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Abstract 

The human species is diverse in the size, structure and complexity of our social organizations. 

Today, human sociopolitical complexity ranges from stateless small-scale societies to complex 

states that integrate millions of individuals over vast geographic areas. Here, we explore major 

transitions across this range of complexity. In particular, we examine the statistical structure of 

these transitions using Horton-Strahler branching, generalized Horton Laws, and allometric 

spatial mixed-effect models. We show that all major transitions in sociopolitical complexity follow 

an invariant fractal-like growth process; with each transition there is an additional level of 

jurisdictional hierarchy, a four-fold increase in population size, a two-fold increase in population 

area, and therefore a doubling of population density. These statistics fully describe all transitions 

from the least to the most complex societies. However, these transitions are probabilistic, not 

deterministic in nature. This fact explains the asymmetry of human sociopolitical evolution: while 

more complex societies were necessarily once less complex, less complex societies do not 

necessarily become more complex.  
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Introduction 

Human societies display a wide diversity of sociopolitical complexity. In the 21st century, at the 

smallest scale we might find autonomous hunter-gatherer families operating in parts of Africa, 

or villages of horticulturalists in New Guinea pursuing predominantly subsistence lifestyles with 

varying levels of interaction with market economies. There are still several dozen isolated 

populations on the planet with little to no effective interaction with the outside world [1–5]. The 

smallest-scale societies are often organized into flexible, politically-autonomous, and egalitarian 

groups of perhaps a few dozen individuals integrated into larger ethnolinguistic metapopulations 

often on the scale of hundreds to a few thousand people. For example, the Hadza hunter-

gatherers of Tanzania have a total population size of ~1,000, divided into four geographic regions, 

where individual families form residentially mobile bands of ~20 co-residing individuals [6]. At 

the other end of the spectrum, the largest human organizations are complex states, often 

comprised of millions of people structured in space by hierarchical networks of cities, towns, 

villages, and farms, with diverse economies and hierarchically nested political institutions. For 

example, the United States has a population of ~327 million divided into 50 states with a dozen 

cities of populations greater than a million, and a political hierarchy composed of cities, 

municipalities, counties, states, and the federal government [7].  

This range of sociopolitical diversity evolved only recently in human evolutionary history. 

Beginning with the development of agricultural food production ~11,000 years ago in the ancient 

Near East and elsewhere in various regions of the planet shortly thereafter, many populations 

who were previously mobile egalitarian hunter-gatherers incorporated agricultural foods into 

their diets and became increasingly residentially sedentary, economically diverse, and politically 

nonegalitarian. The first complex states in the ancient world began to appear ~6,000 years ago 

in agriculturally productive areas of the planet, including southern Mesopotamia, Egypt, the 

Indus Valley, China, and later various parts of the Americas [8–12]. The current scale of diversity 

we see today in human sociopolitical complexity ultimately was fueled by the industrial 

revolution, which led to increased population growth supported by industrialized agriculture, the 

expansion of global markets, and increased rates of technological and scientific innovation 

resulting in even greater economic, political, and cultural asymmetries among larger and ever 

more complex societies.  

An axiomatic feature of the archaeological, ethnographic, and historical record is that more 

complex societies were once less complex: the earliest states were regional polities that emerged 

from networks of local villages, which were formed by farmers who were hunter-gatherers prior 

to the adoption of domesticated plants and animals [13]. Similarly, the 195 member state 

countries of the United Nations each emerged from a long series of economic, political, and 

historical processes that integrated once politically-autonomous societies that emerged 

themselves from previously politically-autonomous entities, and so on. A conspicuous feature in 

the evolution of this diversity is the quantitative and qualitative nature of transitions in 

sociopolitical complexity across these different scales. Clearly, the United States is not simply a 
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vast conglomeration of 327 million hunter-gatherers, nor is a Hadza band a microcosm of the 

Tanzanian state.  

A well-documented feature of human social systems at all scales is the modular and hierarchical 

organization of the social networks that underlie their structure [10,13–17]. Examples of this 

property of human social organization include hunter–gatherer social networks [14,15,18], small-

scale autonomous village societies [17,19], the infrastructure of both ancient and modern cities 

[20–23], the internal organization of ancient states and empires [10], and the personal, political, 

scientific, communication, and financial networks that form the institutional infrstructure of 

modern nation-states [22,24–34]. Despite this emerging insight into the fundamental structure 

of human social organization, little is known quantitatively about the nature of the transitions 

between different levels of sociopolitical complexity. Are there general statistics to these 

transitions that suggest critical behavior in changes of state common to the evolution of complex 

systems, or is each transition in complexity unique in time and space, the result of local conditions 

and historically-contingent events? 

