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Motivation



Why power laws?

• These things repeatedly pop up in my research 

• Wealth distributions, citations & public recognition of academics, market power (e.g. technology adoption)

Jakob Kapeller 3



Why power laws?

• These things repeatedly pop up in my research 

• Wealth distributions, citations & public recognition of academics, market power (e.g. technology adoption)

Jakob Kapeller 3



Why power laws?

• These things repeatedly pop up in my research 

• Wealth distributions, citations & public recognition of academics, market power (e.g. technology adoption)

Jakob Kapeller 3



Why power laws?

• These things repeatedly pop up in my research 

• Wealth distributions, citations & public recognition of academics, market power (e.g. technology adoption)

Jakob Kapeller 3

Technology 1: Quality 0.23
Technology 2: Quality 0.31

Technology 4: Quality 0.29

Technology 3: Quality 0.28

0 200 400 600 800 1000
0

100

200

300

400

500

600

total number of adopters of some tech

nu
m
be
r
of
ad
op
te
rs
pe
rt
ec
h

Development among the first 1000 adopters



Why power laws?

• These things repeatedly pop up in my research 

• Wealth distributions, citations & public recognition of academics, market power (e.g. technology adoption)

Jakob Kapeller 3

Technology 1: Quality 0.23
Technology 2: Quality 0.31

Technology 4: Quality 0.29

Technology 3: Quality 0.28

0 200 400 600 800 1000
0

100

200

300

400

500

600

total number of adopters of some tech

nu
m
be
r
of
ad
op
te
rs
pe
rt
ec
h

Development among the first 1000 adopters

• They also are found in other phenomena of interest to socio-economists, like city size, firm size, capital income, 

components of private wealth, the popularity of websites or books, the size of individual social networks etc. 

• Power laws are a well-established concept in other sciences (e.g. physics, maths, biology…) 

• Possible starting point for interdisciplinary collaborations – diverse contributions on ‚generative mechanisms‘



Why power laws?

• These things repeatedly pop up in my teaching 

• Recent task: Create a new introduction to economics from a pluralist view point for future  

teachers – „Economic Thought“ 

• Stealing from this great book the idea to introduce main economic actors (households, firms, 

state, etc.) and to provide a first conceptualization to assure that students’ basic impressions  

are aligned – but how to best introduce core economic properties of such actors? 

• My answer: Stratification of actors as a core dimension of interest – info on aggregate + parts! 
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Eine andere Variante, um die Verteilung des bestehenden Vermögens abzubilden, ist es, eine 

kumulative Verteilungsfunktion heranzuziehen. Diese zeigt, wie sich die erwarteten Werte 

(d.h. die anzutreffenden Vermögen) relativ zur Bevölkerung verhalten und ermöglicht 

Aussagen wie „die  oberen  20%  der  Vermögensverteilung  haben  ein  Nettovermögen  größer  

als   310.000   Euro“   oder   „MillionärInnen finden sich nur in den oberen 5% der 

Vermögensverteilung“. Zur leichteren Interpretation sind in der nachstehenden Abbildung 

einige Orientierungshilfen eingetragen. 

 

 

Abbildung 2: Kumulative Verteilungsfunktion der österreichischen Privatvermögen auf Basis der HFCS-Daten 

 

Abschließend zeigt Abbildung 3 eine Lorenz-Kurve für Österreich auf Basis der HFCS-

Daten. Diese Kurve wird allgemein als Indikator für wirtschaftliche Ungleichheit 

herangezogen und dabei auch rechnerisch in Gestalt des Gini-Koeffizienten ausgedrückt. Der 

Gini-Koeffizient ergibt sich dabei aus dem Unterschied zwischen absoluter Gleichverteilung 

(in der Graphik durch die 45-Grad-Linie ausgedrückt) und der realen Verteilungssituation. 

Die Fläche zwischen den beiden Linien repräsentiert das durch den Gini-Koeffizient 

gemessene Ausmaß der Ungleichheit – je größer der Wert, desto größer ist demnach auch die 

gemessene ökonomische Ungleichheit. 

  

Wealth in Austria (HFCS, Wave I): http://media.arbeiterkammer.at/PDF/MWuG_Ausgabe_122.pdf

http://media.arbeiterkammer.at/PDF/MWuG_Ausgabe_122.pdf
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Agenda

• Motivation 

• Conceptualizing power laws 

• Defining power laws: some variants 

• Talking about power laws: some (preliminary) lessons 

• Generating power laws 

• General overview on generative mechanisms 

• Simple models of cumulative advantage (and the welfare state) 

• Simple models of multiplicative random growth (and the welfare state) 

• Concluding thoughts
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Defining power laws 



• When some variable „follows a power law“… 

• … we typically apply exactly the same reasoning (a scaling relationship) to the variable of interest  

in absolute and relative terms = a functional relation between absolute value and relative position of the same variable 

• Caveat: In most cases the power law distribution only applies to  

some upper segment of the data:   

• Probability density functions (PDFs) to illustrate what this means.

xi > xmin

Power laws as scaling relationships

• Basic functional form: 

• When applied to two variables it expresses a scaling relationship (econ-speak: „homogenous of degree k“). 

• Biology: „doubling the size of mammals will increase their weight 8-fold“: 

• Mathematics: „doubling the length of square, will increase its area 4-fold“: 

• Economics: „doubling the number of inputs, will increase output k-fold“:

Jakob Kapeller 7

weight(size) = a ⋅ size3

area(length) = a ⋅ length2

output(inputs) = a ⋅ inputsk

rank(value) = a ⋅ valueb

The probability of observing x, 
becomes smaller when x becomes 

larger, but never truly zero

0 20 40 60 80 100

Pareto Distribution D  (10,1.5)

0.7 0.8 0.9 1.0 1.1 1.2 1.3

Normal Distribution D  (1,0.05)

f(x) = a ⋅ xb with a, b ∈ ℝ

fX(x) = a ⋅ xb with b < 0



• The classic case in economics: The Pareto distribution 

• Power law distribution = a functional relation between absolute value and relative position of the same variable. 

• Typical assumption: power law distribution only applies to  

some upper segment of the data. 

• Canonical form (survival function): 

• Inverse is known as Zipf’s law:

Power laws are often ‚discovered‘ in the history of the sciences

• Basic functional form: 

• Different discoveries in history of science: Pareto (1896, wealth), Auerbach (1913, city size), „Zipf’s Law“ (1932, word 

frequencies), „Benford’s Law“ (1938, leading digits in real datasets), „Price’s Law“ (1965, citation patterns) + more 

• At the end day, of the all these can be reduced to the specification seen before:
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Talking about power laws



• Three main problems when talking to lay audiences / students / media about power law distributions 

• Large number problem 

• The „what is a distribution?“-problem 

• The „fancy properties of power-law distribution“-problem
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• It’s vague enough to be precise: holds also, when power law only applies to upper segment 

• Can be applied to different contexts (pedagogical tool?, running gag?)
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distributed? Give numerics – compare mean to max!

Talking about power law distributions?
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• „few giants, many dwarfs“ 

• People get a visual impression, they might remember (hopefully ;-) 

• It’s vague enough to be precise: holds also, when power law only applies to upper segment 

• Can be applied to different contexts (pedagogical tool?, running gag?)

 

Bruckner, B., Hubacek, K., Shan, Y., Zhong, H., & Feng, 
K. (2022). Impacts of poverty alleviation on national and 
global carbon emissions. Nature Sustainability, 1–10.

ARTICLES NATURE SUSTAINABILITY

per day and US$5.50 per day. Among countries represented in 
the WBCD for which ref. 5 determined a national poverty line, 
Honduras and Burundi had the highest percentage of its popu-
lation living below the national poverty line, with 74% and 73%, 
respectively. Although they make up almost three-quarters of the 
population, their consumption induced less than one-third of their 
countries’ carbon emissions.

