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1 Overview

This appendix contains the following. Section 2 evaluates the (relative) substantive effect of our edu-

cation variable. Section 3 presents descriptive statistiscs for the main variables in the baseline models.

Additional information about the data is presented in section 4. Subsequently, section 5 estimates the

baseline models with a number of additional controls included; we control for alternative measures for

local wealth (all taken from the latest version of the PRIO-GRID database), literacy and media con-

sumption (based on DHS variables), additional measures of urbanity, and a range of types of land-cover

(taken from PRIO-GRID) to capture geographic features. In section 6 we estimate models where we drop

cells with few respondents. Finally, section 7 evaluates whether our results are specific to francophone

countries, where unilingual education policies are increasingly practiced.

2 Evaluating the relative importance of education

This section evaluates the substantive importance of education as a driver of protest activity compared

to other relevant factors. This is explicitly comparative, since there is no absolute metric with which to

gauge the “importance” of a predictor in this context.

Table 1 displays the change in predicted probability of protest for a set of models. In the first row,

for each model, we simulate the probability of protest as the value of variable in question (denoted by

the heading) moves from its (empirical) minimum to its (empirical) maximum value, holding the other

variables (in the baseline model) at their means. This gives us an overview of the maximum change

in protest that each variable could potentially yield given our model. In the second row, we simulate

the same change in probability as each variable increases by one standard deviation, all other variables

kept at their means. This exercise is performed for four variables corresponding to different aspects of
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economic and social development, that should be expected to be important for affecting the likelihood

of protest in a locality. We include urbanization, since that has been shown to induce social instability

(Raleigh, 2015). Furthermore, we include unemployment, and the mean value of the “wealth index”

used in the DHS surveys (registering the economic resources of respondents), since poverty and economic

grievances are often linked to conflict and instability (Collier and Hoeffler, 2004; Miguel, Satyanath and

Serengeti, 2004). In other words, we compare the substantive impact of education to some of the most

well-established predictors in the literature on political instability and mobilization.

Table 1: Substantive effects of different predictors

Education Urbanization Unemployment Literacy Wealth index
Min-max increase 0.098 0.011 0.037 0.016 -0.063

Standard deviation increase 0.014 0.005 0.015 0.007 -0.042

Table 1 clearly shows the relative import of education when it comes to the risk of protest activity.

When education increases from its minimum to its maximum value, the risk of mass protest in a grid-

cell increases by 10 percentage points. This is more than the increased risk yielded when we move

any of the other development-related variables from their minimum to their maximum values. A min-

max increase in urbanization produces a 1 percent increase, while unemployment, urbanization, literacy

and the wealth index yield increases of 3, 1, and 6 percent respectively. When we move the given

variables by one standard deviation (from the mean) we see a similar pattern: Education is one of the

susbtantively most important variables, yielding a .014 increase in protest probability, larger than both

urbanization and literacy. Using the standard deviation-increase as a metric, unemployment and the

wealth index perform better, yielding changes of .015 and -.042 respectively. Nevertheless, this excercise

clearly shows that education is a substantively important variable in terms of the change in predicted

probability of protest, also when compared to other (expectedly) important variables tapping key aspects

of socioeconomic development at the local level.

3 Descriptives
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Table 2: Descriptives for variables used in baseline models

Variable Obs Mean Std. Dev.
Year 6816 2003.531 5.785
Education 6816 1.102 .872
Urban 6816 .211 .329
Unemployment 6363 .332 .252
Age 6816 28.623 1.978
Christian 5864 .557 .406
Protest 6816 .022 .173
L(Christian missions) 6816 -5.672 2.738
Travel time to city 6816 318.605 210.365
L(capital distance) 6816 5.652 .792
Polity score 6458 1.787 4.381

Table 3: Countries included, education and democracy scores (Polity)

