects which diffuse into Ethiopia and Somalia. In southern Africa, the

Kalahari Basin appears as a zone of convergence with its core around Khoe-Kwadi

and Tuu languages. In West Africa and the central transition sphere of the Sahel,

small clusters connect Atlantic and Mande languages. Although these clusters are

small, their boundaries are so diffuse that it is difficult to delineate any particular area

across western and eastern central Africa. These small, local convergent clusters are

indicative of the kind of contact which Güldemann (2018b) characterised as typical

of the central transition sphere. As a whole, they seem to possibly connect a larger

area. Lastly, Madagascan languages also form an areal cluster, and some spatial

effects from these languages can be observed along the coast of Mozambique or
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FIGURE 4.8: Aggregated spatial predictions for gender/noun classes.

Tanzania. This could be due to the fact that topographic distances do not account

for the presence of water. Morphosyntactic similarities betweenMalagasy and Bantu

languages have been attested, which could either be due to (early or more recent)

contact with coastal Bantu languages or Bantu substrate effects (see Dahl (1988) in

support of a substratum explanation, and Adelaar (2010) for a discussion of Bantu

contact effects onMalagasymorphosyntax). There are also some weak spatial effects

across central Africa which culminate in a smaller area around South Sudan, where

Nilo-Saharan Sudanic languages meet Bantu languages.
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FIGURE 4.11: Phylogenetic intercepts for a gender/noun class feature
and a TAM feature, coloured by Glottolog family.

4.3.4 Phylogenetic effects

There is a considerable degree of variation in the uncertainty of the phylogenetic

effects estimated by the model for each feature. Gender/noun class systems have

a lower level of phylogenetic uncertainty for the families shown here than variations

inmarking caused by TAM distinctions, as shown in 4.11. Higher uncertainty around

the phylogenetic intercepts points to a greater degree of heterogeneity within fami-

lies, which could be caused by contact-induced interference (although of course that

is not the only possible source of phylogenetic uncertainty). Overall, this aligns with

the finding that the phylogeneticmodel was less able to reliably predict TAM features

than gender/noun class features. More visualisations of the phylogenetic effects for

different features will be shown in Appendix B.

4.4 Discussion

In this section, I will discuss and contextualise the results in light of the literature.

First, I will discuss the estimated overall variation between the diffusion of structural

features belonging to different morphosyntactic categories. Then I will discuss the

areal patterns in more detail before finishing the section with some general consider-

ations related to the data and the methodology.
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4.4.1 Diffusibility and borrowability

As I discussed in Chapter 2, one of the potential issues with using latent GPs in a

model is that they can be challenging to interpret. This study is no different, but I

have tried to present and visualise the results in as many ways as possible and to

interpret them in relation to each other. In this section, I will discuss the results

on diffusibility with reference to the spatial and phylogenetic effects wherever they

become relevant. As mentioned earlier, I will not be conflating diffusibility (which

is itself a shorthand for potential spatial extent) with borrowability. However, I will

discuss the relationship between them, as well as what diffusibility and patterns of

diffusion can tell us in their own right.

Unsurprisingly, the least diffusible set of features was gender/noun class systems;

they are typically considered highly stable within lineages in Africa (Creissels et al.,

2008). Although Grambank does not include information about the number of noun

classes, but about their semantic underpinnings, like sex-based or animacy-based

distinctions, these semantic features are also related to the number of noun classes,

as sex-based systems often have a binary distinction between the two genders, as

is common in Afro-Asiatic languages. When Bantu languages experience a loss or

reduction of noun classes, this is often (but not always) attributed to contact, usually

with languages that lack Bantu-like noun class systems (Van de Velde, 2019). The sim-

ilarity in the estimated areal range of nominal number distinctions and gender/noun

classes is likely due to the prevalence of noun class systems which are intertwined

with number in Africa. The model should pick up on any correlations between them,

such that if the presence of a number category is explained by the presence of a noun

class category (or vice versa), less of the variance will be attributed to the spatial

effects. Overall, these two categories were found to be the least diffusible ones. This

can be generalised, in the context of the features included here, as a scale in which

nominal features are less diffusible than the ones relating to the verbal domain.

The results of this study place bound verbal categories, including applicatives,

causatives, and reciprocals, on the low end of the middle of the diffusibility hierar-

chy for the set of structural features tested here. Bound markers are traditionally

considered some of the least borrowable features (Thomason and Kaufman, 1988),

but it is unclear whether the same holds for the conceptual categories which can

be encoded on the verb. Contact-based changes to systems of verbal marking can

involve either the addition or loss of distinctions, but does not necessarily involve the

transfer of forms. Categories might transfer more easily than forms between diverse

families with different typological profiles due to structural incompatibilities. To

build on an example mentioned earlier in this chapter, bilingualism in neighbouring

Bantu languages is very common among Luo speakers, and one can imagine how
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adverbs of time expressing concepts like ‘the day before yesterday’ could become

grammaticalised through more frequent usage based on the distinctions found in

the Bantu system (Heine and Nurse, 2007, pp. 4–5).

TAM markers (which do not have to be bound) were found to be more diffusible

than bound verbal categories, which suggests that boundedness does matter for dif-

fusibility. However, the uncertainty around the estimated diffusibility of tense/aspect

suggests that is a high level of heterogeneity in this domain; perhaps some fea-

tures are highly diffusible while others are not. Word order was found to have the

largest range along with tense/aspect, and should perhaps be considered the ‘most

diffusible’ category alongside it, given the high level of uncertainty. This is rather

unsurprising, too, as previous researchers have argued that word order is highly areal

in Africa (Dimmendaal, 2008a; Heine, 1976). Word order and TAM were also the two

features with the lowest predictability based on the phylogeny alone, which aligns

with the result that these types of features aremore areal. However, this result ismore

robust for word order due to the lower estimated uncertainty.

4.4.2 Areal patterns

The identification of areal patterns is a secondary goal of this chapter, as I recognise

that the delineation of linguistic areas typically relies on a mixture of morphosyn-

tactic, phonological, and lexical data (see e.g. Güldemann (2018b, p. 481) for a list

of proposed features diagnostic of the Macro-Sudan belt). Nonetheless, structural

convergence could provide a window into past contact relations or past linguistic

areas. Most linguists agree that convergence tends to happen in contact situations

which are sustained, intensive, and in which interaction occurs regularly over a

long period of time (Thomason and Kaufman, 1988). Structural features appear to

change more slowly than the lexicon or the forms used to express morphosyntactic

categories (Nichols, 2003), although this might not hold for all parts of the lexicon.

Because of this, it may be worth examining the areal patterns found here in light of

proposed linguistic areas like Chad-Ethiopia (Heine, 1975, 1976) or the Kalahari Basin

(Güldemann, 1998).

The results of this study suggest that accretion zones are not necessarily conver-

gence zones, andmay in fact show fewer convergence effects than other areas. Gülde-

mann (2018b) lists the Rift Valley in Tanzania as an accretion zone that forms a part

of a larger area which he calls the Southern Gregory Rift, but it is not typically con-

sidered a linguistic area, even though its languages have some convergent features

which cross genealogical boundaries (Kießling, Mous, and Nurse, 2008). It could be

that these are simply different features to the ones included here, like ejective stops,
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and that structural convergence cannot be detected at the level of cross-linguistically

generalisable morphosyntactic features, like the ones which are in Grambank. The

lack of detected convergence at this level could also be related to the same social

or geographic mechanisms which maintained the diversity in these areas over time,

whichmay include social attitudes to contact or the presence of topographic barriers

(Dimmendaal, 2021). It could also be related to the structural dissimilarity between

the languages themselves, which might make the incorporation of foreign structures

more challenging, although plenty of counter-examples suggest that borrowing can

happen even when the structures of the languages involved are incompatible, as in

the case of Luo (Nilotic) borrowing tense and aspect categories from nearby Bantu

languages (Niger-Congo), but incorporating them into the language as grammati-

calised native adverbs of time which can be used as prefixes or clitics. This is in

contrast to how tense/aspectmarkers function in Bantu, where they are clearly affixal

and follow the verbal subject prefix rather than preceding it, as in Luo (Heine and

Nurse, 2007, p. 5). Themost likely explanation is that the data used here did not allow

for the detection of the specific instances of convergence in this area, and it is still

worth noting that areal convergence could not be detected for these specific features.

This stands in contrast to the consonant inventories tested in Guzmán Naranjo and

Mertner (2022), some of which showed clear convergence in eastern Africa, including

the Rift.

It is interesting to examine the differences in the inferred areal patterns for the

different sets of structural features included in this study. The languages of the Nuba

Mountains, for example, show areal convergence exclusively in the domain of gender

and noun class systems. The NubaMountains are an accretion zone and thus charac-

terised by a high level of diversity, including Niger-Congo languages belonging to the

Heiban and Talodi families, as well as Nilo-Saharan (Sudanic) and Kadu languages

(Manfredi, 2022; Nichols, 1992). The role of diffusion in the area has been contested,

with some observing similarities in the lexical and nominal domain that could be

attributed to diffusion (Manfredi, 2022) and others arguing that the evidence for

grammatical diffusion in the area is very limited (Dimmendaal, 2021). Based on the

results shown in this chapter, convergence in this areamay have occurredwhile being

restricted to a very specific domain. The diffusion of noun class categories could have

happened alongside the diffusion of lexical material.

There are some weak spatial effects across the central Bantu spread zone. They

are likely weak because these languages are closely related, which will be reflected

in the phylogenetic tree. Where the model infers family-internal areal patterns, this

suggests that the languages are typologically unusual compared to other members of

the family in ways that cannot be explained by the informed priors. This unusualness
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could, as a very speculative hypothesis, result from past contact with speakers of

languages which are no longer spoken in the area and which may have formed part

of the prehistoric version of the Kalahari Basin, although prior attempts to detect

such substrate effects have had limited success (Bostoen, 2020). Another explanation

could be that the well-attested patterns of intensive language contact between speak-

ers of different Bantu languages in central and southern Africa, as well as processes of

diversification, have acted as triggers for structural changes which eventually spread.