The carbon footprints of people in poverty were mostly below 
1 tCO2. People living on less than US$1.90 per day had an average 
carbon footprint of 0.4 tCO2, about a tenth of the global average car-
bon footprint. The mean carbon footprint of a person living on less 
than US$3.20 or US$5.50 per day was only slightly higher at 0.6 tCO2 
and 0.9 tCO2, respectively. Again, these values vary widely between 
countries. While people living on less than US$1.90 per day in 
Kazakhstan, Mongolia and China had an average carbon footprint 
of about 1 tCO2, in multiple African countries, the carbon footprint 
of people living in extreme poverty was less than 0.1 tCO2. This is an 
effect both of lower expenditures of people living in extreme poverty 
in Africa and of more carbon emissions induced per dollar spent in 
these Asian countries (Supplementary Information). Due to the dif-
ferences between national poverty lines, ranging from US$1.27 per 
day in Malawi to US$32.39 per day in Luxembourg, carbon foot-
prints of people living in poverty defined by these thresholds varied 
between more than 5.0 tCO2 in high-income European countries 
and less than 0.1 tCO2 in low-income countries.

Poverty alleviation and global carbon emissions. To quantify the 
impact on national and global carbon emissions, we designed seven 
counterfactual poverty alleviation scenarios. Figure 5 shows the 
relative increase in emissions and expenditure in each scenario. The 
scenarios follow the targets of SDG 1 set by the UN in 20154 and use 
national poverty lines as well as World Bank lending-group poverty 
lines established by ref. 5. SC1, extreme poverty, is based on SDG 1, 
target 1.14, and eradicates poverty below the extreme poverty line of 
US$1.90 per day. SC2, national poverty 1, and SC3, national pov-
erty 2, follow SDG target 1.24 and lift half of the population cur-
rently living below national poverty lines above them. While SC2, 

national poverty 1, shifts 50% of people in every expenditure bin 
below the national poverty line, SC3, national poverty 2, lifts the 
half of the population that is already closer to the threshold above 
it. The latter minimizes additional carbon emissions but results 
in a highly polarized and undesirable expenditure distribution as 
the poorest, and hence most vulnerable, are left behind. Scenario 
SC4, extreme + national poverty 1, combines SC1 with SC2; SC5, 
extreme + national poverty 2, combines SC1 with SC3. Scenario 
SC6, $3.20 poverty, and SC7, $5.50 poverty, eradicate poverty below 
the international poverty lines of US$3.20 and US$5.50 per day, 
respectively, which are used by the World Bank.

The first five scenarios, following SDG target 1.1 and 1.2 increase 
global carbon emissions by only 2.1% in the worst case, while rela-
tive increases in expenditure are slightly higher. Consequently, this 
research does not find a clear conflict between SDG targets focused 
on poverty alleviation, more specifically SDG targets 1.1 and 1.2, 
and the fight against climate change. Eradicating extreme poverty, 
modelled in SC1, results in a rise of global carbon emissions of less 
than 1%. Similarly, reducing the number of people living below 
national poverty lines (SC2 and SC3) leads to increases of only 1.5% 
and 0.8%, respectively. Emission increases resulting from achieving 
both targets at the same time (SC4 and SC5) are lower than the sum 
of the individual emission increases since national poverty lines 
can be lower than the extreme poverty line of US$1.90 per day, for 
example, in China and Nigeria. Achieving the first two targets of 
SDG 1 would increase the carbon footprints of people shifted out 
of poverty by about 0.2–0.4 tCO2 on average. Eradicating poverty 
below US$3.20 per day completely (SC6) and effectively moving 
about one-third of the global population to higher expenditure bins 
increases global carbon emissions by less than 5%, far less than the 
current share of the global top 1%. Going one step further, lifting 
3.6 billion people over the poverty line of US$5.50 per day (SC7) 
increases global emissions by 18%. Even in the latter two scenarios, 
global expenditure increases stay well below expected increases 
until 2030 in the shared socioeconomic pathways 1 through 522.

While low- and lower-middle-income countries and, thus, the 
majority of people living in poverty are well represented in the 

Population

Top 1%

Next 9%

Middle 40%

Bottom 50%

50%

40%

9%

1%

10%

43%

32%

15%

0

25

50

75

100

 Population CBE

a

0.6

3.5

11.6

48

0

10

20

30

40

50

Bottom 50% Middle 40% Next 9% Top 1%

C
ar

bo
n 

fo
ot

pr
in

t (
t C

O
2)

G
lo

ba
l p

op
ul

at
io

n 
sh

ar
e 

(%
)

b

Fig. 3 | Global distribution of carbon emissions and carbon footprints. a, Global population shares (left) and corresponding shares of total global carbon 
emissions (CBE, right). b, Average carbon footprints of the top 1%, top 10%, middle 40% and bottom 50% of the global population.
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• Three main problems when talking to lay audiences / students / media about power law distributions 

• Large number problem 

• The „what is a distribution?“-problem 

• The „fancy properties of power-law distribution“-problem

• „Give examples for the mysterious“ 

• What would „I met a huge guy“ or „I saw a huge  

tree“ mean, if these variables were power law  

distributed? Give numerics – compare mean to max!
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• „few giants, many dwarfs“ 

• People get a visual impression, they might remember (hopefully ;-) 

• It’s vague enough to be precise: holds also, when power law only applies to upper segment 

• Can be applied to different contexts (pedagogical tool?, running gag?)
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per day and US$5.50 per day. Among countries represented in 
the WBCD for which ref. 5 determined a national poverty line, 
Honduras and Burundi had the highest percentage of its popu-
lation living below the national poverty line, with 74% and 73%, 
respectively. Although they make up almost three-quarters of the 
population, their consumption induced less than one-third of their 
countries’ carbon emissions.
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and 0.9 tCO2, respectively. Again, these values vary widely between 
countries. While people living on less than US$1.90 per day in 
Kazakhstan, Mongolia and China had an average carbon footprint 
of about 1 tCO2, in multiple African countries, the carbon footprint 
of people living in extreme poverty was less than 0.1 tCO2. This is an 
effect both of lower expenditures of people living in extreme poverty 
in Africa and of more carbon emissions induced per dollar spent in 
these Asian countries (Supplementary Information). Due to the dif-
ferences between national poverty lines, ranging from US$1.27 per 
day in Malawi to US$32.39 per day in Luxembourg, carbon foot-
prints of people living in poverty defined by these thresholds varied 
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counterfactual poverty alleviation scenarios. Figure 5 shows the 
relative increase in emissions and expenditure in each scenario. The 
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SC6, $3.20 poverty, and SC7, $5.50 poverty, eradicate poverty below 
the international poverty lines of US$3.20 and US$5.50 per day, 
respectively, which are used by the World Bank.

The first five scenarios, following SDG target 1.1 and 1.2 increase 
global carbon emissions by only 2.1% in the worst case, while rela-
tive increases in expenditure are slightly higher. Consequently, this 
research does not find a clear conflict between SDG targets focused 
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modelled in SC1, results in a rise of global carbon emissions of less 
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national poverty lines (SC2 and SC3) leads to increases of only 1.5% 
and 0.8%, respectively. Emission increases resulting from achieving 
both targets at the same time (SC4 and SC5) are lower than the sum 
of the individual emission increases since national poverty lines 
can be lower than the extreme poverty line of US$1.90 per day, for 
example, in China and Nigeria. Achieving the first two targets of 
SDG 1 would increase the carbon footprints of people shifted out 
of poverty by about 0.2–0.4 tCO2 on average. Eradicating poverty 
below US$3.20 per day completely (SC6) and effectively moving 
about one-third of the global population to higher expenditure bins 
increases global carbon emissions by less than 5%, far less than the 
current share of the global top 1%. Going one step further, lifting 
3.6 billion people over the poverty line of US$5.50 per day (SC7) 
increases global emissions by 18%. Even in the latter two scenarios, 
global expenditure increases stay well below expected increases 
until 2030 in the shared socioeconomic pathways 1 through 522.
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Fig. 3 | Global distribution of carbon emissions and carbon footprints. a, Global population shares (left) and corresponding shares of total global carbon 
emissions (CBE, right). b, Average carbon footprints of the top 1%, top 10%, middle 40% and bottom 50% of the global population.
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• Three main problems when talking to lay audiences / students / media about power law distributions 

• Large number problem 

• The „what is a distribution?“-problem 

• The „fancy properties of power-law distribution“-problem

• „Give examples for the mysterious“ 

• What would „I met a huge guy“ or „I saw a huge  

tree“ mean, if these variables were power law  

distributed? Give numerics – compare mean to max!
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per day and US$5.50 per day. Among countries represented in 
the WBCD for which ref. 5 determined a national poverty line, 
Honduras and Burundi had the highest percentage of its popu-
lation living below the national poverty line, with 74% and 73%, 
respectively. Although they make up almost three-quarters of the 
population, their consumption induced less than one-third of their 
countries’ carbon emissions.