 

 

Figure 1. A schematic of the various scales of jurisdictional hierarchy in human sociopolitical 

complexity, from 1 = , the smallest scale politically-autonomous societies, to 5 = , the most 

complex state societies with five levels of sociopolitical and spatial hierarchy. In each panel there 

is an approximate 4-fold increase in the connected population size and an approximate 2-fold 

increase in population area, and so a doubling of population density.  
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Here, we quantify transitions in the sociopolitical complexity of human societies using scaling 

statistics, including Horton-Strahler branching, generalized Horton Laws, and allometric mixed 

models [15,35]. A common metric of sociopolitical complexity used across the social sciences is 

the level of jurisdictional hierarchy beyond the local community recognized by a society, as 

recorded in the Ethnographic Atlas [36,37]. Sociopolitical complexity,  , ranges in scale from 1 

to 5, where 1 is the minimal condition of a stateless acephalous society (i.e., the Hadza, who 

recognize no formal jurisdictional hierarchy beyond the local group) and 5 is a multi-tiered 

hierarchical state (i.e., the US, where there is a formal jurisdictional hierarchy at multiple levels, 

from local communities to the federal government) (Figure 1).  We focus primarily on the scaling 

of population size, N ,  spatial extent (i.e., area) A  , and population density, /D N A=   across 

these 5 levels of complexity both in terms of their average properties and the scaling of their 

entire probability distributions.  

Horton-Strahler branching ratios. First, we quantify transitions between levels by calculating the 

branching ratios of population sizes and areas from the data. Let 
,iN 

 be the size N of the ith 

population at level  , and let 
,iA 

 be the area A (in km2) of the ith population at level   (termed 

the Horton order). To calculate the branching ratio we first define ( )* exp lnN N =  as the 

multiplicative mean (or geometric mean) population size at the th  level (where   denotes a 

mean), and ( )* exp lnA A =  as the multiplicative mean population area at the th  level. For 

population sizes, we then define the Horton-Strahler branching ratio, NR  as ratio of 

multiplicative means between levels: 
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For population areas we define the branching ratio, AR  as  
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We calculate the branching ratios between all levels. If the branching ratios are constant across 

all transitions then the structure is considered to be statistically self-similar. Rearranging 

equations 1 and 2 we then have 
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* * k

kN N e + =   (3) 

 

And 

 

* * k

kA A e + =   (4) 

 

Where k =  , ln NR =  and ln AR = . Therefore, if self-similar a semi-log plot between *N
 

and   will be well-fit by a straight line of slope   , and a semi-log plot of *A
 and   will be well-

fit by a straight line of slope  .  

 

Figure 2. Means and standard deviations of ethnolinguistic population sizes (A), areas (B), and 

population density (C) by level of sociopolitical complexity. The color coding is followed 

throughout the paper. The solid black lines are regression fits and the dotted lines are 95% 

confidence intervals around the slope. Despite the overlap in data among classes in all plots all 

means are well-fit by the regression models and fall within the 95% confidence intervals. 

Statistical errors around parameter estimates are reported in the text. 

The mean sizes, variation, and confidence limits for the population size and area data are given 

in Table 1 and shown in Figure 2.  Average population sizes range from ~5,600 at 1 =  to ~1.6 

million at 5 = , a 280-fold increase. Average areas range from ~1,600 km2 at 1 =  to ~13,000 

km2 at 5 = , an 8-fold increase across the range. Figures 2A and B show the semi-log plots of 

average population size, ln N , and area, ln A , as functions of sociopolitical level,  . Both semi-

log plots are well-fit by linear functions as all the means are encompassed by the 95% confidence 

interval around the slope, with high 2r  values. The population branching ratio is 

( )exp 4.29NR = = ( )3.02 6.11− , and the area branching ratio is ( )exp 1.84AR = = ( )1.28 6.23−

. Consequently, with each transition in sociopolitical complexity population density 
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approximately doubles, as is shown in Figure 2C where ( )0.83 0.10 =   and so 

( ) ( )exp 2.29 1.68 3.11 = − . On average, each transition in sociopolitical complexity is associated 

with an additional level of jurisdictional hierarchy, a four-fold increase in population size, a two-

fold increase in spatial extent, and a doubling of population density. However, note that in 

Figures 2A-C there is considerable overlap in the size, area, and density of populations across the 

five scales indicating that transitions are in no sense deterministic, but probabilistic. 