Country Education (mean) Educaction (min.) Education (max.) Polityscore
Algeria 0.08 0.08 0.08 2.00
Somalia 0.15 0.02 0.51 0.00
Niger 0.24 0.00 2.03 0.56
Eritrea 0.25 0.00 0.69 -6.75
Mali 0.26 0.00 1.67 6.66
Guinea 0.30 0.00 2.50 -1.03
Burkina Faso (Upper Volta) 0.33 0.00 1.80 -2.10
Chad 0.38 0.00 1.00 -2.63
Gambia 0.44 0.05 1.27 -2.83
Guinea-Bissau 0.48 0.06 1.07 5.50
Ethiopia 0.48 0.00 2.65 0.00
Benin 0.49 0.00 3.05 5.99
Senegal 0.49 0.00 2.38 4.76
Sierra Leone 0.51 0.02 2.06 6.36
Central African Republic 0.58 0.00 1.67 4.18
Mauritania 0.59 0.00 1.67 -4.21
Cote DâIvoire 0.69 0.00 2.38 -4.53
Liberia 0.83 0.00 2.19 5.79
Sudan 0.87 0.17 1.83 -4.60
Mozambique 0.90 0.05 2.41 5.00
Angola 0.92 0.00 2.94 -2.05
Togo 1.08 0.00 2.95 -2.19
Burundi 1.16 0.50 2.52 5.65
Rwanda 1.22 0.79 2.23 -3.40
Uganda 1.23 0.00 3.33 -1.82
Madagascar 1.24 0.07 2.90 3.89
Madagascar (Malagasy) 1.24 0.07 2.90 3.89
Malawi 1.26 0.35 2.69 5.99
Congo, Democratic Republic of (Zaire) 1.32 0.00 3.48 4.69
Ghana 1.35 0.00 3.33 3.56
Nigeria 1.39 0.00 4.40 2.33
Kenya 1.42 0.00 3.68 7.20
Tanzania/Tanganyika 1.43 0.20 3.14 -1.00
Cameroon 1.45 0.00 3.06 -4.76
Congo 1.57 0.33 3.12 -4.00
Zambia 1.58 0.20 4.00 4.95
Namibia 2.15 0.03 3.91 6.00
Lesotho 2.17 1.50 3.07 8.00
Gabon 2.23 2.19 2.26 -0.50
Zimbabwe (Rhodesia) 2.27 0.71 3.64 -1.96
Botswana 2.37 1.88 2.69 8.00
South Africa 2.46 1.25 3.44 9.00
Swaziland 2.47 1.50 3.46 -9.00
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4 The data

The DHS surveys is a global survey operation intended to gauge important development metrics such

as women’s health, education, poverty and malnutrition in developing countries across the globe. The

surveys are conducted at the household-level, are designed to be nationally representative and each

survey typically involve high numbers of respondents (5000-30000). The first surveys were conducted in

1986 and the first countries in Africa that were surveyed (in this year) were Liberia, Nigeria and Senegal.

Since then, it has been expanded to cover 40+ countries in Africa. Since the SCAD data do not start

until 1991, our empirical DHS time-period starts in 1990. Table 4 below shows the countries and (first

and last) years that are included in the period.

Table 4: Countries and time-periods included in the DHS

Country Earliest year included Latest year included
Algeria 2006 2006
Angola 2000 2011
Benin 1990 2010
Botswana 1999 2010
Burkina Faso (Upper Volta) 1992 2010
Burundi 1999 2011
Cameroon 1991 2011
Central African Republic 1991 2011
Chad 1991 2011
Congo 2007 2011
Congo, Democratic Republic of (Zaire) 1994 2011
Cote DIvoire 1993 2010
Eritrea 1997 2003
Ethiopia 1992 2009
Gabon 2004 2011
Gambia 1992 2011
Ghana 1993 2010
Guinea 1992 2011
Guinea-Bissau 1997 2005
Kenya 1997 2011
Lesotho 2004 2010
Liberia 1999 2009
Madagascar 1997 2009
Madagascar (Malagasy) 1997 2009
Malawi 1999 2010
Mali 1993 2011
Mauritania 1992 2011
Mozambique 1999 2011
Namibia 2000 2007
Niger 1990 2010
Nigeria 1990 2011
Rwanda 2000 2011
Senegal 1992 2011
Sierra Leone 1999 2009
Somalia 1992 2008
South Africa 1999 2011
Sudan 1992 2011
Swaziland 2006 2007
Tanzania/Tanganyika 1999 2011
Togo 1993 2008
Uganda 2000 2011
Zambia 1999 2011
Zimbabwe (Rhodesia) 1999 2011
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The Social Conflict in Africa Database (now expanded to more countries, and labeled the Social Con-

flict Analysis Database), includes information on protests, riots, strikes and other “social disturbances”’

in Africa since 1991. It uses the search engine LexisNexis to identify events, and the coding procedure is

described in the codebook (Salehyan and Hendrix, 2016). It covers all countries included in our dataset,

but not all countries experience a protest event in a given year. To operationalize our “protest” variable,

we combine the events: demonstrations and riots, both “organized” and “unorganized”. In the codebook

(Salehyan and Hendrix, 2016, 4), these are described as follows:

• Organized Demonstration. Distinct, continuous, and largely peaceful action directed toward

members of a distinct âotherâ group or government authorities. In this event, clear leadership or

organization(s) can be identified.

• Spontaneous Demonstration. Distinct, continuous, and largely peaceful action directed toward

members of a distinct “other” group or government authorities. In this event, clear leadership or

organization cannot be identified.