The carbon footprints of people in poverty were mostly below 
1 tCO2. People living on less than US$1.90 per day had an average 
carbon footprint of 0.4 tCO2, about a tenth of the global average car-
bon footprint. The mean carbon footprint of a person living on less 
than US$3.20 or US$5.50 per day was only slightly higher at 0.6 tCO2 
and 0.9 tCO2, respectively. Again, these values vary widely between 
countries. While people living on less than US$1.90 per day in 
Kazakhstan, Mongolia and China had an average carbon footprint 
of about 1 tCO2, in multiple African countries, the carbon footprint 
of people living in extreme poverty was less than 0.1 tCO2. This is an 
effect both of lower expenditures of people living in extreme poverty 
in Africa and of more carbon emissions induced per dollar spent in 
these Asian countries (Supplementary Information). Due to the dif-
ferences between national poverty lines, ranging from US$1.27 per 
day in Malawi to US$32.39 per day in Luxembourg, carbon foot-
prints of people living in poverty defined by these thresholds varied 
between more than 5.0 tCO2 in high-income European countries 
and less than 0.1 tCO2 in low-income countries.

Poverty alleviation and global carbon emissions. To quantify the 
impact on national and global carbon emissions, we designed seven 
counterfactual poverty alleviation scenarios. Figure 5 shows the 
relative increase in emissions and expenditure in each scenario. The 
scenarios follow the targets of SDG 1 set by the UN in 20154 and use 
national poverty lines as well as World Bank lending-group poverty 
lines established by ref. 5. SC1, extreme poverty, is based on SDG 1, 
target 1.14, and eradicates poverty below the extreme poverty line of 
US$1.90 per day. SC2, national poverty 1, and SC3, national pov-
erty 2, follow SDG target 1.24 and lift half of the population cur-
rently living below national poverty lines above them. While SC2, 

national poverty 1, shifts 50% of people in every expenditure bin 
below the national poverty line, SC3, national poverty 2, lifts the 
half of the population that is already closer to the threshold above 
it. The latter minimizes additional carbon emissions but results 
in a highly polarized and undesirable expenditure distribution as 
the poorest, and hence most vulnerable, are left behind. Scenario 
SC4, extreme + national poverty 1, combines SC1 with SC2; SC5, 
extreme + national poverty 2, combines SC1 with SC3. Scenario 
SC6, $3.20 poverty, and SC7, $5.50 poverty, eradicate poverty below 
the international poverty lines of US$3.20 and US$5.50 per day, 
respectively, which are used by the World Bank.

The first five scenarios, following SDG target 1.1 and 1.2 increase 
global carbon emissions by only 2.1% in the worst case, while rela-
tive increases in expenditure are slightly higher. Consequently, this 
research does not find a clear conflict between SDG targets focused 
on poverty alleviation, more specifically SDG targets 1.1 and 1.2, 
and the fight against climate change. Eradicating extreme poverty, 
modelled in SC1, results in a rise of global carbon emissions of less 
than 1%. Similarly, reducing the number of people living below 
national poverty lines (SC2 and SC3) leads to increases of only 1.5% 
and 0.8%, respectively. Emission increases resulting from achieving 
both targets at the same time (SC4 and SC5) are lower than the sum 
of the individual emission increases since national poverty lines 
can be lower than the extreme poverty line of US$1.90 per day, for 
example, in China and Nigeria. Achieving the first two targets of 
SDG 1 would increase the carbon footprints of people shifted out 
of poverty by about 0.2–0.4 tCO2 on average. Eradicating poverty 
below US$3.20 per day completely (SC6) and effectively moving 
about one-third of the global population to higher expenditure bins 
increases global carbon emissions by less than 5%, far less than the 
current share of the global top 1%. Going one step further, lifting 
3.6 billion people over the poverty line of US$5.50 per day (SC7) 
increases global emissions by 18%. Even in the latter two scenarios, 
global expenditure increases stay well below expected increases 
until 2030 in the shared socioeconomic pathways 1 through 522.

While low- and lower-middle-income countries and, thus, the 
majority of people living in poverty are well represented in the 
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Fig. 3 | Global distribution of carbon emissions and carbon footprints. a, Global population shares (left) and corresponding shares of total global carbon 
emissions (CBE, right). b, Average carbon footprints of the top 1%, top 10%, middle 40% and bottom 50% of the global population.
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Generative mechanisms



How do power law distributions emerge?

• Power law distributions: regular aggregate property of socio-economic variables 

• But what happens in terms of actual processes, that drives this (regular) pattern? 

• Newman (2005): Power laws, Pareto distributions and Zipf's law, Cont. Physics 

• (1) Combinations of exponentials 

• (2) Taking inverses of quantities 

• (3) Random walks 

• (4) The Yule process (and other ‚rich-get-richer‘ mechanisms) 

• (5) Phase transitions and critical phenomena 

• (6) Self-organized criticality 

• (7) Other mechanism including, „multiplying together random numbers“
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Eine andere Variante, um die Verteilung des bestehenden Vermögens abzubilden, ist es, eine 

kumulative Verteilungsfunktion heranzuziehen. Diese zeigt, wie sich die erwarteten Werte 

(d.h. die anzutreffenden Vermögen) relativ zur Bevölkerung verhalten und ermöglicht 

Aussagen wie „die  oberen  20%  der  Vermögensverteilung  haben  ein  Nettovermögen  größer  

als   310.000   Euro“   oder   „MillionärInnen finden sich nur in den oberen 5% der 

Vermögensverteilung“. Zur leichteren Interpretation sind in der nachstehenden Abbildung 

einige Orientierungshilfen eingetragen. 

 

 

Abbildung 2: Kumulative Verteilungsfunktion der österreichischen Privatvermögen auf Basis der HFCS-Daten 

 

Abschließend zeigt Abbildung 3 eine Lorenz-Kurve für Österreich auf Basis der HFCS-

Daten. Diese Kurve wird allgemein als Indikator für wirtschaftliche Ungleichheit 

herangezogen und dabei auch rechnerisch in Gestalt des Gini-Koeffizienten ausgedrückt. Der 

Gini-Koeffizient ergibt sich dabei aus dem Unterschied zwischen absoluter Gleichverteilung 

(in der Graphik durch die 45-Grad-Linie ausgedrückt) und der realen Verteilungssituation. 

Die Fläche zwischen den beiden Linien repräsentiert das durch den Gini-Koeffizient 

gemessene Ausmaß der Ungleichheit – je größer der Wert, desto größer ist demnach auch die 

gemessene ökonomische Ungleichheit. 
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Eine andere Variante, um die Verteilung des bestehenden Vermögens abzubilden, ist es, eine 

kumulative Verteilungsfunktion heranzuziehen. Diese zeigt, wie sich die erwarteten Werte 

(d.h. die anzutreffenden Vermögen) relativ zur Bevölkerung verhalten und ermöglicht 

Aussagen wie „die  oberen  20%  der  Vermögensverteilung  haben  ein  Nettovermögen  größer  

als   310.000   Euro“   oder   „MillionärInnen finden sich nur in den oberen 5% der 

Vermögensverteilung“. Zur leichteren Interpretation sind in der nachstehenden Abbildung 

einige Orientierungshilfen eingetragen. 