 

Table 1. Descriptive statistics for the population size and area data by sociopolitical level. 

Level Sample size Mean ln[pop. size] s.d. Geomean pop. size 95% CL 95% CL 

  n  ln N  ln N  
*N  Lower Upper 

1 417 8.64 3.12 5,663 4,197 7,641 

2 354 10.20 2.97 27,028 19,830 36,838 

3 187 12.08 2.59 177,106 122,230 256,620 

4 140 13.48 2.73 713,318 453,540 1,121,893 

5 30 14.29 3.81 1,599,611 408,630 6,261,798 

Level Sample size Mean ln[Area] s.d. Geomean area 95% CL 95% CL 

  n  ln A  ln A  
*A  Lower Upper 

1 430 7.40 2.03 1,639 1,354 1,986 

2 363 7.49 2.21 1,784 1,421 2,240 

3 191 8.71 2.37 6,070 4,335 8,499 

4 142 9.43 2.61 12,514 8,145 19,228 

5 31 9.47 3.70 12,946 3,525 47,542 

 

Rescaling and data collapse. To understand whether this scaling behavior is limited to averages 

or whether it is a general property of the entire system of transitions, we now consider the scaling 

of all statistical moments of the probability distributions of N and A using generalized Horton 

Laws [38]. We define ( )p N
 and ( )p A

 as the probability distributions of N and A of all 

populations at the th  level. If sociopolitical structure is self-similar in population size N and area 

A then the probability distributions at each level vary by some scalar  , and so

( ) ( )1p N p N  + =  and ( ) ( )1p A p A  + = . The Horton-Strahler analysis suggests this scalar is 

the multiplicative mean of the distribution. Therefore, by rescaling each population size 
,iN 

 and 

area 
,iA 

 by their respective multiplicative means *N
 and *A

 we non-dimensionalize the data 

defining the rescaled quantities, 
*

, , /i iN N N  
   and 

*

, , /i iA A A  
  . Theory predicts that if the 

entire distributions are self-similar at all moments then both population size and area should 

collapse onto unique non-dimensional scaling functions. Indeed, Figure 3 shows that in both 

cases, all data collapse onto single scaling functions, indicating that the entire distributions of 

population sizes and areas are self-similar. The major transitions in sociopolitical complexity, 
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from autonomous small-scale village-level societies to politically-complex hierarchical states are 

a series of self-similar transitions. 

 

Figure 3. Data collapse of population sizes and areas across the five levels of sociopolitical 

complexity using Generalized Horton Laws: A) Probability distributions of the raw population size 

data; B) rescaled population size data; C) probability distributions of the raw population area 

data; and D) rescaled population area data. The color scheme follows Figure 2. 

 

Fractal dimension. Self-similarity is a statistical characteristic of a scale invariant fractal process 

[39]. As both the branching ratios of population sizes and areas are self-similar then the major 

transitions in sociopolitical complexity are fractal in nature. This fractality is captured by the 

Haussdorf dimension, H , which we estimate from the data in three ways:  
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First, from the definition of the fractal dimension as the ratio of the characteristic branching 

processes of the system we have: 

 

ln 1.46
2.39

ln 0.61

N

A

R
H

R




= = = =  

 

Second, estimating the fractal dimension as the ratio of the logarithm of the mean branching 

ratios across the four transitions we have: 

 

ln ln 4.40
2.31

ln ln1.90

N

A

R
H

R
= = =  

 

And third, estimating the fractal dimension ln / lnH d N d A =  by fitting a slope to a log-

log plot of average population size and average area per level of sociopolitical complexity we find 

( )2.24 1.24 3.24H = −  (Figure 4). In all three cases the fractal dimension is estimated between 

2.2-2.4, but with wide confidence limits. Thus population density across scales of sociopolitical 

complexity has a fractal dimension of 2H  . Moreover, the fractal nature of population density 

indicates that population structure is statistically invariant across levels. This property is depicted 

visually in Figure 1 where each new additional level is ultimately a rescaled version of the previous 

level, which, in this case includes a four-fold increase in population size and a two-fold increase 

in spatial extent. 
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Figure 4. Log-log plot of the average population size per level, ln N , by the average area per 

level, ln A . 