4.4.3 Considerations and limitations

In general, it is not straightforward to map the inferred spatial clusters of categories

of linguistic features to established or hypothesised linguistic macro-areas in Africa.

Many of the local clusters of convergence align with patterns which have been dis-

cussed in the literature. On the other hand, some zones of contact between diverse

families are conspicuously absent from themaps, including theMacro-Sudan belt. In

analysing these results, I acknowledge that the selection of data sources and features

is crucial, and that the absence of a convergent zone in these results only means that

such a zone could not be detected based on this specific dataset using this specific

model. Because Grambank is a large cross-linguistic database, it does not contain

many of the cross-linguistically rare morphosyntactic features which are diagnostic

of some of the proposed linguistic areas in Africa. Additionally, phonological features

have been key to identifying contact areas in Africa. For example, labial-velar stops

and advanced tongue root harmony helped first characterise the Macro-Sudan belt,

clicks were essential in identifying the Kalahari Basin and contact between Khoisan

and Bantu languages more generally, and the distribution of ejective stops, lateral

fricatives, and affricates have provided evidence for contact between languages in

the Rift (Clements and Rialland, 2008). As this study excludes phonological variables,

it may not be surprising that the areas found do not map neatly onto linguistic areas

in Africa in a general sense. Thus, when discussing the implications of these results, I

note that they reflect possible patterns of morphosyntactic convergence only for the

features included in this study.

A related issue is that convergence does not always result in a one-to-one map-

ping between typological features. Sometimes, contact triggers the reorganisation

of some structural aspect of the recipient language in a way that does not match

the structure of the source language. Because this method only detects congruences

between binary variables, it cannot detect this kind of contact-induced change.

It should be noted that languages for which some feature values were missing

were included in this model, and the missing values were imputed during model
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fitting based on all the model components. Because of this, asymmetries in the

distribution of missing values could influence model results and cause uncertainty

or even weak spurious effects. For example, if a particular feature is missing with

a higher frequency in a specific area or language family, the model could lack the

necessary information to impute the right values. This should not be the case (as

demonstrated by Guzmán Naranjo, Mertner, and Urban (2024), this model works

even when data is very sparse, and in this study I restricted the selected features

to ones which have relatively high coverage in Grambank). However, it is always

a possibility for data sparsity to influence results; on a broader scale, linguists are

working with a very small amount of the world’s possible linguistic variation, based

on how many extant languages exist now, how many have already died, and how

many more have limited or absent documentation (Evans, 2010).

A methodological consideration is that it is difficult to extract information about

how much variance (or importance) the model assigns to its different components.

It would be useful to be able to quantify the proportion of variance assigned to

the phylogenetic part, the spatial part, and the inter-feature correlations, as this

would give us more insight into the areality and stability of these features, as well as

highlighting potential issues with the model. For example, for the combination of all

features, the model detects fewer large areas of convergence than would be expected

based on the literature that characterises some of the included features, like word

order, as a highly areal phenomenon in Africa (Heine and Nurse, 2007). This could

be related to the fact that the word order features included here are highly correlated,

and so those correlations might be sufficient, in the abstracted world of the model,

to explain the distribution of word order in Africa. A large portion of the variance for

those features might thus be assigned to the inter-feature correlations.

In some cases, the model might improperly assign more or less variance to phylo-

genetic effects, as the model has no information about how common a given feature

is within families. When there is enough data on a family, themodel can estimate this

from the data, but when only a few languages from a family are included, the model

may assign more explanatory power to common inheritance than an expert on that

family would. Of course, all of this also depends on having a good language tree,

and expert opinions differ on what this looks like for African languages (Güldemann,

2018a). Essentially, the different components of the model, including inter-feature

correlations, informative priors, phylogenetic and spatial effects, may ‘soak up’ the

variance in unpredictable ways. Ensuring that the model has as much prior informa-

tion as possible is one way tomitigate this issue, as well as developing ways to extract

the variance proportions from the model.
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4.5 Conclusion

Different types of morphosyntactic features show distinct patterns of areal diffusion,

which can be detected using the latest version of the multivAreate model presented

here (Guzmán Naranjo and Mertner, 2022; Guzmán Naranjo, Mertner, and Urban,

2024). Some features diffuse over both large and small areas, while others appear to

have amore restricted geographic range. Gender/noun class systems are the category

of features with the smallest estimated range, followed by nominal number (which is

often heavily intertwined with noun class systems in Africa), verbal categories, and

word order and tense/aspectmarking, the latter two of which have a relatively similar

range. These findings align with previous literature on the areality of African mor-

phosyntactic features, which hold that gender/noun class systems pattern according

to shared ancestry, while many word order features pattern areally and have been

used to identify potential linguistic areas in Africa (Greenberg, 1983; Güldemann,

2018b; Heine, 1976; Heine and Nurse, 2007; Idiatov, 2018).

The results presented in this chapter suggest that structural convergence of bun-

dles of features predominantly happens locally. Individual features, like clause-final

negation, can have a far greater areal spread. Indeed, some linguistic areas have been

proposed on the basis of a small number of features, and at other times, linguistic

areas are made up of several smaller areas with their own set of convergent features

(Campbell, 2017). The convergence of sets of structural features across larger areas

appears to be a result of those structures being transferred from one local contact

situation to another, for example through a language being involved in social interac-

tions with multiple language groups at the same time, which may or may not also be

in contactwith each other. In thisway, groups form links between other groupswhich

could result inwidespread convergence over time, a situationwhichmirrors thewave

model of language change and the diffusion of innovations (Heggarty, Maguire, and

McMahon, 2010).

Futurework could compare the diffusibility ofmorphosyntactic and phonological

features. Particularly in Africa, phonological features have been crucial in the identifi-

cation of areas of historic and prehistoric language contact, such as click consonants

in southern Africa (Güldemann, 1998) or labial-velar consonants in western and

central Africa (Clements and Rialland, 2008; Güldemann, 2008). It may also be

valuable to compare the diffusibility of concept classes using cognate datasets such

as that compiled for Bantu languages by Grollemund et al. (2015), or lexical datasets

such as RefLex Segerer and Flavier (2011-2021). The model could be used to test the

diffusibility of specific words, lexical domains, or concepts, and to detect potential

loanwords in cognate datasets, as these can cause issues for language classification
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using quantitative methods (Jäger, 2013; Neureiter et al., 2022). Additionally, areal

patterns in concept classes and shared colexifications could reveal cultural connec-

tions between linguistic groups (Segerer and Vanhove, 2022).
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Chapter 5

Geographic bias in the distribution of

missing data

The issue of data sparsity is unavoidable for any researcher working in quantitative

linguistics. It is especially relevant for linguistic typology, where researchers rely on

cross-linguistic data on structural aspects of language to allow comparison between

a large number of diverse languages. The interpretation of the results of these studies

relies on the assumption that the sample of languages used is globally representative

and unbiased. However, we know that the documentation of languages and their

annotation in databases are driven by a number of non-random factors, including

academic interest in specific languages, linguistic features, or families. Historical

events have also played a major role in determining which languages have survived

and which ones have been documented. However, so far, no study has demonstrated

the presence of geographic biases in global patterns of data sparsity using a spatial

model. Understanding the processes which shape the distribution of missing data

can help inform statistical methods for reducing geographic bias in future studies.

Using the World Atlas of Language Structures (Dryer and Haspelmath, 2022; Dryer

and Haspelmath, 2013) as a case study, in this chapter I will demonstrate that the

distribution of missing data in linguistic typology is shaped by both geographic and

phylogenetic biases, and that the geographic bias appears to be stronger. The impli-

cations of this for future work includes emphasising the importance of controlling for

geography in statistical studies.

5.1 Introduction

The study of linguistic typology, particularly when the goal is to uncover the universal

tendencies or cognitive biases which have shaped the evolution of language, relies

on cross-linguistically diverse data (Greenberg, 1963). Typological data on diverse

languages has been used to shed light on linguistic prehistory, language contact, the
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relationship between language and the environment, the stability of linguistic fea-

tures over time, and interactions between human cognition, genetics, and language

(including but not limited to the studies by Bentz et al. (2018), Dediu and Cysouw

(2013), Dediu et al. (2021), Josserand et al. (2021), Nichols (1992), and Urban and

Moran (2021)). The World Atlas of Language Structures, usually referred to as WALS,

is an incredible resource for conducting this kind of work. In its original form as

a published book, it contained information on structural aspects of 142 languages

based on expert judgments (Haspelmath et al., 2005). In its more recent form as an

online resource (Dryer and Haspelmath, 2013), it has since provided the data for a

rich body of work in quantitative linguistic typology (like Atkinson (2011), Bentz et al.

(2018), Bickel (2011, 2013), Dunn et al. (2011), and Jäger and Wahle (2021) and many

more). As such, this database has been highly influential.

One of the main challenges associated with quantitative work in typology is data

sparsity. Although there are between 7,000 and 8,000 extant languages in the world,

only 2,000 of these are represented in WALS, and many of the included structural

features are only documented for 1-15% of the languages included in the database1

(Dryer and Haspelmath, 2022; Murawaki and Yamauchi, 2018). The only way to rem-

edy this permanently is to document more languages. Additionally, it is important

to ensure that the available information about documented languages is included

in existing typological databases (which is something the creators of the Grambank

database are currently working on (Skirgård et al., 2023)). Although documenting

and describing more languages is the best way to solve the issue, statistical methods

can be used as a first step to reduce the issues, like misleading results, which can

be caused by data sparsity. Such methods depend upon an understanding of the

generative process behind the distribution of missing data (McElreath, 2020).