 

 

Abbildung 2: Kumulative Verteilungsfunktion der österreichischen Privatvermögen auf Basis der HFCS-Daten 

 

Abschließend zeigt Abbildung 3 eine Lorenz-Kurve für Österreich auf Basis der HFCS-

Daten. Diese Kurve wird allgemein als Indikator für wirtschaftliche Ungleichheit 

herangezogen und dabei auch rechnerisch in Gestalt des Gini-Koeffizienten ausgedrückt. Der 

Gini-Koeffizient ergibt sich dabei aus dem Unterschied zwischen absoluter Gleichverteilung 

(in der Graphik durch die 45-Grad-Linie ausgedrückt) und der realen Verteilungssituation. 

Die Fläche zwischen den beiden Linien repräsentiert das durch den Gini-Koeffizient 

gemessene Ausmaß der Ungleichheit – je größer der Wert, desto größer ist demnach auch die 

gemessene ökonomische Ungleichheit. 
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• Power law distributions: regular aggregate property of socio-economic variables 

• But what happens in terms of actual processes, that drives this (regular) pattern? 

• Newman (2005): Power laws, Pareto distributions and Zipf's law, Cont. Physics 

• (1) Combinations of exponentials 

• (2) Taking inverses of quantities 

• (3) Random walks 

• (4) The Yule process (and other ‚rich-get-richer‘ mechanisms) 

• (5) Phase transitions and critical phenomena 

• (6) Self-organized criticality 

• (7) Other mechanism including, „multiplying together random numbers“

How do power law distributions emerge?

Jakob Kapeller 15
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Simple models of cumulative advantage

Random multiplicative growth: „Gibrat model“



Cumulative advantage 
(aka „Matthew effects“)



Cumulative advantage and Matthew effects

• Cumulative advantage as a plausible candidate mechanism for 

many empirically observed power law distributions 

• Cumulative advantage = „rich-get-richer“ dynamics = Matthew effects 

• Classic sources: talent (mainstream), differential saving rates (Kaldor, Marx), 

differential rates of return (Piketty, Shaikh, Veblen) 

• There exists many models that follow such an intuition will 

generate power law distributions (under some conditions)… 

• Replicator dynamics (e.g. Stan Metcalfe) 

• Preferential attachment (e.g. Barabasi-Albert) 

• Technology adoption models with positive feedback (e.g. Brian Arthur) 

• Piketty’s first law of capitalism in conjunction with   and   …r > g sπ > sw

Jakob Kapeller 17
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in Table I. Source references for the data are given in the text. (a) Numbers of occurrences of words in the novel Moby Dick
by Hermann Melville. (b) Numbers of citations to scientific papers published in 1981, from time of publication until June
1997. (c) Numbers of hits on web sites by 60 000 users of the America Online Internet service for the day of 1 December 1997.
(d) Numbers of copies of bestselling books sold in the US between 1895 and 1965. (e) Number of calls received by AT&T
telephone customers in the US for a single day. (f) Magnitude of earthquakes in California between January 1910 and May 1992.
Magnitude is proportional to the logarithm of the maximum amplitude of the earthquake, and hence the distribution obeys a
power law even though the horizontal axis is linear. (g) Diameter of craters on the moon. Vertical axis is measured per square
kilometre. (h) Peak gamma-ray intensity of solar flares in counts per second, measured from Earth orbit between February
1980 and November 1989. (i) Intensity of wars from 1816 to 1980, measured as battle deaths per 10 000 of the population of the
participating countries. (j) Aggregate net worth in dollars of the richest individuals in the US in October 2003. (k) Frequency
of occurrence of family names in the US in the year 1990. (l) Populations of US cities in the year 2000.
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Very simple models of cumulative advantage

• Simplified replicator dynamics 

• Wealth dynamics with saving rate   and   that  

depends on ‚fitness‘, which depends on  

wealth vs. benchmark. 

• This leads to a bifurcation between rich and poor agents. 

•   can be used to regulate the bifurcation point, while   simply modulates the 

speed of the process (tractability). 

• Generates a power law at the top (and in parts around the center). 

• Needs some (initial) heterogeneity: starting values cluster around   

s = 1 r

k m

w0 ∼ 𝒩 (10,1)

Jakob Kapeller 18
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Very simple models of cumulative advantage

• ‚People have to eat‘ – model 

• Intuition: additive anchor point should create  

similar bifurcation as wealth vs. benchmark. 

• But: additive component is fully exogenous,  

while individual fitness was not. 

Jakob Kapeller 19
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• By defining  , we can again use   

to regulate the bifurcation point. 

• Generates a power law at the top (and 

„saddle“ in the center). 

• Also needs some heterogeneity (here: minor 

random element in growth rates)

c = μ ⋅ w0 + k k
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Very simple models of cumulative advantage (and the welfare state)

• ‚People have to eat‘ – model 

• Intuition: additive anchor point should create  

similar bifurcation as wealth vs. benchmark. 

• But: additive component is fully exogenous,  

while individual fitness was not. 
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• By defining  , we can again use   

to regulate the bifurcation point. 

• Minimalist assumption: public infrastructures / 
basic welfare state institutions makes it less 
likely to be overwhelmed by daily needs. 

• This would amount to a downward shift in  .

c = μ ⋅ w0 + k k

k
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conclude, as Lindert (2000) did, that the 
Kuznets curve is now obsolete.26

If we look at the history of the last seven 
centuries or so, there is reason to doubt that 
we should be as optimistic as Milanovic (after 
Kuznets) seems to be—although  admittedly, 
Milanovic’s “optimism” only goes as far 
as hypothesizing that the current bout of 
inequality growth will one day peak, at a level 
lower than that reached in the early twentieth 
century due to the presence of “inequality 
stabilizers” like state pensions and unem-
ployment benefits, and will subsequently go 
down. That day, though, may be a long way 
off. The point here, is that history does not 
support the view of a “spontaneous” tendency 

26 Regarding criticism of Kuznets, also see the recent 
contribution by Wisman (2017). 

for inequality to decline.27 In the twentieth 
century, as so effectively clarified by Piketty 
(2014, pp.  368–70), it was the shocks of the 
period  1914–45, related to the World Wars I 
and II, that determined the most significant 
decline in the wealth share of the top 10 per-
cent ever to be found in history (from almost 
90 percent in 1910 to 75 percent in 1950).28 

27 “Spontaneous” here simply means “independent 
from any form of intentionally  anti-inequality action.” So 
for example, Milanovic (2016, pp.  112–17) argued that 
inequality decline might occur in the future as a conse-
quence of factors like the spread of education and reduced 
skill premium, the dissipation of rents that had come into 
being in the early phases of the technological revolution, 
or income convergence at the global level. These processes 
would still be influenced by human agency. 

28 A recent article by Alvaredo, Atkinson, and Morelli 
(2018) provides some evidence of a reduction in the share 
of the richest in Britain from a few decades before World 
War I, leading the authors to argue that inequality reduc-
tion in the first half of the twentieth century was not the 
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A simple model of random multiplicative growth: path dependency

• The classic „Gibrat model“ looks like… 

• Simpler formulation, same explosive properties… 

• Starting from perfect equality:   

• A main difference is that   – random walk more pronounced
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• Path Dependency? 

• In cumulative advantage models: hard path-dependencies (only one ‚eternal’ 

change in direction) → non-ergodic dynamics (averages between elements do 

not inform about trajectories over time) 

• Here we have a multiplicative random walk: in eternity, everybody will rise & fall. 

• But think about time-scales! If a participant is born in round 800 and lives for 60 

periods, the world will be super-path-dependent → quasi-non-ergodic dynamics
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probability of j staying richer is always  .

wj > wi = 1
p > 1/2



A simple model of random multiplicative growth: a complication

• The classic „Gibrat model“ looks like… 

• Simpler formulation, same explosive properties… 

• Long-term outcomes: 

• This is equivalent to: 
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) = −

1
2σ2

G
(log x − μ)2 − log(x) − log ( 1
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Mandelbrot-quip: 
„small n is power law, 
large n is log-normal“
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• Another preliminary approach to modeling the welfare state 

• Simply assume a basic safety net – people cannot fall below some wealth    

• This works, resulting system is more equal. 