 

Allometry. We further investigate how population density changes with sociopolitical complexity 

by examining the allometric scaling of population size and area. As both N and A are functions of 

scale,  , we derive the allometric scaling of A N  from equations 3 and 4 to yield the standard 

scaling equation 

 

0A A N = ,  (5) 

 

where / ln / ln 1/A NR R H  = = =  and 0A  is a normalization constant. At each level of 

sociopolitical complexity we then have  

 

0,A A N 

  =   (6) 

 

Because equation 6 explicitly describes the relationship between the area and size of a 

population, it is a fundamental description of the spatial ecology of populations at each level of 

sociopolitical complexity. As 0A AN −=  it is also the area per individual when 1N = . In hunter-

gatherer populations, the area per individual is determined largely by the space required to meet 

metabolic demand and the packing of individuals in space. However, as subsistence technology 
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diversifies to include agricultural production area per individual tends to decrease as agriculture 

increases the productivity per unit area [40–42]. Figure 5A shows that although dependence on 

agriculture seems to saturate at the highest levels of sociopolitical complexity, on average there 

is ~10% increase in the dependence of agriculture with increasing level of sociopolitical 

complexity and Figure 5B shows that average population density at each level increases by ~8% 

with each percentage increase in agricultural dependence. Therefore, a 10% increase in the 

dependence of agriculture is correlated with a doubling of population density. 

 

Figure 5. The dependence on agriculture across the range of sociopolitical complexity. A) The 

mean and standard deviation of dependence on agriculture by levels of sociopolitical complexity; 

and B) Average population density per level of sociopolitical complexity by dependence on 

agriculture. Population density increase 8% per 1% increase in the dependence on agriculture. 

 

We model the scaling of population density across levels of sociopolitical complexity and the 

interaction of agriculture using a spatial mixed-effect model (spaMM) [43–45], which controls for 

spatial autocorrelation and the evolutionary nested structure of ethnolinguistic populations 

within languages within language families in both continuous and categorical variables. 

Goodness-of-fit is estimated using out-of-sample cross validation (see Methods below). Note, if 

2H   then 1/ 1/ 2H =  . Results show that the overall scaling of area and population size 

across all levels is 0.48 = ( 0.06, 2 0.70%r = ). Figures 6A-E show the log-log scaling of area, A, 

and population size, N, for the five levels of sociopolitical complexity,  . Figure 6F shows that 

the scaling slope,  , increases as the area per individual, 0,A  , decreases. This means that there 

is a fundamental trade-off in the scaling of human spatial ecology across the range of 

sociopolitical complexity. As populations increase in sociopolitical complexity the area per 

individual decreases rapidly as technological innovations in agricultural technology increase the 
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productivity per unit area, but there is less overlap in space in complex societies than less 

complex societies.  

 

Figure 6. Scaling of ethnolinguistic area, A, as a function of population size, N at all scales of 

sociopolitical complexity. Figures 6A-E show sociopolitical levels 1-5 respectively, the solid lines 

are the fits estimated from the spatial mixed-effect model (spaMM), and the equations are the 

parameter estimates. Figure 6F shows the strongly negative relationship between the slopes, 

,  and the intercepts, 0,A   across levels, and the inset shows the estimated allometries of the 

fitted model slopes from figures A-E (details are given in the online supplementary materials). 

 

Discussion 

Our results show that major transitions in human sociopolitical complexity are fully-described by 

a fractal-like, probabilistic, asymmetrical, scale-dependent statistical growth process. Associated 

with each positive transition we see an increased levels of jurisdiction hierarchy associated with 

a four-fold increase in population size, a two-fold increase in area, a doubling of population 

density, and a ~10% increase in agricultural production. The constant Horton-Strahler branching 

ratios demonstrate that this growth process is fractal-like and the successful data collapses of all 

data across all levels show that this fractality fully describes all transitions from the least to the 
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most complex societies. The fractality of sociopolitical complexity suggests major transitions are 

related to critical thresholds in human social organization that are ultimately related to 

population densities and their economic, technological, and infrastructural networks. Although 

there are substantial qualitative differences in the nature of human societies across the spectrum 

of sociopolitical complexity, these statistics show that fundamental aspects of human social 

structure are invariant to these transitions. That is to say, certain changes in population structure 

are predictable simply from knowing the level of sociopolitical complexity in a given society. 