Perhaps surprisingly, sparse data does not always pose an issue for statistical

inference. Data can be missing from a dataset for many reasons, some of which

may not cause any problems. For example, environmental data can be missing at

certain locations or times due to random equipment failures or weather conditions.

In this example, equipment failure would create a random pattern of missingness

in the data. If we run a statistical model with this kind of data, where some values

are missing at random, we would not expect to see a change in the results if we ran a

separatemodel inwhich thosemissing valueswere included. On the other hand, data

can also be missing in systematic ways, i.e., non-randomly. To build on the example

above, environmental data could bemissing because certain temperatures cause the

equipment to fail. Because of this, there would be a disproportionate amount of

missing values from locations with more extreme weather conditions, which means

1See the Supplementary Materials for a plot illustrating this.
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that any statistical methods applied to such data would be ill-informed about what

happens at locationswith those temperatures. If information about the temperatures

at these various locations is available, this can be included in the model as a control

in order to prevent biased results. However, in many real-world cases, patterns of

data sparsity are governed by non-random processes which are unknown to us or

which have not beenmeasured, and these cannot be included in a study. This kind of

data is a common source of biased inference, as explained in Chapter 14 ofMcElreath

(2020).

Language documentation is governed by several non-random processes which

are difficult tomeasure. These include (but are not limited to) historical events, racial

and cultural prejudices, geography, academic interest, and funding. This is by no

means an exhaustive list, and all of these may be interrelated. Interest in producing

a description of a language may increase if that language has a feature which is

considered interesting or unusual from a linguistic standpoint, or if the language

is an isolate or one of few surviving members of a language family. Accessibility

might also play a role, with certain types of terrain and climate posing a potential

barrier to travel and therefore research. On the other hand, certain kinds of climate

and terrain also posed a barrier to colonisers, and this could be one of the reasons

why some areas characterised by ‘difficult terrain’, like rainforests or mountains, are

characterised by high levels of linguistic diversity (Nichols, 1992; Nunn and Puga,

2012). Thus, linguistic data may be missing for many reasons, but we can safely

say that the process behind the current coverage of typological databases is not

random. Additionally, large-scale typological data of the kind found in WALS (Dryer

andHaspelmath, 2013) and Grambank (Skirgård et al., 2023) requires not only a high-

quality grammatical description of a language (as opposed to a word list), it also

requires the author of the grammar to pay attention to cross-linguistic comparability.

For example, some grammatical features are coded as missing in databases because

the author does not explicitly mention the feature in the grammar, perhaps because

the feature is not considered interesting or relevant for that language or family. This

could cause another kind of non-random pattern in missing data which is driven by

interest in certain features; a missing value could indicate that the feature is absent

in a language, but it could also indicate that the feature is not considered interesting

enough to mention for that particular language. All of this can cause issues for statis-

tical inference. Using all the data we have without accounting for the missing data is

very likely to induce bias (McElreath, 2020). If there is a geographic or lineage-specific

pattern of missingness in the data, this will induce geographic or phylogenetic bias

during statistical inference. Using a Bayesian approach is generally recommended

as a way to mitigate this, as Bayesian models quantify model uncertainty, which can
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indicate when results are not robust; however, the presence of biases in the data (or

missing data) can obscure that uncertainty (Guzmán Naranjo and Becker, 2021).

It is unclear whether data sparsity is shaped primarily by geography, language

familymembership, or both. This study aims to uncover the nature of the bias thatwe

are dealing with when doing large-scale typological studies in linguistics, particularly

using WALS (Dryer and Haspelmath, 2022; Dryer and Haspelmath, 2013). Under-

standing the processes which generated the pattern of missing data can help inform

the techniques used to reduce the effect of this bias in statistical inference (McEl-

reath, 2020). While stratified sampling attempts to resolve this problem (Bakker,

2010; Dryer, 1989; Miestamo, Bakker, and Arppe, 2016), this unfortunately relies

on discarding large amounts of data, which should be avoided whenever possible

since the data we have already represents only a small sample of the world’s possible

languages (Nettle and Romaine, 2000). Alternative approaches include controlling

for geographic proximity and ancestral relationships between languages, and these

allowus to keepmore of the available data (Becker, GuzmánNaranjo, andOchs, 2023;

Guzmán Naranjo and Becker, 2021; Guzmán Naranjo and Mertner, 2022). Another

way to mitigate the effects of bias induced by missing data is imputation during

model fitting, which is usually considered the best way to handle missing data in a

statistical model (Guzmán Naranjo, Mertner, and Urban, 2024; McElreath, 2020).

The goal of this chapter is to investigate the distribution ofmissing data in linguis-

tic typology, using WALS as a case study, in order to understand some of the under-

lying data-generating processes which have influenced the database that has formed

the basis of so many previous studies. Not including Grambank, a newer database,

is a limitation of this study. Some preliminary work on the spatial distribution of

missing data in Grambank will be presented in Appendix B, but a full analysis of this

will be left to future work.

5.2 Data

WALS consists of the following components: languages and features, or different

structural aspects of language (Dryer and Haspelmath, 2022). It includes data from a

variety of sources, such as grammars, and a large number of features from different

linguistic domains. Examples of WALS features include the presence/absence of

definite articles, the size of a language’s consonant inventory, and the order of subject,

object and verb. Some of these features have better coverage than others, and the

discrepancies between them can be large. Languages can either have a value for a

given feature, or they can be coded as missing. A language may have a value for the

size of its consonant inventory, but lack a value indicating whether or not it allows
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reduplication. In this way, different languages are most often annotated for different

sets of features.

In this study, I use missingness as the response variable. That is, for all the lan-

guages inWALS, I count howmany of the 192 features in the database have a value for

that language. Some languagesmay have very low coverage, while others have almost

complete coverage. In order to get a more complete picture of missingness, I also

included all the languages in Glottolog (Hammarström et al., 2023). All the languages

which are in Glottolog but not in WALS are coded as 0 (missing). This means that the

data includes a very large number of zeros (for Glottolog languages not inWALS) and

some count data (for the number of features annotated per language in WALS).

For the sake of completeness, all the languages in Glottolog were used; this

means I did not exclude contact languages, signed languages, isolates, or unclassified

languages (Hammarström et al., 2023). There is no need to exclude these, since the

method can handle languages which resist treelike classification by assigning them

an independent phylogenetic intercept. This allows them to vary freely without being

constrained by the structure of the tree. Figure 5.1 shows all the languages included

in the study, coloured by whether they are present in WALS or missing (Dryer and

Haspelmath, 2022).

As we can see in Figure 5.2, the count data is massively overdispersed (left plot)

and, overall, far more languages are missing from WALS than present (right plot).

For languages which are in WALS, the most common number of annotated features

is between 1 and 5. Relatively few languages are annotated for more than 50 or so

features.
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FIGURE 5.2: Count data for all the languages inWALS (left) and the num-
ber of languages which are present/absent in WALS for each macroarea

(right).

5.3 Method

The method presented here builds on techniques proposed by Guzmán Naranjo and

Becker, 2021 and Guzmán Naranjo and Mertner, 2022: using a Gaussian process to

estimate areal effects, and phylogenetic regression to control for the effect of shared



Chapter 5. Geographic bias in the distribution of missing data 120

ancestry. However, because there are too many data points to fit an exact GP as

in the papers above, I use an approximate GP (Riutort-Mayol et al., 2022). This

study is the first to develop a modelling approach for linguistic typology using a

latent approximate GP. All models were fitted using R (R Core Team, 2020) and Stan
(Carpenter et al., 2017)2.

5.3.1 The hierarchical hurdlemodel: An overview

To model the number of features coded for each language in WALS, I use a negative

binomial model. Negative binomial models are characterised by their ability to

model highly skewed count data, which fits this case very well. As shown in Figure

5.2, WALS has a large number of languages which are coded for only a few features

(between 1 and 20), and very few languages which are annotated for 50 features or

more, which means that the data is highly skewed towards lower counts.

The factors which influence the probability of a language being in WALS are

modelled as a separate process from the probability of a language which is already

in WALS being annotated for a certain number of features. The model therefore has

two separate components: 1) the negative binominal component, which models the

number of features coded inWALS for those languages which are in it, and 2) a hurdle

component, which models the probability of a language being missing fromWALS.

Additionally, the model is hierarchical and has a varying intercept for each

macroarea. This will allow us to find out whether, for example, languages in Africa

generally have a higher probability of being in WALS than languages in Australia.

5.3.2 Approximate Gaussian processes

For the spatial component of the model, I use approximate GPs following the ap-

proach outlined by Riutort-Mayol et al., 2022 (their approach is based onmathemati-

cal backgrounddevelopedby Solin and Särkkä, 2020). In practical terms, thismakes it

possible to apply a GP, which is computationally intractable for large datasets3. Since

Glottolog contains around 8,000 languages, there are as many data points in this

sample, whichmeans that Bayesian inference using an exact GPwould be impossible

(Riutort-Mayol et al., 2022).

The approximate GP approach uses the longitude and latitude locations of lan-

guages to calculate the Euclidean distance between them. As is the case generally for

GP models, languages which are close together are expected to be more similar than

languages which are far apart. The point at which the similarity between languages

2A link to the code can be found in Appendix A.
3An exact Gaussian process for 8,000 data points will never finish running on consumer hardware.
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based on geographic distance begins to decay is estimated as the horizontal scale

parameter of the GP. For example, in a previous study using exact GPs with Euclidean

distances, languages in Africa were found to be more likely to share phonemes

within a range of around 320km (Guzmán Naranjo and Mertner, 2022). Beyond this

range, the expected similarity between the languages’ phoneme inventories would

be expected to decay rapidly until it becomes effectively zero. This is described in

more detail in Chapter 2 and Chapter 4 of this thesis.