• However, agents do not drop out of multiplicative regime – drives system towards  

a power law distribution more strongly; even more explosive (in one direction). 

• With this come, e.g., higher maximal values on average in repeated applications –  

which would change, if we apply some tax to finance preserving the minima. 

wmin
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Random multiplicative growth: Empirical perspectives

• The classic „Gibrat model“ looks like… 

• Simpler formulation, same explosive properties – 

Emergence of inequalities even without significant differences 

endowments – cumulative advantage can kick in later.
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(body weight, grip strength, practical skills, and,
in predemographic transition populations, repro-
ductive success); material (land, livestock, and
household goods); and relational (social ties in
food-sharing networks and other forms of as-
sistance). We have nomeasures of other heritable
determinants of well-being such as ritual knowl-
edge, an important source of institutionalized in-
equality in some populations. By linking the level
of wealth of parents and adult offspring, mea-
sured as appropriate for individuals (e.g., body
weight) or households (e.g., land), we are able to
estimate the degree of intergenerational persist-
ence for particular types of wealth and then to
create averages for each broad class of wealth.

We classify economic systems according to
the conventions of anthropology (14). Hunter-
gatherer economic systems are those that make
minimal use of domesticated species (either plant
or animal), whereas pastoralists rely heavily, though
rarely exclusively, on livestock kept for subsist-
ence and sometimes commercial purposes. Al-
though both horticulturalists and agriculturalists
use domesticated plants and animals, horticultur-
alists do not typically use ploughs, their cultiva-
tion is labor- not land-limited, and land markets
are absent or limited. As with all classificatory
systems, there are some ambiguities of assign-
ment of our populations to these classes, but the
least improbable reclassifications do not affect
our results [see (4), section 4].

Transmission of wealth across generations
need not take the form of bequests, or the literal
passing on of physical objects (such as when land
is transmitted from father to son). What matters
for the long-run dynamics of inequality is any-
thing that results in a statistical association be-
tween the wealth of parents and children. This
statistical association may be enhanced by posi-
tive assortment in mating or in economic pursuits
as occurs when skilled hunters pursue prey to-

gether, or when successful herders cooperate in
livestock management. The same is true of in-
creasing returns or other forms of positive feed-
backs, for example when those who invest a
substantial amount earn higher than average re-
turns, or when childhood developmental effects
associated with modest genotypic differences re-
sult in substantial phenotypic differences. Nega-
tive feedbacks, such as sharing norms that extract
substantial transfers from the wealthy, or wealth
shocks that are inversely correlated with one’s
wealth (such as occur when cattle thieves target
large herds), by contrast, heighten regression to
the mean by reducing b, thereby attenuating the
persistence of inequality over time and hence
reducing steady-state inequality.

Our three wealth classes differ in the extent to
which these transmission mechanisms—transfers,
assortment, and positive feedbacks in development
or accumulation—are at work. Material wealth is
readily transferred to the next generation by be-
quests sanctioned by cultural rules. Moreover, be-
cause it is typically observable, material wealth
can facilitate deliberate marital or economic assort-
ment. For some types of material wealth (storage
facilities, herds of livestock, and irrigated land,
for example), the correlation of material wealth
levels across generations is further enhanced by
the presence of increasing returns to scale or
other positive feedbacks. Network ties can easily
be passed from parent to child, but the offspring
of less well-connected parents can usually gain

access to allies and helpers more readily than a
landless son in a farming community can acquire
land, for example, through savings or systems
of patronage. As a result we expect the inter-
generational transmission of relational wealth to
be limited, at least by comparison with material
wealth.

Embodied wealth is transmitted by a combi-
nation of genetic inheritance, socialization, and
parent-offspring similarity in the conditions
affecting childhood development. The knowledge
component of embodied wealth is readily trans-
mitted to offspring, but, unless restricted by reli-
gious or other constraints, it is typically available
to other members of a population as well (the
common knowledge of the behavior of prey spe-
cies, for example, or farming practices). Genetic
and psychometric evidence from industrial soci-
eties suggests that parent-offspring transmission
of economically relevant personality and behav-
ioral characteristics, such as risk-taking, trust-
worthiness, conscientiousness, and extroversion
is limited (4). We do not have similar evidence
across generations in the small-scale populations
under study, but industrial-society estimates sup-
port our expectation that the degree of inter-
generational transmission will differ markedly
among our three wealth classes, with substantial
transmission of material wealth and more limited
transmission of relational and embodied wealth.

Ethnographic evidence suggests that the four
economic systems also differ in the importance of
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Fig. 2. Steady-state wealth distribution. The dashed
line is the steady-state condition requiring wealth
inequality to be unchanging from one period to the
next. The solid line (Eq. 2) is the combined effect of
this period’s variance of shocks (the constant) aug-
mented by the inequalities in wealth transmitted
from the previous period (the slope).

Table 2. Summary statistics: Intergenerational transmission of wealth (b), by economic system andwealth
class. Cell-means were estimated in a regression against a full set of dummy variables for each cell, with
conventional standard errors. See (4), section 1, for a discussion of alternative approaches to estimating
these cell-means and their standard errors, and tables S11 and S12 for the alternative results. Reported P
values correspond to two-tailed tests of the hypothesis that the true b or Gini coefficient is zero for that cell.
Averages across wealth classes (final two columns) are calculated after weighting the cell-mean b values
and Ginis by the values of a shown. NA, data not available.

Economic systems
Wealth classes a-weighted

average
of b values

a-weighted
average
of GinisEmbodied Relational Material

Hunter-gatherer a 0.46 0.39 0.15
b 0.16 T 0.06 0.23 T 0.11 0.17 T 0.011 0.19 T 0.05 0.25 T 0.04
P 0.01 0.04 0.12 0.00 0.00

Horticultural a 0.53 0.26 0.21
b 0.17 T 0.05 0.26 T 0.11 0.09 T 0.09 0.18 T 0.04 0.27 T 0.03
P 0.00 0.02 0.31 0.00 0.00

Pastoral a 0.26 0.14 0.61
b 0.07 T 0.15 NA† 0.67 T 0.07 0.43 T 0.06† 0.42 T 0.05†
P 0.66 0.00 0.00 0.00

Agricultural a 0.27 0.14 0.59
b 0.10 T 0.07 0.08 T 0.11 0.55 T 0.07 0.36 T 0.05 0.48 T 0.04
P 0.16 0.47 0.00 0.00 0.00

Average across
all economic
systems

a 0.38 0.23 0.39
b 0.12 T 0.05 0.19 T 0.06 0.37 T 0.04 0.29 T 0.03 0.35 T 0.02
P 0.01 0.00 0.00 0.00 0.00

†The b and Gini for Kipsigis cattle partners (see Table 1 and table S4) are used in the pastoral/relational cell for the calculation
of the a-weighted average across wealth classes.
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(body weight, grip strength, practical skills, and,
in predemographic transition populations, repro-
ductive success); material (land, livestock, and
household goods); and relational (social ties in
food-sharing networks and other forms of as-
sistance). We have nomeasures of other heritable
determinants of well-being such as ritual knowl-
edge, an important source of institutionalized in-
equality in some populations. By linking the level
of wealth of parents and adult offspring, mea-
sured as appropriate for individuals (e.g., body
weight) or households (e.g., land), we are able to
estimate the degree of intergenerational persist-
ence for particular types of wealth and then to
create averages for each broad class of wealth.

We classify economic systems according to
the conventions of anthropology (14). Hunter-
gatherer economic systems are those that make
minimal use of domesticated species (either plant
or animal), whereas pastoralists rely heavily, though
rarely exclusively, on livestock kept for subsist-
ence and sometimes commercial purposes. Al-
though both horticulturalists and agriculturalists
use domesticated plants and animals, horticultur-
alists do not typically use ploughs, their cultiva-
tion is labor- not land-limited, and land markets
are absent or limited. As with all classificatory
systems, there are some ambiguities of assign-
ment of our populations to these classes, but the
least improbable reclassifications do not affect
our results [see (4), section 4].