• Organized Violent Riot. Distinct, continuous and violent action directed toward members of a

distinct âotherâ group or government authorities. The participants intend to cause physical injury

and/or property damage. In this event, clear leadership or organization(s) can be identified.

• Spontaneous Violent Riot. Distinct, continuous and violent action directed toward members of

a distinct âotherâ group or government authorities. The participants intend to cause physical injury

and/or property damage. In this event, clear leadership or organization(s) cannot be identified.

Column 2 in table 5 captures all the protest events occuring in sampled (DHS-surveyed) grid-cells.

As can be seen in this table, the protest events we are able to cover represent a fraction of the actual

protest events in a given country in the entire period. The reason why some protest events do not overlap

with grid-cells are twofold: Either the DHS survey does not cover the given locality, or it does cover the

given locality but not in the time-window when the protest occurs. This will often happen, for example

when a country is sampled in a handful of years, and the country erupts into social upheaval some period

before or after the survey. While the small sample (of actual protest events) indicates a limitation of

our analysis, it is too soon to speculate as to how this circumscribes our results. Adding to this study

with even more generalizable (local) education data, enabling us to capture more conflict events, will be

a major task of future research.
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Table 5: SCAD protest events in our sample (column 2) and all countries (in our sample) over 1990-2011
period (column 3)

Country protests in grid-cells with DHS data protests in total
Algeria 0 81
Angola 1 19
Benin 3 27
Botswana 0 16
Burkina Faso (Upper Volta) 7 19
Burundi 3 26
Cameroon 9 65
Central African Republic 0 21
Chad 2 22
Congo 0 10
Congo, Democratic Republic of (Zaire) 1 54
Cote DIvoire 3 35
Eritrea 0 8
Ethiopia 2 48
Gabon 0 33
Gambia 0 4
Ghana 12 29
Guinea 2 27
Guinea-Bissau 0 19
Kenya 11 106
Lesotho 0 5
Liberia 2 22
Madagascar 2 14
Madagascar (Malagasy) 2 14
Malawi 12 40
Mali 4 27
Mauritania 0 18
Mozambique 2 45
Namibia 3 16
Niger 4 49
Nigeria 27 327
Rwanda 3 15
Senegal 11 35
Sierra Leone 2 32
Somalia 0 26
South Africa 3 168
Sudan 0 66
Swaziland 3 22
Tanzania/Tanganyika 5 38
Togo 2 15
Uganda 2 29
Zambia 0 48
Zimbabwe (Rhodesia) 10 83
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5 Additional controls

5.1 Alternative controls for local wealth

Here, we add controls for infant mortality rate, child malnutrition, night-light density and estimated

Gross Cell Product, taken from the PRIO-GRID database, version 2.0.1

Table 6: Controlling for alternative measures of local wealth (OLS and Probit models)

Probit Probit Probit Probit OLS OLS OLS OLS

(A1) (A2) (A3) (A4) (A5) (A6) (A7) (A8)

Education 0.225*** 0.233*** 0.150* 0.145* 0.141*** 0.142*** 0.071* 0.101**
(3.73) (3.63) (2.37) (2.42) (4.10) (4.03) (2.04) (3.04)

Infant mortality rate 0.000 0.000
(0.01) (0.02)

Child malnutrition 0.002 0.001
(0.29) (0.20)

Night light density 4.125*** 6.966***
(3.81) (4.67)

Gross Cell Product 0.227*** 0.128***
(4.58) (4.82)

Protestt−1 0.643*** 0.637*** 0.580*** 0.625*** 0.965*** 0.957*** 0.824*** 0.943***
(6.05) (5.98) (5.12) (5.89) (6.24) (6.17) (5.06) (6.15)

Age 0.175 0.172 0.178 0.241 -0.020 -0.022 -0.023 -0.037
(0.45) (0.44) (0.49) (0.73) (-0.22) (-0.24) (-0.27) (-0.43)

Age2 -0.004 -0.004 -0.004 -0.005 0.000 0.000 0.000 0.000
(-0.57) (-0.56) (-0.61) (-0.88) (0.09) (0.11) (0.12) (0.27)

Urban 0.561*** 0.576*** 0.520*** 0.619*** 0.309*** 0.317*** 0.270*** 0.326***
(5.42) (5.54) (4.92) (5.78) (4.71) (4.83) (4.35) (4.99)

Unemployment 0.150 0.154 0.081 0.206 0.081 0.082 0.056 0.107
(0.80) (0.81) (0.42) (1.06) (1.21) (1.22) (0.78) (1.59)

L(Distance to capital) -0.175** -0.176*** -0.156** -0.110* -0.112** -0.112*** -0.090** -0.067*
(-3.14) (-3.51) (-3.12) (-2.18) (-3.14) (-3.37) (-2.87) (-2.03)

Travel time to city -0.001*** -0.001*** -0.001*** -0.001* -0.000** -0.000** -0.000** -0.000
(-3.48) (-3.37) (-3.64) (-2.11) (-2.82) (-2.78) (-3.08) (-0.47)

N 5716 5667 5474 5718 5902 5853 5654 5904
Log likelihood -896.877 -889.978 -865.085 -884.738 -8343.321 -8280.330 -7985.175 -8324.273
R2 0.134 0.134 0.151 0.140

Probit and OLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and T-values
(OLS) in parentheses.