The type of approximation used here is called a Hilbert Space approximate Gaus-

sian process (Riutort-Mayol et al., 2022), which I will refer to more simply as an

approximate GP. The approach to approximating a GP developed by Solin and Särkkä,

2020 and Riutort-Mayol et al., 2022 relies on defining a number of basis functions,M ,

and a boundary condition, c. The number of basis functions M required depends

on the degree of non-linearity of the function4. M also depends on c, as c needs

to increase along with M . Riutort-Mayol et al. (2022, pp. 6–10) outline a useful set

of possible starting values for M and c, explaining in more detail the relationship

between them and the way in which they depend on each other. The accuracy of

the approximation relies on having defined these values correctly for the data and for

the true value of λ, also known as the length-scale parameter of a Gaussian process.

Therefore, it is helpful to have an idea of the plausible range of λ based on prior

knowledge of the data. Thismeans there is a basis formaking informed guesses about

the reasonable range of λ estimates. Using this approach as a starting point, I set M

and c according to the recommendations in Riutort-Mayol et al., 2022 and fine-tuned

the values based onmodel testing. The resulting values wereM = 22 and c = 4.

For computational reasons, each macroarea is modelled with a separate latent

GP. There is also a conceptual reason behind this choice, as it means that the GP

hyperparameters will be estimated separately for each macroarea, thus uncovering

potential variation in the pattern of missing data between them.

5.3.3 Phylogenetic regression

To control for and estimate the effect of shared ancestry between languages, I use

phylogenetic regression as explained by Villemereuil and Nakagawa (2014, Ch. 11);

the same approach was used in Chapter 4 of this thesis. This approach is distinct

fromphylogenetic inference, which aims to infer phylogenetic relationships between

languages, usually based onword lists (Dediu, 2011; Jäger, 2013). Phylogenetic regres-

sion assumes that we already have a phylogeny representing known relationships

between languages. The phylogeny used here was extracted from Glottolog, which

4For spatial modelling, in general, we can expect a high degree of non-linearity, which is also
discussed in Chapter 2.
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draws on expert classifications of languages in order to build a global language tree

(Hammarström et al., 2023).

The idea behind phylogenetic regression is similar to using varying effects for

families or genera (Jaeger et al., 2011). However, rather than assuming each family

has a different, uniform probability of having or not having a certain feature in a

language, phylogenetic regression takes into account the entire structure of the tree.

This means that closely related languages will be expected to show a greater degree

of similarity compared to distantly related or unrelated languages. Additionally, this

approach allows for the inclusion of languages without any known or extant relatives,

as these are unconstrained by the structure of the tree.

5.4 Results

5.4.1 Model comparison

All the models were tested using Pareto-smoothed importance sampling as imple-

mented in the R package loo (Vehtari, Gelman, and Gabry, 2017; Vehtari et al., 2024).

This is an efficient method for estimating predictive errors, which can be compared

between models to find the best fit. The model with both areal and phylogenetic

effects outperformed the model with only areal effects, as well as the model with

only phylogenetic controls and the model with no controls. This suggests that

missing data in linguistic typology is generated by both phylogenetic and geographic

processes, confirming that typological data is not missing at random.

The comparativemetric used is ELPD (expected log predictive density) as defined

by Vehtari, Gelman, and Gabry (2017, p. 2). Thus, the models are compared based on

the difference in their expected predictive performance on new data.

Model ELPD difference SE difference
Approx. GP + phylo 0.0 0.0
Approx. GP -94.7 12.0
Phylo -126.7 15.1
Base -247.7 21.1

TABLE 5.1: Model comparison using PSIS-LOO.

These results show that somemacroareas have been disproportionately neglected

in terms of documentation strength and/or annotation in WALS (Dryer and Haspel-

math, 2022). As shown by the fact that the phylogenetic model alone can be used

to predict the distribution of missing data, some language families have lower docu-

mentation or coverage independently of their areal distribution. Although the results
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show phylogenetic as well as areal bias, the areal component alone is a better predic-

tor of the distribution of missing data than the phylogenetic component, suggesting

that missingness is more heavily influenced by geography. Therefore, I will focus

mainly on the areal results in this paper, but a subset of the phylogenetic intercepts

will also be shown and discussed.

5.4.2 Model evaluation

For the best model, I calculated the balanced accuracy of the hurdle predictions,

which is a way of measuring the accuracy with which the model predicted both 0s

(missing languages) and 1s (languages which are present in WALS). The estimated

accuracy is shown below for each macroarea, along with the overall accuracy.

These predictive accuracies indicate that the model is better at predicting miss-

ingness in North America and Australia than in Africa and Multinesia. Because the

model only includes information about language locations and families, we can infer

that, for Africa and Multinesia, the distribution of missing data may be less heavily

influenced by these factors than in North America. Perhaps other variables, like

environmental configuration, could be particularly relevant for these areas; in Africa,

for example, rugged terrain may have posed a barrier to colonisers that led to the

current preservation of more languages (Nunn and Puga, 2012).

Macroarea Estimate SE
Africa 0.52 0.002
Eurasia 0.6 0.005
North America 0.7 0.012
South America 0.63 0.009
Australia 0.7 0.016
Multinesia 0.51 0.002
Overall mean 0.61

TABLE 5.2: Balanced accuracy of posterior predictions drawn from the
hurdle component of the model.

The rootmean squared error (RMSE) is the difference between themodel’s predic-

tions and the observed values for the count component of themodel. For example, an

RMSE of 18 for Africa means that the model systematically over- or underestimates

the number of annotated features inWALS by 18 on average. Looking at the posterior

predictive plots in Figure 5.3, it is clear that the model regularly overestimates the

number of annotated features for languages in WALS. The model performs better

when it comes to predicting the proportion of zeros (missing languages), as we can

see in Figure 5.4. This suggests that the geographic and phylogenetic components,
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as modelled here, are better predictors of whether or not a language is missing from

WALS in the first place than they are of the number of annotated features once a

language is included. Perhaps other factors, such as academic interest, quality of the

available grammars, or variation in research traditions play a bigger role in causing

some languages to be disproportionately well-annotated compared to others.

Macroarea Estimate SE
Africa 18.82 0.9
Eurasia 23.26 1.1
North America 27.33 1.3
South America 26.56 1.6
Australia 25.48 2
Multinesia 18.57 0.9
Overall mean 23.33

TABLE 5.3: Root mean squared error (RMSE) of posterior predictions
drawn from the negative binomial (count data) component

In addition to testing the model using PSIS-LOO (Vehtari, Gelman, and Gabry,

2017) and RMSE, I tested predictive performance by drawing samples from the pos-

terior distribution using the parameters of the fitted model. These predictions can

show whether the model is able to predict the distribution of missing data for each

macroarea equally well or if there is significant variation between them. Although

posterior predictions are likely to be more uncertain than predictions drawn using

exact leave-one-out cross-validation, this approach was used because the size of

the dataset would make exact approaches prohibitively computationally intensive

to calculate.

In Figure 5.3, as expected based on the RMSE, we can see that themean predicted

counts are overall higher than the actual observed counts. These differences appear

to be largest for Eurasia, South America, and Multinesia. This suggests that there are

factors that negatively impact how many features are annotated in WALS which are

not accounted for in this model, which is to be expected given how many variables

can influence data sparsity. In contrast, for the proportion of zeros or languages

missing entirely from WALS, shown in Figure 5.4, the model predictions are closer

to the observed values, and the differences in the predictive accuracy for the dif-

ferent macroareas is relatively small. Eurasia is the only area for which the model

predictions for the proportion of missing languages are lower than the observed

proportion, which suggests that some additional variables not included in thismodel,

like academic interest, have caused Eurasian languages to be more likely to be in

WALS.
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FIGURE 5.3: Posterior predicted counts (mean). The dark blue line
indicates the observed value while the light blue bars represent samples

from the posterior.

5.4.3 Areal predictions

Using the parameters of the fittedmodel, I drew predictions for new locations along a

grid for eachmacroarea using only the spatial component of themodel. In the hurdle

plots, the colour scale goes from low (darker colours) to high (lighter colours) prob-

ability of a language being in WALS. In the count plots, the same colours represent

howmany features are predicted to be annotated for the languages in a given area.

As we can see in Figure 5.5, languages spoken in Africa have an overall low

probability of being present in WALS, with the most common predicted probability

lying between 0.2 and 0.3. The best coverage is predicted to be found north of the

Sahara and on the southern tip of Africa. The model predicts the lowest coverage,

with a probability of presence in WALS between 0.1 and 0.2, around Cameroon and

Gabon. This is an area rich in languages, particularly those belonging to the Bantoid

and Bantu families. Many of these languages have not been sufficiently documented.

Bantoid languages in particular are in dire need of further study (Blench, 2015).

The predictions from the negative binominal component of the model follow a very

similar pattern to the hurdle predictions, meaning that areas where languages with a

low expected level of annotation are spoken correlate with the areas in which many



Chapter 5. Geographic bias in the distribution of missing data 126

0.72 0.74 0.76 0.78

Mean proportion of zeros (Africa)

0.68 0.70 0.72 0.74

Mean proportion of zeros (Eurasia)

0.48 0.51 0.54 0.57

Mean proportion of zeros (North America)

0.60 0.63 0.66 0.69

Mean proportion of zeros (South America)

0.72 0.74 0.76 0.78

Mean proportion of zeros (Multinesia)

0.48 0.52 0.56 0.60

Mean proportion of zeros (Australia)

T = prop_zero T(yrep) T(y)

FIGURE 5.4: Posterior predicted proportion of zeros. The dark blue line
indicates the observed value while the light blue bars represent samples

from the posterior.
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FIGURE 5.5: Spatial predictions for Africa

languages predicted to be absent fromWALS.