Transmission of wealth across generations
need not take the form of bequests, or the literal
passing on of physical objects (such as when land
is transmitted from father to son). What matters
for the long-run dynamics of inequality is any-
thing that results in a statistical association be-
tween the wealth of parents and children. This
statistical association may be enhanced by posi-
tive assortment in mating or in economic pursuits
as occurs when skilled hunters pursue prey to-

gether, or when successful herders cooperate in
livestock management. The same is true of in-
creasing returns or other forms of positive feed-
backs, for example when those who invest a
substantial amount earn higher than average re-
turns, or when childhood developmental effects
associated with modest genotypic differences re-
sult in substantial phenotypic differences. Nega-
tive feedbacks, such as sharing norms that extract
substantial transfers from the wealthy, or wealth
shocks that are inversely correlated with one’s
wealth (such as occur when cattle thieves target
large herds), by contrast, heighten regression to
the mean by reducing b, thereby attenuating the
persistence of inequality over time and hence
reducing steady-state inequality.

Our three wealth classes differ in the extent to
which these transmission mechanisms—transfers,
assortment, and positive feedbacks in development
or accumulation—are at work. Material wealth is
readily transferred to the next generation by be-
quests sanctioned by cultural rules. Moreover, be-
cause it is typically observable, material wealth
can facilitate deliberate marital or economic assort-
ment. For some types of material wealth (storage
facilities, herds of livestock, and irrigated land,
for example), the correlation of material wealth
levels across generations is further enhanced by
the presence of increasing returns to scale or
other positive feedbacks. Network ties can easily
be passed from parent to child, but the offspring
of less well-connected parents can usually gain

access to allies and helpers more readily than a
landless son in a farming community can acquire
land, for example, through savings or systems
of patronage. As a result we expect the inter-
generational transmission of relational wealth to
be limited, at least by comparison with material
wealth.

Embodied wealth is transmitted by a combi-
nation of genetic inheritance, socialization, and
parent-offspring similarity in the conditions
affecting childhood development. The knowledge
component of embodied wealth is readily trans-
mitted to offspring, but, unless restricted by reli-
gious or other constraints, it is typically available
to other members of a population as well (the
common knowledge of the behavior of prey spe-
cies, for example, or farming practices). Genetic
and psychometric evidence from industrial soci-
eties suggests that parent-offspring transmission
of economically relevant personality and behav-
ioral characteristics, such as risk-taking, trust-
worthiness, conscientiousness, and extroversion
is limited (4). We do not have similar evidence
across generations in the small-scale populations
under study, but industrial-society estimates sup-
port our expectation that the degree of inter-
generational transmission will differ markedly
among our three wealth classes, with substantial
transmission of material wealth and more limited
transmission of relational and embodied wealth.

Ethnographic evidence suggests that the four
economic systems also differ in the importance of
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Fig. 2. Steady-state wealth distribution. The dashed
line is the steady-state condition requiring wealth
inequality to be unchanging from one period to the
next. The solid line (Eq. 2) is the combined effect of
this period’s variance of shocks (the constant) aug-
mented by the inequalities in wealth transmitted
from the previous period (the slope).

Table 2. Summary statistics: Intergenerational transmission of wealth (b), by economic system andwealth
class. Cell-means were estimated in a regression against a full set of dummy variables for each cell, with
conventional standard errors. See (4), section 1, for a discussion of alternative approaches to estimating
these cell-means and their standard errors, and tables S11 and S12 for the alternative results. Reported P
values correspond to two-tailed tests of the hypothesis that the true b or Gini coefficient is zero for that cell.
Averages across wealth classes (final two columns) are calculated after weighting the cell-mean b values
and Ginis by the values of a shown. NA, data not available.

Economic systems
Wealth classes a-weighted

average
of b values

a-weighted
average
of GinisEmbodied Relational Material

Hunter-gatherer a 0.46 0.39 0.15
b 0.16 T 0.06 0.23 T 0.11 0.17 T 0.011 0.19 T 0.05 0.25 T 0.04
P 0.01 0.04 0.12 0.00 0.00

Horticultural a 0.53 0.26 0.21
b 0.17 T 0.05 0.26 T 0.11 0.09 T 0.09 0.18 T 0.04 0.27 T 0.03
P 0.00 0.02 0.31 0.00 0.00

Pastoral a 0.26 0.14 0.61
b 0.07 T 0.15 NA† 0.67 T 0.07 0.43 T 0.06† 0.42 T 0.05†
P 0.66 0.00 0.00 0.00

Agricultural a 0.27 0.14 0.59
b 0.10 T 0.07 0.08 T 0.11 0.55 T 0.07 0.36 T 0.05 0.48 T 0.04
P 0.16 0.47 0.00 0.00 0.00

Average across
all economic
systems

a 0.38 0.23 0.39
b 0.12 T 0.05 0.19 T 0.06 0.37 T 0.04 0.29 T 0.03 0.35 T 0.02
P 0.01 0.00 0.00 0.00 0.00

†The b and Gini for Kipsigis cattle partners (see Table 1 and table S4) are used in the pastoral/relational cell for the calculation
of the a-weighted average across wealth classes.
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(body weight, grip strength, practical skills, and,
in predemographic transition populations, repro-
ductive success); material (land, livestock, and
household goods); and relational (social ties in
food-sharing networks and other forms of as-
sistance). We have nomeasures of other heritable
determinants of well-being such as ritual knowl-
edge, an important source of institutionalized in-
equality in some populations. By linking the level
of wealth of parents and adult offspring, mea-
sured as appropriate for individuals (e.g., body
weight) or households (e.g., land), we are able to
estimate the degree of intergenerational persist-
ence for particular types of wealth and then to
create averages for each broad class of wealth.

We classify economic systems according to
the conventions of anthropology (14). Hunter-
gatherer economic systems are those that make
minimal use of domesticated species (either plant
or animal), whereas pastoralists rely heavily, though
rarely exclusively, on livestock kept for subsist-
ence and sometimes commercial purposes. Al-
though both horticulturalists and agriculturalists
use domesticated plants and animals, horticultur-
alists do not typically use ploughs, their cultiva-
tion is labor- not land-limited, and land markets
are absent or limited. As with all classificatory
systems, there are some ambiguities of assign-
ment of our populations to these classes, but the
least improbable reclassifications do not affect
our results [see (4), section 4].

Transmission of wealth across generations
need not take the form of bequests, or the literal
passing on of physical objects (such as when land
is transmitted from father to son). What matters
for the long-run dynamics of inequality is any-
thing that results in a statistical association be-
tween the wealth of parents and children. This
statistical association may be enhanced by posi-
tive assortment in mating or in economic pursuits
as occurs when skilled hunters pursue prey to-

gether, or when successful herders cooperate in
livestock management. The same is true of in-
creasing returns or other forms of positive feed-
backs, for example when those who invest a
substantial amount earn higher than average re-
turns, or when childhood developmental effects
associated with modest genotypic differences re-
sult in substantial phenotypic differences. Nega-
tive feedbacks, such as sharing norms that extract
substantial transfers from the wealthy, or wealth
shocks that are inversely correlated with one’s
wealth (such as occur when cattle thieves target
large herds), by contrast, heighten regression to
the mean by reducing b, thereby attenuating the
persistence of inequality over time and hence
reducing steady-state inequality.

Our three wealth classes differ in the extent to
which these transmission mechanisms—transfers,
assortment, and positive feedbacks in development
or accumulation—are at work. Material wealth is
readily transferred to the next generation by be-
quests sanctioned by cultural rules. Moreover, be-
cause it is typically observable, material wealth
can facilitate deliberate marital or economic assort-
ment. For some types of material wealth (storage
facilities, herds of livestock, and irrigated land,
for example), the correlation of material wealth
levels across generations is further enhanced by
the presence of increasing returns to scale or
other positive feedbacks. Network ties can easily
be passed from parent to child, but the offspring
of less well-connected parents can usually gain

access to allies and helpers more readily than a
landless son in a farming community can acquire
land, for example, through savings or systems
of patronage. As a result we expect the inter-
generational transmission of relational wealth to
be limited, at least by comparison with material
wealth.

