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Atkinson’s observation
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® Quentin Atkinson 2011
(Science, Phonemic diversity
supports a serial founder
effect model of language
expansion from Africa):

® phonemic diversity of
languages decreases with
distance from Africa
® consistent with a serial
founder effect (Atkinson, 2011, Figure S7)
® evidence for origin of
modern humans from
Africa
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® correlations are only informative about real-world processes if

there is a plausible causal story

e Atkinson:

® causal mechanism rests on assumed correlation of inventory

he number of phonemes—perceptually
destinct units of sound that differentiate

words—in a language is positively corre-
lated with the size of its speaker population (/) in
such a way that small populations have fewer
phonemes. Languages continually gain and lose
phonemes because of stochastic processes (2, 3).
If phoneme distinctions are more likely to be lost
in small founder populations, then a succession
of founder events during range expansion should
progressively reduce phonemic diversity with in-
creasing distance from the point of origin, paral-
leling the serial founder effect observed in population
genetics (4-9). A founder effect has already been

size with population size

e |atter assumption debunked by Moran et al. (2012)
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Looking at the data



Data used in this talk

¢ Phoible (Moran and McCloy, 2019)
® phoneme inventories of 2,186 doculects

e ASJP (Wichmann et al., 2018)
® A0-item Swadesh lists of 7,655 doculects

e intersection (linked via ISO code; only one doculect per ISO):
1,455 languages
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Land-based distances

e following Atkinson 2011:
® Africa/Asia: Cairo
® Asia/Europ: Istanbul
® Asia/Oceania: Phnom Phen
® Asia/North America: Bering Strait
® North America/South America: Panama
e following Wichmann et al. (2011), | use Addis Ababa as
putative place of origin here

10/43



11/43
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Controlling for phylogenetic
non-independence
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Spurious correlations in cross-lingustic data

@ What What

onventional )

Statistical 'ivolqgon
Methods rovides
Assume

Treating different languages as independent samples creates
many spurious correlations!
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® mixed-effects models, with genealogical units and/or linguistic
macro-areas as random factors, mitigate this problem
somewhat

® genealogical non-independence is no binary distinction though;
Scots is related to Hindi, but it much closer related to English

® degree of relatedness can be estimated via phylogenetic
inference from lexical data
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The phylogenetic comparative method

e data-generating process is governed by a
phylogenetic tree
® simplest model for continuous variables:

variable evolves according to Brownian
motion from root to leaves

when branch splits, to independent
copies keep evolving randomly
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® measurements at the leaves are distributed according to
multivariate normal distribution

® variance-covariance matrix is determined by tree
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Inferring a language tree
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concept  Latin English
1 ego Ei

you tu yu

we nos wi

one unus w3n
two duo tu
person persona, homo  pers3n
fish piskis fiS
dog kanis dag
louse pedikulus laus
tree arbor tri
leaf foly~u* lif
skin kutis skin
blood saNgw~is bl3d
bone os bon
horn kornu horn
ear auris ir

eye okulus Ei
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Language fish:z  tomgue:l smoke: 1
Abui-Atangmelang _-af-u

Abui-Fuimelang -af-u

Adang aab-- awai--b-a-n-0-7o-
Blagar-Bakalang -ab--

Blagar-Bama aab--  teg-e-bur-

Blagar-Kulijahi -ab--  tej-e-bur-

Blagar-Nule aab--  tej-e-bur-

Blagar-Tuntuli aab-- tej-e-bur-  a-adgeb-a-n-a-g--
Blagar-Warsalelang ~ -ab--  tel-e-bur-  a-ad--b-a-n-a-x
Bunag b-o-
Deing haf--

Hamap Tab-- nar-g-bull-

Kabola hab-- tal-e-b--- awal--b-e-n-e-7o-
Kaera-Padangsul ~ab-- talee-b---  a-ad--b-e-naa-x.
Kafoa -afUi

Kamang —ap-i

Kiraman -Eb--

Klon -eb-i

Kui ~eb--

Kula —ap-i -

Nedebang aaf-i gel-e-fu--

Reta aab-- nal-e-bul-

Sar-Adiabang haf--

Sar-Nule haf--

Sawila -ap-i

Teiwa-Madar xaf--

Wersing -ap-i  nej-e-bur-

Wopantar hap-- nal-e-bu--
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P——— s

English  Spanish Modern Greek Standard German

1 Bk yoiB exo:C XD
you yuik ustet:B, tu:C esi:D auE
we . nosotros:B emis:C vir:A
3n:h uno:B enas:C, ena:C ains:D

o tuih dos:B 8y~0:C, 8i0:D cvai:E
person persdniA  personazh an8~ropos:B REnS:C
fsh £15:4 peskado:A, pes:A  psari:B £15:4
dog dag:h pero:B STili:C, sTilos:C  hunt:D
come  k3m:h veni:8 erx~o:C Kn~om3n:A
sun s3n:A s01:8 ily~os:C, ilos:C  zomd:A
siar star:A  estreya:A asteri:h, astro:A  StEm:h
water  watdrik agumaiB nero:G vas3riA
stone piedra:s petra:B Stain:A

fire fuego:B foty~a:C foi
path senda:B 8romos:C preati, vek:D
mountain sero:B, montaba:A vuno:C, oros:D bErk:E

yeno:8 yematos:C, pliris:D fol:A

new ik muevo:A neos:A, Tenury~os:B moi:h
name  nem:h nombre:A onoma:A nan3:A
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™.