For South America (Figure 5.6), we see a slightly higher overall probability of a
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FIGURE 5.6: Spatial predictions for South America

language being present in WALS across the continent, with the most common values

lying between 0.4 and 0.5, although this could also be due to the continent having

a lower overall number of extant languages. Similar to the pattern in Africa, the

areas with the highest probability of a language being in WALS correlate with the

areas in which the best-covered languages are predicted to be. However, the highest

probability predicted by the model is only 0.6. This locus of high probability is

concentrated around the north-west coast of South America, encompassing parts of

Ecuador, Venezuela and Peru. A lower probability of high data coverage and presence

in WALS is predicted for Brazil.

North America (Figure 5.7) shows a higher overall probability of languages being

in WALS than South America or Africa, with the highest predicted probability reach-

ing 0.8. Again, the number of surviving languages on this continent could be low

overall compared to how many there were in precolonial times. In both plots, we

see a north-south and west-east cline which suggests that the languages of Central

America and the Caribbean are less likely to be present in WALS than the languages

in Canada or the United States. Interestingly, the count predictions drawn from

the negative binomial component are slightly different from those from the hurdle

component in this case. In the plot with count predictions, we see the highest
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FIGURE 5.7: Spatial predictions for North America

predicted data coverage in Canada, a slight dip in predicted coverage for Alaska and

the southern part of the United States, and the lowest predicted counts in Central

America and the Caribbean.

In Eurasia (Figure 5.8), there is a clear north-south gradient, with the highest prob-

ability of a language being present in WALS in the north. In Europe, the predicted

data coverage is lower for the Mediterranean and higher for Scandinavia, Central

Europe, and the UK. In Asia, the gradient moves from the highest predicted data

coverage in Russia, Japan and China, to a lower predicted coverage in the Middle

East, India and South-east Asia.

In Australia, shown in Figure 5.9, the overall probability of a language being in

WALS lies between 0.3 and 0.7 for the majority of the continent. This suggests that

Australia’s languages are better documented as a whole than those of South America

and Africa. This may be due to Australia’s current status as a relatively wealthy

Anglophone country with a number of prestigious universities which have projects

dedicated to the documentation of Australian languages; however, it could also be

because there are fewer extant languages in Australia than in Africa or Eurasia, as

so many of them have gone extinct. In addition, the majority of the indigenous

languages in Australia today are endangered (Evans, 2010).

There is an overall higher probability of languages in the western and central part

of Australia being in WALS. The area predicted to have the highest feature coverage

in WALS is in the north of the continent close to Darwin. One of the reasons for

this could be academic. Because this is where Australia was connected to Papua

New Guinea, with which it formed a continent named Sahul in the distant past, this

area is of special interest to scholars who are interested in understanding the distant
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relationships between the people and languages of Australia and those of Papua New

Guinea (Evans, 2020).

The last macroarea included in this study, Multinesia, spans the archipelago

of Indonesia, the island of Borneo, some Oceanian islands including the Solomon

Islands, and Papua New Guinea. In Figure 5.10, it is clear that Borneo has the lowest

predicted probability of being in WALS, while the Solomon islands have the highest.

In Papua New Guinea, we see a gradient from west to east with a slightly higher

predicted coverage in the east.

5.4.4 Phylogenetic effects

The phylogenetic part of the model returns an intercept for each language, which

is expected to be similar to the intercepts for related languages. An intercept close

to zero indicates that phylogenetic effects are weak. A positive intercept indicates

that languages in that family are likely to be relatively well-annotated in WALS, and a

negative intercept indicates the opposite. As can be seen from the plots below, there

is considerable uncertainty around many of the phylogenetic intercepts. This could

suggest that the placement of a language in the phylogenetic tree is not a very reliable

indicator of its being in WALS or having a high level of coverage in the database.

Figure 5.11 shows a sample of varying phylogenetic intercepts for Bantu languages

on the left; these appear to have relatively high levels of uncertainty. For the Aus-

tronesian language sample, on the right, the uncertainty is still considerable, but

appears to be lower. The level of variation in expected documentation is higher,

too: for someAustronesian languages, the intercepts are positive (suggesting a higher

probability for families in that subgroup to be well-annotated in WALS), whereas for

Bantu languages, all the means fall into the negative, suggesting a lower probability

that these languages will be well-annotated in WALS.
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FIGURE 5.8: Spatial predictions for Eurasia (hurdle model)
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FIGURE 5.9: Spatial predictions for Australia
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FIGURE 5.10: Spatial predictions for Multinesia



Chapter 5. Geographic bias in the distribution of missing data 132

seki1238

belu1239

yeyi1239

bang1353

ling1263

nort3345

bish1246

buru1299

busu1244

kabw1242

-0.4 -0.2 0.0

Varying intercept

La
ng

ua
ge

Micro family
Bantu A-B10-B20-B30
Bantu D33
Central-Western Bantu
Lingala-Bangala
Southern Bantoid
Western Lakes Bantu

(A) Phylogenetic intercepts for a sample of Bantu
languages.

cent2087

haek1239

haru1244

saaa1240

sout2883

seka1247

dixo1238

nali1244

-0.2 0.0 0.2 0.4

Varying intercept

La
ng

ua
ge

Micro family
Coastal Bikol
Haeke-Bwatoo
Hatuhaha
Malaita-Makira
Masela-South Babar
Oninic
Southwestern Malakula
Tungak-Nalik

(B) Phylogenetic intercepts for a sample of Aus-
tronesian languages.

FIGURE 5.11: Phylogenetic intercepts for a sample of Bantu and Aus-
tronesian languages.



Chapter 5. Geographic bias in the distribution of missing data 133

5.5 Discussion

Languages spoken in some areas of the world are clearly more likely to be in WALS

than others, and there is geographic variation in the level of data coverage within

the database, too. North American languages have the best overall representation in

WALS, followed by the languages of Eurasia, particularly the north, while languages

spoken in Africa and South America are the least likely to be in WALS. Thus, these

results show that data in WALS is not missing at random, and that missingness is

both geographically and genealogically biased. As this model assigns a higher level

of importance to geography, which indicates that the geographic bias shaping the

distribution of missing data is stronger than the phylogenetic bias, the inclusion of

spatial controls is particularly important for bias mitigation.

The results show an overall gradient from north to south, in that languages north

of the Equator are generally more likely to be in WALS and to have a higher level of

data coverage. Not surprisingly, the probability of a language being in WALS corre-

lates with the number of features the model predicts to be coded for that language.

Bias occurs within macroareas as well as between them. When doing statistical

studies onAfrican data, we should bemindful that the northern and southern parts of

the continent are more well-documented than the centre, east and west. This could

be linked to environmental factors, as central Africa has dense rainforest coverage,

which canmake it difficult to access this area. Additionally, central Africa is known for

being populated predominantly by Bantu-speaking communities. The lack of deep-

time phylogenetic diversity may have caused some scholars to be less interested in

documenting the under-researched languages of this region.

It should be noted that these results are necessarily based on the languages

which are listed in Glottolog and their locations. The database cannot include all

the languages which have ever existed, nor many of those which were made extinct

due to colonisation and other historical processes. Additionally, if the locations

of some languages are not accurate in Glottolog, this will cause problems for the

predictive model. As discussed at length in the introduction of this thesis, we also

know that languages are spoken across territories rather than point locations. Points

can provide an approximation of where a language is spoken, but this is more com-

plicated for cultures with nomadic lifestyles. For Australia in particular, this could

cause unexpected results, since Australia is populated by many communities whose

lifestyle is traditionally nomadic or seminomadic (Evans, 2020). Moreover, the spatial

extent of a language could correlate with its probability of beingwell-documented, as

they also likely have more speakers. Including the number of speakers in the model

could be a way to control for and estimate the strength of this effect. In this study, no
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additional explanatory variableswere included, but there aremanywhichmight have

influenced the distribution of missing data globally, some of which could plausibly

be included. For example, for Eurasia, the highest predicted counts are centred on an

area in the north of Russia. This may be a result of WALS having been compiled by a

number of experts on Russian and Slavic languages. Themodel lacks the explanatory

power of additional factors like academic interest, geography, or cultural variables,

all of which could influence which languages are annotated for certain features in

large-scale databases.

5.6 Conclusion

The contribution of this chapter is twofold. First, it has clearly demonstrated that

data in linguistic typology is not missing at random, using WALS as a case study. Ad-

ditionally, it hasmade amethodological contribution to the field of spatial modelling

in linguistic typology by developing an approximateGPmodel. Thismakes it possible

to apply a GP, which would otherwise be computationally intractable, to large-scale

datasets as an areal control and a way to detect areal clustering of features.

The results show that the distribution of missing data is influenced by both areal

and phylogenetic biases. This means that languages spoken in some macroareas

have a higher probability of being in WALS than others. Within macroareas, there

is geographic bias, too. For Eurasia and North America, this manifests as a gradient

from north to south, where languages in the north are more likely to be in WALS

than languages in the south. When doing statistical inference with this data, we are

therefore likely to induce geographic andphylogenetic bias. Thus, it is important, as a

first step, to use statistical techniques such as controlling for areal effects andmissing

data imputation to mitigate this (Guzmán Naranjo and Becker, 2021; McElreath,

2020). It is particularly crucial to include spatial controls, as missingness appears

to be more biased along geographic lines than between language families.

Thenature and strength of the bias inducedby excludingmissing data in linguistic

typology is not well understood. We do not know whether statistical techniques like

the ones mentioned above can successfully counteract the effects of heavily biased

missing data. For example, if we only have three languages available in a family of a

hundred languages, missing data imputation may not solve the problem and could

itself be biased. There is likely a limit to how much statistics can help when we have

heavy bibliographic bias like this, but we do not know where that limit lies. Similarly,

no study has yet examined the strength of bias induced by excluding missing data

from typological studies, or the extent to which methodological refinement can miti-

gate this. Controlling for bibliographical bias by including the quality of the available
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grammatical description of languages is another possible approach to reducing bias

induced by data sparsity (Becker, Guzmán Naranjo, and Ochs, 2023).