Importantly, transitions in sociopolitical complexity are probabilistic, not deterministic. As 

populations approach or surpass certain threshold densities they are increasingly likely to 

develop an additional level of sociopolitical organization, especially when associated with 

increased levels of agricultural production. Similarly, as populations fall below density thresholds 

they are increasingly likely to lose levels of sociopolitical organization. The considerable overlap 

of population sizes, areas, and densities across the range of sociopolitical complexity shown in 

Figure 2 highlights the statistical nature of these thresholds. This means that transitions are not 

governed solely by endogenous growth mechanisms, but by the interaction of endogenous 

growth with an array of exogenous constraints. These constraints include: local environmental 

productivity; the availability of agricultural technology; the density, structure, and nature of 

interactions with neighboring societies, as well as all other sources of historical contingency and 

environmental stochasticity. All these factors combine to impact the level and trajectory of 

sociopolitical complexity experienced locally in a society. Ultimately all transitions in human 

sociopolitical complexity involve qualitative shifts in the form of sociopolitical leadership, 

infrastructure networks, settlement patterns, technological innovations, economic productivity 

and economic specialization that result from the complex interactions, correlations, and 

feedbacks that build among systems over time and space. However, the fundamental population 

structure over which these interactions play out is statistically invariant.  

The statistical nature of these transitions also explains the inherent asymmetry of the evolution 

of human sociopolitical complexity. While it is axiomatic that societies with increased levels of 

sociopolitical complexity evolved from societies that were once less complex (i.e., smaller in size, 

more local in scale, and less dense) the reverse is clearly not true. As populations grow and food-

production technologies develop less complex societies do not necessarily develop additional 

levels of complexity deterministically, but they are increasingly likely to do so. Additionally, while 

there has been a net increase in the average sociopolitical complexity of human societies over 

the Holocene, this trajectory is not only asymmetric but nonlinear; human societies commonly 

cycle through periods of growth, stability, and collapse [46], often associated with major 

transitions in sociopolitical complexity [47,48].      

The scale-dependent allometric scaling of population size, area, and density show that the 

dynamics of population density are a function of sociopolitical complexity. Figure 6 shows that 

the scaling of population size and area becomes steeper and the intercept decreases as the level 

of sociopolitical complexity increases. As a result, population density increases with population 
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size fastest in the most complex societies, and slowest in the least. Therefore, while population 

density doubles on average with increasing sociopolitical complexity, the differential response of 

population density to population size is scale-dependent. This result suggests that as agricultural 

dependence increases with sociopolitical complexity population density increases dramatically 

but the overall system loses efficiency as the scaling behavior that captures the packing of 

individuals in space becomes steeper. As societies increase in complexity they also increase in 

size, infrastructure, and bureaucracy, and so economic returns to scale are increasingly 

institutional and less demographic, and seemingly less efficient. 

What, if anything, does this say about the evolution of human sociopolitical complexity over 

time? Clearly while there is a correlation between demographic scale and sociopolitical 

complexity, major transitions in sociopolitical complexity are also transitions in the roles of 

economic, social, and political institutions [10,13,47–55]. World population size at the end of the 

Pleistocene was likely on the order of ~10 – 20 million, increasing with the development of 

agriculture, but the vast majority of human population growth has occurred over recent decades. 

Were the first societies to exhibit the first tier of sociopolitical hierarchy beyond their local 

community about four times as populous as preexisting societies? Were the earliest complex 

states of the mid-Holocene on the scale of millions of people? Population sizes and densities are 

notoriously difficult to reconstruct with any certainty from the archaeological record, however, 

population estimates of early states in the ancient world are often comfortably into the millions 

[13,56–60]. Recent models of social organization within primary states in the ancient world 

suggest regional populations in the 10s – 100s of thousands had internal organizational structures 

with branching ratios ~3-5 [10], remarkably similar to statistics of social networks in the modern 

world. If so, this further supports the suggestion that the primary branching architecture of 

human social organization may be invariant. However, the population sizes at each level of 

sociopolitical complexity increased at differential rates with the explosive growth of human 

populations over recent decades. For example, today the total population size of the Hadza is 

~1,000, close to the average size of other ethnographic hunter-gatherer populations [15]. 