Embodied wealth is transmitted by a combi-
nation of genetic inheritance, socialization, and
parent-offspring similarity in the conditions
affecting childhood development. The knowledge
component of embodied wealth is readily trans-
mitted to offspring, but, unless restricted by reli-
gious or other constraints, it is typically available
to other members of a population as well (the
common knowledge of the behavior of prey spe-
cies, for example, or farming practices). Genetic
and psychometric evidence from industrial soci-
eties suggests that parent-offspring transmission
of economically relevant personality and behav-
ioral characteristics, such as risk-taking, trust-
worthiness, conscientiousness, and extroversion
is limited (4). We do not have similar evidence
across generations in the small-scale populations
under study, but industrial-society estimates sup-
port our expectation that the degree of inter-
generational transmission will differ markedly
among our three wealth classes, with substantial
transmission of material wealth and more limited
transmission of relational and embodied wealth.

Ethnographic evidence suggests that the four
economic systems also differ in the importance of
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Fig. 2. Steady-state wealth distribution. The dashed
line is the steady-state condition requiring wealth
inequality to be unchanging from one period to the
next. The solid line (Eq. 2) is the combined effect of
this period’s variance of shocks (the constant) aug-
mented by the inequalities in wealth transmitted
from the previous period (the slope).

Table 2. Summary statistics: Intergenerational transmission of wealth (b), by economic system andwealth
class. Cell-means were estimated in a regression against a full set of dummy variables for each cell, with
conventional standard errors. See (4), section 1, for a discussion of alternative approaches to estimating
these cell-means and their standard errors, and tables S11 and S12 for the alternative results. Reported P
values correspond to two-tailed tests of the hypothesis that the true b or Gini coefficient is zero for that cell.
Averages across wealth classes (final two columns) are calculated after weighting the cell-mean b values
and Ginis by the values of a shown. NA, data not available.

Economic systems
Wealth classes a-weighted

average
of b values

a-weighted
average
of GinisEmbodied Relational Material

Hunter-gatherer a 0.46 0.39 0.15
b 0.16 T 0.06 0.23 T 0.11 0.17 T 0.011 0.19 T 0.05 0.25 T 0.04
P 0.01 0.04 0.12 0.00 0.00

Horticultural a 0.53 0.26 0.21
b 0.17 T 0.05 0.26 T 0.11 0.09 T 0.09 0.18 T 0.04 0.27 T 0.03
P 0.00 0.02 0.31 0.00 0.00

Pastoral a 0.26 0.14 0.61
b 0.07 T 0.15 NA† 0.67 T 0.07 0.43 T 0.06† 0.42 T 0.05†
P 0.66 0.00 0.00 0.00

Agricultural a 0.27 0.14 0.59
b 0.10 T 0.07 0.08 T 0.11 0.55 T 0.07 0.36 T 0.05 0.48 T 0.04
P 0.16 0.47 0.00 0.00 0.00

Average across
all economic
systems

a 0.38 0.23 0.39
b 0.12 T 0.05 0.19 T 0.06 0.37 T 0.04 0.29 T 0.03 0.35 T 0.02
P 0.01 0.00 0.00 0.00 0.00

†The b and Gini for Kipsigis cattle partners (see Table 1 and table S4) are used in the pastoral/relational cell for the calculation
of the a-weighted average across wealth classes.
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Figure 2 : Conceptual Building Blocks and Methodological Approaches to  
Path Dependence Research
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Conceptual building block I:

* Non-ergodic historically contingent processes

Methodological approach:

* Ideographic-historic description 

* e.g. narrative case study designs

Conceptual building block II:

*  Ergodic, law-like positive feedback mechanisms

Methodological approach:

*  Mechanism testing

*  e.g. experiments, comparative case study designs 

Note: inspired by Sydow et al. (2009).

Examples of studies trying to test positive feedback mechanisms within path dependent 
processes are Koch, Eisend, and Petermann (2009) and Blinn (2009). Koch et al. test the 
tendency of probands in a controlled experiment “…to neglect future developments at 
the expense of information on present situations” In their experiment, to compare the 
actual decision paths of the probands with a given optimal one, Koch et al. manipulate the 
complexity of a fictitious decision environment in a mobile service setting. Blinn (2009) 
demonstrates that mechanism testing need not be restricted to experimental research 
designs. By comparing the respective dynamics in different countries, he tests positive 
feedback mechanisms responsible for the persistence of dubbing in the film industry. 

However, the approach of “mechanism testing” in building block 2 does not necessarily 
imply that ideographic descriptions as such are of no further importance. On the contrary, 
the unique facts they provide might be well-suited, or even necessary, for testing theo-
retical statements. So although they are still useful for path dependence research at this 
stage, they serve a different purpose: In the phase of contingent path creation or emer-
gence (building block 1), their function is to supply precise descriptions of actual events, 
while in the context of mechanism testing (building block 2) their function is to evaluate 
theoretical claims. Therefore, this second building block demands a different case study 
design, one that establishes the idea of mechanism testing within case study research (see 
Gerring (2004) or Flyvberg (2006) for a comparison of different approaches). While such 
research strategies are often limited in their representativeness, they are still suitable for 
refuting theoretical claims, due to the asymmetry between verification and falsification. 
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(body weight, grip strength, practical skills, and,
in predemographic transition populations, repro-
ductive success); material (land, livestock, and
household goods); and relational (social ties in
food-sharing networks and other forms of as-
sistance). We have nomeasures of other heritable
determinants of well-being such as ritual knowl-
edge, an important source of institutionalized in-
equality in some populations. By linking the level
of wealth of parents and adult offspring, mea-
sured as appropriate for individuals (e.g., body
weight) or households (e.g., land), we are able to
estimate the degree of intergenerational persist-
ence for particular types of wealth and then to
create averages for each broad class of wealth.

We classify economic systems according to
the conventions of anthropology (14). Hunter-
gatherer economic systems are those that make
minimal use of domesticated species (either plant
or animal), whereas pastoralists rely heavily, though
rarely exclusively, on livestock kept for subsist-
ence and sometimes commercial purposes. Al-
though both horticulturalists and agriculturalists
use domesticated plants and animals, horticultur-
alists do not typically use ploughs, their cultiva-
tion is labor- not land-limited, and land markets
are absent or limited. As with all classificatory
systems, there are some ambiguities of assign-
ment of our populations to these classes, but the
least improbable reclassifications do not affect
our results [see (4), section 4].

Transmission of wealth across generations
need not take the form of bequests, or the literal
passing on of physical objects (such as when land
is transmitted from father to son). What matters
for the long-run dynamics of inequality is any-
thing that results in a statistical association be-
tween the wealth of parents and children. This
statistical association may be enhanced by posi-
tive assortment in mating or in economic pursuits
as occurs when skilled hunters pursue prey to-

gether, or when successful herders cooperate in
livestock management. The same is true of in-
creasing returns or other forms of positive feed-
backs, for example when those who invest a
substantial amount earn higher than average re-
turns, or when childhood developmental effects
associated with modest genotypic differences re-
sult in substantial phenotypic differences. Nega-
tive feedbacks, such as sharing norms that extract
substantial transfers from the wealthy, or wealth
shocks that are inversely correlated with one’s
wealth (such as occur when cattle thieves target
large herds), by contrast, heighten regression to
the mean by reducing b, thereby attenuating the
persistence of inequality over time and hence
reducing steady-state inequality.

Our three wealth classes differ in the extent to
which these transmission mechanisms—transfers,
assortment, and positive feedbacks in development
or accumulation—are at work. Material wealth is
readily transferred to the next generation by be-
quests sanctioned by cultural rules. Moreover, be-
cause it is typically observable, material wealth
can facilitate deliberate marital or economic assort-
ment. For some types of material wealth (storage
facilities, herds of livestock, and irrigated land,
for example), the correlation of material wealth
levels across generations is further enhanced by
the presence of increasing returns to scale or
other positive feedbacks. Network ties can easily
be passed from parent to child, but the offspring
of less well-connected parents can usually gain

access to allies and helpers more readily than a
landless son in a farming community can acquire
land, for example, through savings or systems
of patronage. As a result we expect the inter-
generational transmission of relational wealth to
be limited, at least by comparison with material
wealth.