The creators of some of the newer databases, such as Grambank, are trying to

remedy the issue of data sparsity (Skirgård et al., 2023). Other databases focus on

more specific subsets of linguistic features or languages in order to achieve more

fine-grained coverage using language-specific knowledge (e.g. Idiatov and Van de

Velde (2021)). A combination of approaches, including funding further language

documentation efforts and the curation and creation of cross-linguistic databases,

as well as developing statistical techniques, is needed in order to ensure that our

findings are as unbiased as possible. Additionally, it is essential that we replicate

large-scale cross-linguistic studies in order to test whether their findings hold as new

data andmethods become available.
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Chapter 6

Conclusion and outlook

Modelling space requires making a series of trade-offs between complexity and real-

ism on the one hand, and tractability and interpretability on the other. Whenever we

decide to include additional parameters in a model, the margin for misspecification

and error increases. Because of this, it is typically considered good practice to use the

simplest possible model that will capture the underlying trends in the data. However,

it is far from trivial to decide what the simplest possible model should look like, and

what is crucial information to include and what is not. In some cases, adding even a

little bit of complexity improvesmodel performance drastically, as was evident in the

results of the case study presented in Chapter 2. In other cases, the inclusion of more

information adds very little to themodel’s predictive accuracy or evenmakes it worse.

This is an important point to bear in mind when considering potential directions for

future work in this field.

In this chapter, I will start by summarise the findings of this dissertation, its overall

contribution to the field, and the implications of its results. I will then provide some

recommendations for possible directions that future work could take, of which there

are many.

6.1 Summary

In this thesis, I have contributed a series of case studies to the field of spatial linguistic

typology which make use of a diverse range of methods, some of which have not

been applied to linguistic data before. I have tried to give as many details about their

implementation as possible, and in Chapter 2, I gave some practical recommenda-

tions for when to use what kind of spatial model. Some of these were based on a

brief case study of the areal distribution of labial-velar consonants in Africa based

on datasets by Idiatov and Van de Velde (2021) and Segerer and Flavier (2011-2021).

These were also accompanied by concrete recommendations for implementation in

R, including somepackages thatmake Bayesian statistical inference of spatialmodels
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more accessible (Bürkner, 2017; Donegan, 2022). The code used in this thesiswill also

be freely available.

In Chapter 3, I used a novel combination of statistical techniques in order to

disentangle the cultural and environmental factors which have shaped linguistic

diversification in Africa. I devised two ways of measuring linguistic diversity which I

found necessary to distinguish from each other: density was calculated by counting

the number of neighbours of a given language territory, and diversity was calculated

as the sum of the lexical differences between a language and its neighbours based on

word lists, which acts as a proxy for phylogenetic diversity (Jäger, 2013). Language

density and linguistic diversity were found to be correlated with some of the same

variables, which indicates that their distribution has been shaped by some of the

same diachronic processes. Political complexity, the degree to which communities

organise themselves into larger jurisdictional units such as states, was found to be

the variable with the most consistent negative impact on both linguistic density and

diversity. However, some notable differences between the estimated correlations for

density and diversity were found. Overall, language density appears to be affected to

a greater extent by environmental variables, including terrain elevation, seasonality,

and temperature, than cultural factors, with the exception of political complexity.

In particular, variable terrain elevation seems to have a more consistent effect on

language density than diversity, suggesting that it facilitates diversificationmore than

the maintenance of phylogenetic diversity over time. This provides some support

for the idea that terrain elevation is a barrier to contact that leads to differentia-

tion, although compared to some of the other variables in the model, the effect of

terrain was found to be relatively weak. Cultural variables were found to impact

linguistic diversity more consistently than environmental ones. These included

political complexity, jurisdictional hierarchy within the local community, the level of

dependence on agriculture as a subsistence strategy, and settlement strategy, ranging

from nomadic to permanent settlements. The cultural organisation of neighbouring

language communities was found to influence diversity the most, suggesting that

politically complex, highly agricultural and sedentary language groups exert pres-

sure on their neighbours to shift or converge to their language. This suggests that

researchers like Comrie (2008) and Epps (2020) were correct in emphasising that the

maintenance of co-territoriality involving many diverse linguistic communities over

time is linked to the interplay of cultural attitudes and ways of life in those areas.

In Chapter 4, I presented a new version of a method called multivAreate, devel-

oped by Guzmán Naranjo and Mertner (2022) and Guzmán Naranjo, Mertner, and

Urban (2024), with the goal of inferring variation in the diffusibility of different types

of structural features. My focus was specifically on the range parameter which is
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inferred by a GP, as this provides an estimate of the spatial extent within which

features tend to form geographically contingent clusters which cannot be explained

by other variables in the model. Gender and noun classes were found to be the least

diffusible features in Africa, suggesting that if these features are impacted by contact,

this tends to occur within a small area. The areal patterns which were visualised for

this category of features supported this, as they were not characterised by an absence

of spatial effects, but by few strong local clusters. Perhaps, in order for contact

to affect gender/noun class systems, contact between speakers of languages with

distinct systems should be very intense, which is howThomason andKaufman (1988)

famously characterised the concept of feature borrowability: the more intensive the

contact needed to cause changes to a domain, the less borrowable it is considered.

In this study, the inferred hierarchy of borrowability for the subset of features

tested places gender and noun class systems at the low end along with nominal

number marking; this is followed by bound verbal categories, word order, and

tense/aspect markers which can be bound or free. A limitation of the model is that it

sometimes infers a high degree of uncertainty in the range of certain features, which

was the case for TAMmarking and suggests that there is a high level of variation in the

diffusibility of features belonging to that domain. Otherwise, the findings align with

patterns of areality observed in Africa previously, with gender/noun class systems

considered a highly stable feature within lineages while word order shows distinct

areal patterns and inconsistency within lineages (Dimmendaal, 2008a; Güldemann,

2018b; Heine and Nurse, 2008; Van de Velde, 2019). As a secondary goal of the study,

areal patterns could be visualised, some of which were discussed in detail in the

paper with reference to prior findings; the rest are shown in Appendix B.

The final case study in Chapter 5 of this thesis found that the distribution of

typological data on the structural features of language included in the most recent

version of the World Atlas of Language Structures (Dryer and Haspelmath, 2022) is

spatially and phylogenetically non-random,which provides a theoretical basis for the

use of geographic and phylogenetic bias controls. Interestingly, the geographic bias

was found to be greater than the phylogenetic bias, adding to a growing recognition

of the importance of including controls for geography alongside language families

in quantitative studies on linguistic typology, and perhaps casting some doubt on

the results of previous studies which may not have included such controls (Guzmán

Naranjo and Becker, 2021). This emphasises the importance of replication studies

making use of new data andmethods.
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6.2 Future work

There is ample opportunity for future work in the intersection between Bayesian spa-

tial modelling, phylogenetics, linguistic typology, and language evolution. These top-

ics are growing in popularity among researchers, and many promising studies have

recently advanced the field (such as those by Becker, Guzmán Naranjo, and Ochs

(2023), Graff et al. (2024a,b), Guzmán Naranjo and Jäger (2022), Guzmán Naranjo

and Mertner (2022), Neureiter et al. (2022), Ranacher et al. (2021), and Skirgård et al.

(2023), and too many others to list here). There is still a great deal of variation in

the methods used and in how distances between language locations are calculated,

and while methodological diversity of this kind is clearly an asset, it can make the

comparison of results and methods across studies more difficult. I will not argue for

standardisation of themethods used; as Chapter 2 of this thesis shows, the suitability

of different types of spatial models depends heavily on the type and amount of

data which is available for a specific study. However, studies which focus explicitly

on comparing the performance of methods or distance metrics, or on replicating

previous studies using different methods (like Guzmán Naranjo and Jäger (2022) and

GuzmánNaranjo, Mertner, andUrban (2024)), are crucial for the advancement of the

field.

Bearing in mind that the addition of complexity to a statistical model should

be done with careful consideration, the following sections will tackle some of the

current issues in the field of spatial models for linguistic data. Many of these will

touch upon the complexity of the real world and the ways in which this could be

accounted for in future work. It should be considered that if we were to include

all of the complexities of the real world in a single model, that model would never

finish running (at least on the hardware which is currently available to researchers

in this field). It would also be very hard to interpret its results, as the parameters

of complex models are interdependent and should be interpreted in relation to each

other. Thus, we cannot always assume that amore realisticmodel is necessarily going

to be a better or more insightful one. At the same time, there may still be a great

deal of important information which could be included in future spatial models in a

considered way. In the following sections, I will focus on what I see as some of the

most crucial considerations and avenues for advancement in the field as they relate

to the study of linguistic typology, since there are too many to cover them all.

6.2.1 Water, areas, and other opportunities

Some of the results presented in this work support the idea that variable terrain is a

barrier to contact between language groups. Distances across variable terrain can be
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measured in a relatively simple way by using a topographic surface and calculating

the shortest path between two points on that surface (Guzmán Naranjo and Jäger,

2022). However, the role of water in contact dynamics is less well-understood. In

some cases, as when groups historically lacked sailing technology, the presence of

a large body of water between them would preclude contact between them entirely.

However, some groups developed technology which allowed them to cross bodies of

water with relative ease. In other cases, water could actually facilitate contact. Rivers

are a famous example of this, as linguistic groups in areas like the Amazon or in Egypt

have historically settled near rivers andmay have travelled faster by taking advantage

of river systems (Bentz et al., 2018). These factors are particularly difficult to model,

as quantifying how likely or how fast travel across water would be requires knowledge

about the kind of technology that cultures in that area would have possessed. For

instance, Kaiping (2022) models prehistoric migrations in South America, drawing

on knowledge from archaeology, anthropology, and the ways in which river systems

are utilised by present-day cultures in the region during travel. Synthesising available

knowledge from different disciplines could be a promising approach to building a

realistic model of interactions across water for different regions of the world.