Regional population sizes of hunter-gatherers in the late Pleistocene hunter-gatherer world were 

probably of a similar scale, at least not orders of magnitude different in size. However, the same 

is not true for cities. The first cities to appear in the ancient Near East likely had populations on 

the order of a few tens of thousands [61], several orders of magnitude smaller than cities today. 

The scale of the first major cities in the ancient world would barely be counted as small towns 

today, and the largest contemporary cities such as Tokyo, Delhi, Shanghai, or Mexico City (all over 

20 million) now house the equivalent of the entire human species for most of human evolutionary 

history. 

While major transitions in sociopolitical complexity are clearly associated with population size 

and structure, the directionality of causation is not straightforward. Political centralization and 

growing socioeconomic asymmetries impact human societies in complex ways. Is it the case that 

societies with increasingly formalized sociopolitical infrastructures have a greater likelihood of 

growing in size and space? Or is it the case that more technologically innovative societies have 
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greater potential for growth in size and space and are thus more likely to develop additional 

levels of sociopolitical complexity? Or perhaps there is no clear linear causality; as deeply 

intercorrelated traits interact to impact the size, density, economy, and organization of 

populations, complex nonlinear feedbacks are set in place that, in time, result in major transitions 

to new levels of sociopolitical complexity.  

 

Methods and data 

Ethnolinguistic populations are among the largest scales of human social organization. Our 

primary unit of analysis is ethnolinguistic area, A, which is a spatially and linguistically discrete 

region of the planet’s surface measured in units of km2 and inhabited by N individuals. Sizes and 

areas vary widely, from a handful of speakers covering an area of a few square kilometers, to 

many millions of speakers covering hundreds of thousands of square kilometers. Multiple 

ethnolinguistic areas may share a common language, L. Ethnolinguistic area polygons (N = 7,627) 

were downloaded as shapefiles from the Ethnologue. For each ethnolinguistic polygon we first 

searched for matching linguistic names in the Ethnographic Atlas. For every ethnolinguistic 

polygon with no direct match with the Ethnographic Atlas we then conducted an online search 

for alternative names for languages, alternate spellings, or tribal affiliations. We were able to 

match 1,284 ethnolinguistic polygons with the Ethnographic Atlas. We made a total of 964 total 

matches between language names across data sets, but as languages are often spoken in more 

than one ethnolinguistic area, the total number of polygons increased to 1,284. To control for 

this clustering, we used language name, L, as a random effect in our models. Using the 

Ethnographic Atlas, for each ethnolinguistic area we recorded language name, L, language family, 

F, the continent on which it occurs, C, percentage dependence on agriculture, G, and the level of 

sociopolitical complexity,  .  

To analyze these data, we used a combination of Horton-Strahler ordering, generalized Horton 

Laws and allometric scaling approaches. Generalized Horton Laws are used to characterize the 

hierarchical branching structure of complex networks throughout the sciences [38]. Each 

sociopolitical level is assigned a hierarchical order,  , where ( )1,5 ,  which in Horton analysis 

is termed the Horton order. Each ethnolinguistic population is then assigned to the sociopolitical 

level,  , as given by the Ethnographic Atlas. In the Ethnographic Atlas the level of sociopolitical 

complexity comes from table 33 “Jurisdictional Hierarchy Beyond Local Community”, which 

Murdoch defines as the level of sociopolitical complexity, ranging from 1-5, where 1 = no political 

authority beyond community; 2 = simple chiefdoms; 3 = complex chiefdoms; 4 = early states; and 

5 = large states. The integers refer to the levels of jurisdictional hierarchy. 

Allometric models were constructed using spatial mixed-effect models, or spaMMs [43–45]. 

These were run in R [62]. Here, the dependent variable was area, A, and the independent variable 

was an ethnolinguistic population of size, N. Each ethnolinguistic population has a level of 

sociopolitical complexity,  , a % dependence on agriculture, G, speaks a language, L, (which may 
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or may not be common to other ethnolinguistic populations), belongs to a language family, F, 

that occurs in a continent, C, which are all potentially correlated in space. SpaMMs model this 

scaling relationship while controlling for the spatial-autocorrelation of both continuous and 

discrete variables, which themselves are hierarchically nested. To estimate goodness-of-fit 

statistics we used out-of-sample cross validation. Here, the data is randomly divided into two 

sections; a training set of 70% of the data, and a test set of 30% of the data. The statistical models 

are built using the training set and are then evaluated on their ability to predict the out-of-sample 

test data. Data and results are available in the online supplementary material. 
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