Embodied wealth is transmitted by a combi-
nation of genetic inheritance, socialization, and
parent-offspring similarity in the conditions
affecting childhood development. The knowledge
component of embodied wealth is readily trans-
mitted to offspring, but, unless restricted by reli-
gious or other constraints, it is typically available
to other members of a population as well (the
common knowledge of the behavior of prey spe-
cies, for example, or farming practices). Genetic
and psychometric evidence from industrial soci-
eties suggests that parent-offspring transmission
of economically relevant personality and behav-
ioral characteristics, such as risk-taking, trust-
worthiness, conscientiousness, and extroversion
is limited (4). We do not have similar evidence
across generations in the small-scale populations
under study, but industrial-society estimates sup-
port our expectation that the degree of inter-
generational transmission will differ markedly
among our three wealth classes, with substantial
transmission of material wealth and more limited
transmission of relational and embodied wealth.

Ethnographic evidence suggests that the four
economic systems also differ in the importance of
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Fig. 2. Steady-state wealth distribution. The dashed
line is the steady-state condition requiring wealth
inequality to be unchanging from one period to the
next. The solid line (Eq. 2) is the combined effect of
this period’s variance of shocks (the constant) aug-
mented by the inequalities in wealth transmitted
from the previous period (the slope).

Table 2. Summary statistics: Intergenerational transmission of wealth (b), by economic system andwealth
class. Cell-means were estimated in a regression against a full set of dummy variables for each cell, with
conventional standard errors. See (4), section 1, for a discussion of alternative approaches to estimating
these cell-means and their standard errors, and tables S11 and S12 for the alternative results. Reported P
values correspond to two-tailed tests of the hypothesis that the true b or Gini coefficient is zero for that cell.
Averages across wealth classes (final two columns) are calculated after weighting the cell-mean b values
and Ginis by the values of a shown. NA, data not available.

Economic systems
Wealth classes a-weighted

average
of b values

a-weighted
average
of GinisEmbodied Relational Material

Hunter-gatherer a 0.46 0.39 0.15
b 0.16 T 0.06 0.23 T 0.11 0.17 T 0.011 0.19 T 0.05 0.25 T 0.04
P 0.01 0.04 0.12 0.00 0.00

Horticultural a 0.53 0.26 0.21
b 0.17 T 0.05 0.26 T 0.11 0.09 T 0.09 0.18 T 0.04 0.27 T 0.03
P 0.00 0.02 0.31 0.00 0.00

Pastoral a 0.26 0.14 0.61
b 0.07 T 0.15 NA† 0.67 T 0.07 0.43 T 0.06† 0.42 T 0.05†
P 0.66 0.00 0.00 0.00

Agricultural a 0.27 0.14 0.59
b 0.10 T 0.07 0.08 T 0.11 0.55 T 0.07 0.36 T 0.05 0.48 T 0.04
P 0.16 0.47 0.00 0.00 0.00

Average across
all economic
systems

a 0.38 0.23 0.39
b 0.12 T 0.05 0.19 T 0.06 0.37 T 0.04 0.29 T 0.03 0.35 T 0.02
P 0.01 0.00 0.00 0.00 0.00

†The b and Gini for Kipsigis cattle partners (see Table 1 and table S4) are used in the pastoral/relational cell for the calculation
of the a-weighted average across wealth classes.
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e.g. body height

e.g. social ties for food sharing

e.g. livestock (Viehbestand)

Borgerhoff-Mulder et al. (2009): Intergenerational Wealth Transmission and the 
Dynamics of Inequality in Small-Scale Societies. Science 326, 682-688.
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Figure 2 : Conceptual Building Blocks and Methodological Approaches to  
Path Dependence Research
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Conceptual building block I:

* Non-ergodic historically contingent processes

Methodological approach:

* Ideographic-historic description 

* e.g. narrative case study designs

Conceptual building block II:

*  Ergodic, law-like positive feedback mechanisms

Methodological approach:

*  Mechanism testing

*  e.g. experiments, comparative case study designs 

Note: inspired by Sydow et al. (2009).

Examples of studies trying to test positive feedback mechanisms within path dependent 
processes are Koch, Eisend, and Petermann (2009) and Blinn (2009). Koch et al. test the 
tendency of probands in a controlled experiment “…to neglect future developments at 
the expense of information on present situations” In their experiment, to compare the 
actual decision paths of the probands with a given optimal one, Koch et al. manipulate the 
complexity of a fictitious decision environment in a mobile service setting. Blinn (2009) 
demonstrates that mechanism testing need not be restricted to experimental research 
designs. By comparing the respective dynamics in different countries, he tests positive 
feedback mechanisms responsible for the persistence of dubbing in the film industry. 

However, the approach of “mechanism testing” in building block 2 does not necessarily 
imply that ideographic descriptions as such are of no further importance. On the contrary, 
the unique facts they provide might be well-suited, or even necessary, for testing theo-
retical statements. So although they are still useful for path dependence research at this 
stage, they serve a different purpose: In the phase of contingent path creation or emer-
gence (building block 1), their function is to supply precise descriptions of actual events, 
while in the context of mechanism testing (building block 2) their function is to evaluate 
theoretical claims. Therefore, this second building block demands a different case study 
design, one that establishes the idea of mechanism testing within case study research (see 
Gerring (2004) or Flyvberg (2006) for a comparison of different approaches). While such 
research strategies are often limited in their representativeness, they are still suitable for 
refuting theoretical claims, due to the asymmetry between verification and falsification. 
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• Many very smart people say a Yule process is actually the same as the other cumulative advantage stuff 

• Models a birth process: several populations start with   and everybody can reproduce with some   – early mover 
advantage creates path-dependency – brings forth a Yule-Simon distribution, which is close to power law (under some…) 

• Somewhat in-between: driven by randomness, but cumulative advantage kicks in endogenously  

• The notion of a self-reinforcing birth process could be used to model the emergence of hierarchies (among people or 

firms) → Herbert Simon, Polya-urn 
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• Sample space reducing processes are a final interesting candidate. 

• Here, future successes of some, limit the current options 

 of others (industrialization, fossile energy)
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with lower incomes and realized increases of 10-fold. South Asia, 
the Middle East, and much of sub-Saharan Africa were less 
fortunate, being both poorer in 1820 and achieving income gains 
of only 3- to 6-fold. They have fallen even further behind the West. 
The ‘divergence equation’ summarizes this pattern.  

 There are exceptions to income divergence. East Asia is the most 
important, for it is the one region that bucked the trend and 
improved its position. Japan was the greatest success of the 20th 
century, for it was indubitably a poor country in 1820 and yet 
managed to close the income gap with the West. Equally dramatic 
has been the growth of South Korea and Taiwan. The Soviet 
Union was another, although less complete, success. China may be 
repeating the trick today.  

 Industrialization and de-industrialization have been major causes of 
the divergence in world incomes ( Figure  2  ). In 1750, most of the 
world’s manufacturing took place in China (33% of the world total) 
and the Indian subcontinent (25%). Production per person was 
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    1.  The great divergence     Allen, Robert C. (2017): The Industrial Revolution. OUP.



Conclusion

• Power laws are somewhat ubiquitous in economics 

• Power laws appear often in empirical data – unclear, whether / to extent this is driven by one or various mechanisms 

• Power laws resonate with key interests of heterodox economists / political economists: distribution, emergence, power, 

stratification, (in)stability etc. 

• Power laws are understudied (or at least they are understudied from a pol econ – perspective?). 

• Simple models for generating power laws can be fun ;-) 
• Are nice to represent core intuitions, but should be taken with two grains of salt, at least. 

• Nonetheless, we found that more complicated models (like RGBM) can be traced back to these simpler ones. 

• Helpful also for checking, which intuitions hold formally and in what way (e.g. log-normal vs. power law).
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Many thanks for your attention!



Backups



Some explanations / proofs
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