Another common concern which was also raised in the introduction of this thesis

relates to the variable sizes of different language territories. Evenmapping a language

community to a polygon with defined geographic boundaries represents an abstrac-

tion from reality; mapping such a community to a single coordinate, then, seems like

an even more egregious one. In one of the chapters of this thesis, I used a polygon

dataset created and curated by SIL (Eberhard and Fennig, 2023). However, as this

dataset is not freely available, the search for alternatives is ongoing. Data collection

is, of course, the ideal solution to this issue. Aside from that, the possibilities in-

clude such suggestions as tessellating points usingDelaunay triangulation to create a

Voronoi diagram (Aurenhammer and Klein, 2000). These methods suffer from a lack

of proper testing, and since they disallow overlaps between language territories, the

question must be asked whether these polygons would be a better representation of

reality than points. A useful first step for future work could be to evaluate this in a

systematic comparison between a spatial graph using point locations and distances

against a binary or weighted Voronoi diagram. Another significant limitation related

to the issue of polygons is that GPmodels, which I found to be the best for the dataset

in my case study in Chapter 2, cannot be used with polygons at the moment of

writing this. However, GPs for spatial statistics are rapidly gaining traction, so the

possibilities for future development are promising (Gelfand and Schliep, 2016).

There is a related avenue of ongoing research in spatial statistics into methods

which can adaptively infer the number of neighbours in a spatial graph (Levada,



Chapter 6. Conclusion and outlook 141

Nielsen, and Haddad, 2024). This could be an alternative to polygon data with would

account for differences in language density and deal with the common issue that a

distance radius of 500 km includes a lot more languages in dense areas (which may

not actually be in contact with groups that far away) while likely failing to capture

contact between languages spoken in sparsely populated areas. Graphs like this

can be used not just for the inference of spatial autocorrelation, but as the basis

for simulations of evolving systems called agent-based models, which have already

resulted in valuable insights into the interplay between innateness and culture in the

evolution of language (Kirby, Dowman, and Griffiths, 2007) and historical linguistics

(Hartmann, 2021).

6.2.2 Asymmetry in contact dynamics

Language contact occurs in a wide variety of sociolinguistic situations which can

impact the structures, sound systems, and lexicons of the languages involved in

diverse ways (Muysken, 2010). Some contact situations lack any obvious hierarchy

between the languages involved, as in cases of egalitarian multilingualism (Lüpke,

2016; Pakendorf, Dobrushina, and Khanina, 2021). On the other hand, situations in

which a politically powerful language, often with a larger number of speakers and/or

a larger geographic area, come into contact with smaller, less politically powerful

languages are well-attested historically and synchronically (Childs, 2010). These

kinds of contact situations can lead to an asymmetric transfer of linguistic material,

with the speakers belonging to the smaller language community converging and

perhaps eventually shifting towards the other. The idea of asymmetry is built into

the terminology commonly used to describe contact situations cross-linguistically,

with one language described as the ‘source language’ and the other as the ‘recipient

language’ (Matras and Sakel, 2007).

Despite asymmetry being a feature of many contact dynamics, its incorporation

into computational methods remains an open issue. There are two main complica-

tions which need to be taken into account. The first is computational; the second

is conceptual. As discussed in Chapter 2, most spatial modelling techniques require

the underlying representation of the space between languages – whether that takes

the form of raw distances or a neighbourhood matrix – to be symmetric. This

excludes the possibility of explicitly building asymmetry into the spatial representa-

tions themselves for most spatial models. Fortunately, there is an exception to this

rule, as the simultaneously autoregressive (SAR) model does not require a symmetric

neighbourhoodmatrix (Whittle, 1954).
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The directionality of contact effects does not always correlate with political power,

prestige, or size (in terms of area or population). Sometimes, a dominant language

adopts linguistic material from a less-dominant or even oppressed language. For

example, when a community of speakers shifts from one language to another (often

related to prestige or cultural or military dominance), they retain elements of their

original language or choose the dominant-language variants which most closely

match structures in their original language. These elements can then enter the domi-

nant language as substrate effects (Muysken, 2010). This could be the mechanism by

which labial-velar stops originated in central and West Africa (Bostoen and Donzo,

2013; Idiatov and Van de Velde, 2021).

A related issue is that hierarchies are temporally unstable. Based on current power

relations in the region, one might assume that the borrowing of click consonants

into Bantu languages represents a kind of transfer which defies hierarchical relations.

Click consonants are found in the Khoisan languages spoken in the Kalahari desert

and southern Africa, which comprise multiple distinct lineages, including Tuu and

Kx’a. When Bantu speakers arrived in the region, they likely needed to rely on

local knowledge for survival, and it is thought that clicks were adopted by these

speakers during this time (Pakendorf et al., 2017). Later, speakers of Bantu languages

would outnumber the hunter-gatherer communities. Cases such as this could create

complications for detecting asymmetric contact based on synchronic data, as the

relative sizes of linguistic communities shift over time. Hierarchical relationships are

not temporally stable either and do not always correlate with community size. In the

Rift valley in Tanzania, power relations have been unstable throughout history, which

means that the languages in the region have likely all influenced each other at some

point in time (Kießling, Mous, and Nurse, 2008).

The inclusion of social dynamics of language contact in a spatial model is a worth-

while pursuit for future research. A simple approach which relies on established

methods could involve comparing a SAR model with an asymmetric neighbourhood

graphwith the samemodel with a symmetric graph. If the asymmetricmodel outper-

forms the symmetric model, this indicates that asymmetric relations play a role in

shaping the distribution of linguistic features in the relevant area. On a related note,

it is important to remember that the usefulness of statistical methods lies in their

ability to detect underlying patterns in noisy data. Even if there are many exceptions

to a rule, there is still value in detecting whether the rule holds in general for a given

dataset. It is difficult to tell from a collection of real-world case studies whether the

effects of contact are generallymore likely to be asymmetric or bidirectional, and this

is what a statistical model could do.
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It would be even more useful if the model could detect asymmetry and the direc-

tion of influence (but see Dellert (2019) for a detailed discussion of the challenges

associated with this and an algorithm for inferring the directionality of contact in-

fluence from lexical data). For spatial models, a relevant area of ongoing research

is the development of methods by which a spatial weights matrix can be inferred

from the data, so that it does not have to be specified by the researcher (Merk and

Otto, 2022). Asymmetry in the weights matrix can also be inferred, such as when the

spatial dataset comprises irregular polygons (which is the case for language polygon

datasets) (Harke, Merk, and Otto, 2022). Future work could evaluate the suitability of

these methods for linguistic data.

6.2.3 Time and space

The synthesis of what we know about the dynamics of language inheritance and con-

tact is one of the main goals of statistical models of language change. In this thesis,

the focus has been on the modelling of space, as this has received considerably less

attention than the modelling of language history, despite the fact that it is arguably

equally important. Furthering our understanding of language contact is essential

to understanding how languages evolve and increasing the time depth at which we

can reconstruct the history of languages. Because the field of spatial modelling in

linguistics is newer than that of phylogenetics, there is still much to do in terms

of evaluating how well these models can detect the processes we are interested in,

even under the less-than-ideal conditions of data sparsity and uncertainty around

the classification of languages. This thesis is one of several recent works attempting

to make progress in this area.

Every chapter has included a control for phylogenetic relatedness, the most

promising of which is phylogenetic regression, as this takes into account the entire

structure of a language tree (see Grafen (1989) and Villemereuil and Nakagawa (2014)

for an explanation of phylogenetic regression). However, there is a great deal of

uncertainty around the relatedness of languages, especially in Africa, and especially

at the level of subgroups like Bantu (Grollemund et al., 2015; Güldemann, 2018a).

The inclusion of more detailed phylogenetic information can perhaps have the

unintended side effect of building a level of certainty we do not have into the model

architecture. Future work could tackle the issue of phylogenetic uncertainty within a

Bayesian modelling framework (Villemereuil et al., 2012).

A method which combines the dimensions of time and space in a dynamic way

includes phylogeographic models Koile et al. (2022) for reconstructing the history
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of Bantu languages. However, this method still relied on the inference of a phy-

logeny prior to fitting the spatial model. Incorporating information about spatial

relationships directly into a phylogeneticmodel could be an important step to reduce

the interference of contact in establishing language histories. Future researchers

could also adopt an approach which involves studying the spatial dynamics first, for

example by examining the stability and diffusibility of the words and concepts which

are used in phylogenetic inference. This is especially crucial for underdocumented

language families like Bantu, which have a long history of both population move-

ments and social interactions between groups that makes disentangling the effects

of contact from those of inheritance particularly challenging. The effects of contact

may have permeated the lexicons and structures of these languagesmore deeply than

previously thought. It is also crucial to consider the temporal dimension of contact

itself, particularly when migrations are a known part of the history of these groups.

In the case of Bantu languages, we could draw on the wealth of studies which have

inferred a homeland and a probable migration route to detect past contact influence

across space (see Grollemund et al. (2015), Koile et al. (2022), and Pakendorf, Filippo,

and Bostoen (2011), and references therein). This, in turn, would help us evaluate

whether some of the proposed subgroups could be the result of contact between

linguistic groups which are no longer geographically contingent.

6.2.4 Divergence

When related languages separate, a process of linguistic differentiation begins which

leads to these languages gradually becoming more distinct over time. Differenti-

ation, like convergence, can also happen for other reasons, such as evolutionary

drift, functional or cognitive biases, and social pressures. Language contact can also

lead to differentiation, in which case it is called divergence, referring specifically to

“differentiation that is driven by language contact, rather than the absence of contact”

(Mansfield, Leslie-O’Neill, and Li, 2023, p. 234).