ENGAN . MAIBI

TNG. ENGAN . POLE
TNG. ENGAN . SAU

TNG. ENGAN . YARTBA

TNG. FASU.

TNG. FASU. NAMUMT

TNG. F! _AWARA

NG, F. _BORONG
TNG. FIN: _BURUM
TNG. FINISTERRE -HUON . BURUM_MIND:
TNG. FINTSTERRE -HUON . DEDUA

TNG. FINTSTERRE - HUON . HUBE

™. KATE

TNG. F. _KOMBA
™. KOSORONG
TNG. FINISTERRE -HUON . MAPE

TNG. FINISTERRE -HUON . MAPE_2
TNG. FINTSTERRE -HUON  MIGABAC
™. MINDIK
TNG. F! _HOMOLILT
TNG. F. _NABAK
TNG. FINISTERRE -HUON . NANKINA
TNG. FINISTERRE -HUON . NEK

TNG. FINTSTERRE - HUON . NUKNA

TNG. F! .oNo

TNG. F! _SELEPET
TNG. F. TIMBE
™. 5

TNG. FINISTERRE -HUON . WANTOAT 10000000+
TNG. FINTSTERRE -HUON . YOPNO

TNG. GOTLALAN. AFOA 10000000+
TNG. GOILALAN . KUNIMAIPA

TNG. GOILALAN . MAFULU
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® tree estimation above
established language families
unreliable
® very high phylogenetic
uncertainty -
® branches tend to be much
too short
® compromise used here:
® infer trees for individual
language families
® connect them with a
rake-shaped “proto-world”
root with unknown depth
® total tree depth 7 is
estimated from data :
® isolates are connected
directly to the root
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Null models for distribution of
sound inventory size
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DIC: 4132

- without phylogenetic control

with phylogenetic control

/[\ DIC: 3475

0.4 -0.2 0.0
mean sound inventory size (in standard deviations)
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Using number of speakers as
predictor
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intercept slope

without phylogenetic control

with phylogenetic control

® with phylogenetic control:

DIC: 3977

DIC: 3474

® posterior distribution for intercept includes 0 within 95% HPD

(if barely)

® model comparison shows model with and without predictor to

be essentially tied
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Using distance from Africa as
predictor
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number of phonemes

number of phonemes
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intercept slope

without phylogenetic control

DIC: 3738

with phylogenetic control

’\ DIC: 3439

-0.5 -0.4 -0.3 -0.2

-0.3 -0. -0.1 0.0 0.1

S}

® with phylogenetic control:
® both posterior distribution and model comparison indicate that
distance to Africa is a relevant predictor for sound inventory
size
® with phylogenetic control, the effect becomes weaker, but it
does not disappear
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Posterior predictive check: correlations under null models

distance to Africa log-population size

model
] vove
[ veenetc

-0.! 0.00

50 -0.25 0.25 -0.2 0.0 02
empirical value
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Morphological complexity
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dataset prepared by Christian Bentz and Johanna Nichols
(Nichols and Bentz, 2018)

numerical measure of morphological complexity

aggregated from corpus unigram entropy and from number of
features according to WALS (Dryer and Haspelmath, 2013)
and Autotyp (Bickel et al., 2018)

1,060 languages in intersection with ASJP

various hypotheses about non-linguistic factors influencing
complexity, such as

® distance to equator

® altitude

® population size
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Altitude
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e | fitted two Bayesian regression models

complexity ~ N (intercept + distance to Africa +
log(population size) +
log(altitude) +

distance from equator, ¥)

® model 1: ¥ is diagonal matrix

® model 2: ¥ is derived from phylogenetic trees
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posterior estimates of regression parameters

intercept distance to Africa population size
0.0 0.2 0.4 -0.1 0.0 0.1 02 03 0.0 0.1 0.2
altitude distance from equator

phylogenetic model (DIC: 2494)

naive model (DIC: 2966) /1

-0.1 00 0.1 0.2 00 01 02
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Conclusion
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controlling for common descent is essential when comparing
populations on a global scale

language trees, as derived via phylogenetic inference, are a
suitable starting point for assessing autocorrelation

resulting model arguably still underestimates autocorrelation
since it ignores horizontal transmission

first experiments with geographic spatial autocorrelation did
not alter qualitative picture though
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special thanks to Christian Frohlich
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