In some cases, a desire for linguistic communities to distinguish themselves from

their neighbours results in borrowing taboos, restricting the flow of lexical material

between languages (Aikhenvald, 2002). However, these languages may still show

convergence at the morphosyntactic level, meaning that such languages may still be

susceptible the transfer of patterns without any transfer of forms (Aikhenvald, 2002).

Drawing on data from a diverse sample of languages, Mansfield, Leslie-O’Neill, and

Li (2023) find that divergence between dialects in close contact happens at the level

of grammatical forms, but does not affect the presence or absence of forms express-

ing particular meanings. Thus, morphosyntactic variables of the kind included in
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Grambank, all of which relate to patterns rather than forms andmany of which relate

to patterns of presence or absence, are not necessarily expected to show contact-

induced divergence. However, as this is cross-linguistically understudied, we do not

know whether divergence occurs at the pattern level in ways that could be detected

across large geographic areas. As the study byMansfield, Leslie-O’Neill, and Li (2023)

focused on dialects or closely related varieties, it is not certain to what extent its

findings can be generalised to more distantly related or unrelated languages.

It is worth remembering that language evolution is driven by speakers of diverse

languages, and that these speakers can and do make conscious choices about the

linguistic material they use and how they use it, and that these choices shape lan-

guages over time (Di Carlo and Good, 2023; Morrison, 2018; Mous, 2003). Under

such a view of language evolution, we cannot exclude the possibility of divergence

occurring at the level of language structure as well as surface forms, while noting that

current research points to divergence being much less likely to occur in the domain

of structural or conceptual categories (Graff et al., 2024b; Mansfield, Leslie-O’Neill,

and Li, 2023). All this may be relevant for the kinds of spatial patterns detected by the

model used in the present study, serving as a reminder not to exclude the possibility

of contact-induced divergence or other kinds of differentiation which could occur

between geographically proximate languages.

Detecting and incorporating linguistic divergence in quantitative models is a

relatively recent goal for linguists studying variation. Much more attention has been

devoted to convergence, perhaps for good reason. Convergence is well-attested at

the macro-level. The WALS features examined by Murawaki and Yamauchi (2018)

all showed positive (albeit, in some cases, weak) spatial autocorrelation. However,

it should be noted that their model disallowed negative values, such that even if

some features were negatively spatially autocorrelated, it would not be possible for

the model to detect it.

6.3 Final remarks

In this thesis, I have demonstrated multiple new ways of modelling linguistic data

in space and applied these predominantly to case studies of African languages. I

hope I have shown how different Bayesian approaches can be applied to the study

of linguistic typology and diversity, particularly as it relates to drawing inferences

about the history and evolution of the languages under study. Uncertainty is a

reality of this field on many levels; we deal with uncertainties in classification, in

the locations of languages and their geographic extent, and in the data sources we

work with. Uncertainty is not typically considered a positive thing, but under a
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Bayesian framework, we utilise uncertainty as a way to ensure that our findings are

robust, and to highlight when they are not. As such, it becomes a valuable source

of information. In multiple chapters of this thesis, that information has played a key

role in interpreting the results. Itmay also have left somewith the impression that not

much can be said about the topics covered in this thesis with any degree of certainty:

from deciding whether hotbeds of linguistic diversity arose as a result of influences

from the surrounding geographic environment or from the social configurations of

the speaker groups within those hotbeds, to the question of whether some structural

features are inherently more diffusible than others, about which I could only draw

tentative conclusions with reference to a specific subset of features for a specific

macroarea of the world.

The reality of spatial modelling is that it is fairly computationally intensive. As

such, I have been faced with a series of trade-offs, as I discussed briefly earlier, which

boil down to attempting to find the simplest possible model that is feasible to imple-

ment, run, and interpret. For the chapter on diffusibility, I chose to limit my dataset

so that I could apply a model with a higher level of realism in its representation of

space. For the chapter on data sparsity, I made the opposite choice. These and

many other decisions have also been motivated by questions of practicality, as in

the chapter on the correlates of linguistic diversity, where the decision of how to

implement themethod required a great deal of trial and errorwhichwill not be visible

to the reader. I hope that any disagreements about the choices I have made here will

spark interesting dialogues between researchers from different disciplines and fuel

future work in this field.
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Appendix A

Code availability

All the code for this thesis, including the Stanmodel files and R scripts for running the

model and generating the plots, is available online. In this appendix, I will provide

links to the repositories containing the code for each chapter.

The code is contained in a GitHub repository which can be accessed at https:
//github.com/anmiri/spatial-models-thesis. The code for each chapter is in a

separate folder, and each folder can be navigated using the instructions given in the

repository.

https://github.com/anmiri/spatial-models-thesis
https://github.com/anmiri/spatial-models-thesis
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Appendix B

Data and intermediate results

B.1 Chapter 3

In Chapter 3, I transformed the D-PLACE variables (agriculture level, political com-

plexity, settlement strategy, and community hierarchy) using Principal Components

Analysis (PCA). The variables from D-PLACE are all ordinal, so these were trans-

formed for use in the models without the phylogenetically decorrelated residuals

using ordinal PCA as implemented in the R package Gifi. These PCAs were then

transformed using Varimax rotation (Kaiser, 1958) The loadings plots from both of

these transformations are shown in Figure B.1a and B.1b.

I applied the same method to the extracted non-phylogenetic residuals and

phylogenetic latent variable z (which represents, on the same scale as the non-

phylogenetic residuals, a continuous version of the original ordinal variables). For

each plot, only the first two components are visualised. The three dimensions which

resulted from each of these analyses was comparable, with one dimension defining

the level of political complexity, another the level of dependence on agriculture and

settlement strategy, and the third community hierarchy. These are shown in Figures

B.2a and B.2b.

The climate variables were also transformed using a PCA, and the resulting load-

ings and screeplot (depicting how much variance is explained by each of the dimen-

sions) are shown in Figure B.4a and B.4b.
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(A) Ordinal PCA loadings.
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(B) Ordinal PCA loadings with Varimax rota-
tion.
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(A) Non-phylogenetic residuals: PCA load-
ings.
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(B) Non-phylogenetic residuals: loadingswith
Varimax rotation.
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(A) Latent variable z: PCA loadings.
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B.2 Chapter 4

In this section, I will show some additional visualisations from the model presented

inChapter 4. The first, Figure B.5, shows the estimated inter-feature correlations. Low

correlations are shaded in purple (dark) while high correlations are shaded in yellow

(light). For ease of visualisation, these correlations are presented separately for the

nominal domain (which includes nominal number and gender/noun classes), the

verbal domain (which includes TAM and bound verbal categories), and word order.

Otherwise, the correlations become very difficult to read.

The second set of plots shows the aggregated spatial effects whichwere not shown

in the main text (Figure B.6). These are followed by the remaining individual spatial

effects plots for all the features, sorted by domain, with nominal categories in Figure

B.7, verbal categories in Figure B.8, and word order features in B.9. High-quality

versions of these plots are also available in the code repository for this chapter.

A set of the estimated phylogenetic intercepts is shown in B.10. Not all of themcan

be shown, as every language has its own intercept for every feature. However, these

plots should illustrate how the intercepts vary along the lines of language families,

with related languages having more similar intercepts.
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FIGURE B.5: Inter-feature correlations for features in the domains of
nominal categories, verbal categories, and word order. Correlations
across categories/domains may also be present, but they are presented

separately here for ease of visualisation.



Appendix B. Data and intermediate results 153

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Spatial similarity
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

(A) Aggregated effects: word order.

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Spatial similarity
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

(B) Aggregated spatial effects: TAM.

40°S

20°S

 0°

20°N

40°N

20°W  0° 20°E 40°E 60°E

Spatial similarity
0-0.1

0.1-0.2

0.2-0.3

0.3-0.4

0.4-0.5

0.5-0.6

0.6-0.7

0.7-0.8

0.8-0.9

0.9-1.1

(C) Aggregated spatial effects: number.
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FIGURE B.7: Spatial predictions for the individual features (nominal
domain).
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FIGURE B.8: Spatial effects plots (verbal domain).
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FIGURE B.9: Spatial predictions for the individual features (word order).
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FIGURE B.10: A collection of phylogenetic intercepts for a sample of
diverse languages.
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B.3 Chapter 5

For Chapter 5, I did some preliminary analyses of missing values in Grambank (ver-

sion 1.0) (Skirgård et al., 2023). Using the same method as in the chapter, I included

all the languages in Glottolog and coded those languages which are in Grambank as

1 (present), and those which are not in Grambank as 0 (missing). Figure B.11 shows

the proportion of missing values across macroareas.

As mentioned in Chapter 2, when we have binary data, the recommended ap-

proach to measuring spatial autocorrelation is to use join-count statistics, essen-

tially counting how many spatial neighbours share the same value. The measure

counts BB (a shared value of 1) andWW (a shared value of 0) against BW (neighbour

pairs whose values do not match). These counts are compared to an expected

number of matches given random chance. I performed a join-count test of spatial

autocorrelation on the missing data in Grambank using a binary spatial weights ma-

trix, with languages within 1000 km coded as neighbours. This allows for the creation

of a fully connected graph. A positive z value of 16.6 and a p-value of 0.002 indicates

significant positive spatial autocorrelation, i.e., missing languages in Grambank tend

to cluster together spatially. This is robust to different neighbourhood specifications.

An example of this is shown for the languages of Peru for neighbour pairs within a

distance radius of 300 km (since higher distance thresholds make the visualisation

becomes harder to interpret) in Figure B.12.

This suggests that spatial controls are important to reduce statistical bias induced

by missing data in Grambank as well as WALS.
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