1The data is available at www.grid.prio.org
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Table 7: Controlling for alternative measures of local wealth (2SLS and IV-Probit models)

IVProbit IVProbit IVProbit IVProbit 2SLS 2SLS 2SLS 2SLS

(A9) (A10) (A11) (A12) (A13) (A14) (A15) (A16)

Education 0.918** 1.004** 0.807+ 0.783+ 0.747** 0.809** 0.582+ 0.691*
(2.74) (2.69) (1.88) (1.92) (2.88) (2.75) (1.92) (2.34)

Infant mortality rate 0.000 0.000+

(1.49) (1.87)
Child malnutrition 0.025* 0.018*

(2.31) (2.50)
Night light density 0.893 3.888*

(0.44) (2.32)
Gross Cell Product 0.082 0.037

(1.05) (0.82)
Age -0.003 -0.031 0.008 0.040 -0.034 -0.049 -0.032 -0.032

(-0.01) (-0.11) (0.03) (0.15) (-0.29) (-0.39) (-0.29) (-0.28)
Age2 -0.000 0.000 -0.000 -0.001 0.001 0.001 0.001 0.001

(-0.01) (0.09) (-0.06) (-0.20) (0.34) (0.44) (0.31) (0.32)
Urban -0.035 -0.054 0.008 0.088 -0.168 -0.182 -0.090 -0.127

(-0.11) (-0.16) (0.02) (0.23) (-0.80) (-0.79) (-0.39) (-0.54)
L(Distance to capital) -0.111 -0.110+ -0.086 -0.072 -0.064 -0.064 -0.047 -0.030

(-1.59) (-1.70) (-1.15) (-1.13) (-1.51) (-1.59) (-1.08) (-0.75)
Travel time to city -0.001+ -0.001 -0.001+ -0.000 -0.000 0.000 -0.000 -0.000

(-1.76) (-1.44) (-1.80) (-1.35) (-0.35) (0.09) (-0.71) (-0.13)
christian -0.799* -0.776+ -0.792 -0.708 -0.707* -0.707* -0.635+ -0.684*

(-2.01) (-1.91) (-1.57) (-1.57) (-2.48) (-2.37) (-1.86) (-2.22)
Protestt−1 0.475*** 0.465*** 0.478*** 0.498*** 0.845*** 0.839*** 0.775*** 0.847***

(3.68) (3.53) (3.91) (3.81) (5.64) (5.58) (5.15) (5.69)
N 5154 5079 4931 5156 5317 5242 5092 5319
Log likelihood -4143.176 -3973.255 -3958.299 -4104.860
R2 0.063 0.055 0.096 0.073

IVProbit and 2SLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and
T-values (OLS) in parentheses.
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5.2 Literacy and media consumption

Here, we add controls for literacy and media consumption. Media consumption is calculated by using

the items: TV consumption, radio consumption, and newspaper consumption. Literacy is a measure of

self-reported literacy. All these come from the DHS survey.

Table 8: Controlling for literacy and media consumption (OLS and Probit models)

Probit Probit OLS OLS IVProbit IVProbit 2SLS 2SLS

(A17) (A18) (A19) (A20) (A21) (A22) (A23) (A24)

Education 0.186** 0.277*** 0.108** 0.166*** 1.114* 1.629** 0.973* 1.420**
(2.68) (3.75) (2.83) (4.08) (2.37) (3.08) (2.47) (2.67)

communication 0.170 0.140* -0.619 -0.599+

(1.26) (2.13) (-1.41) (-1.81)
Literacy -0.225 -0.108 -2.747** -2.368*

(-1.01) (-1.03) (-2.84) (-2.50)
Protestt−1 0.637*** 0.640*** 0.958*** 0.964*** 0.489*** 0.410** 0.870*** 0.826***

(5.95) (6.02) (6.19) (6.23) (3.88) (2.65) (5.86) (5.29)
Age 0.165 0.185 -0.021 -0.021 -0.014 0.011 -0.036 -0.029

(0.43) (0.47) (-0.22) (-0.23) (-0.05) (0.04) (-0.33) (-0.22)
Age2 -0.004 -0.004 0.000 0.000 0.000 -0.000 0.001 0.001

(-0.54) (-0.58) (0.10) (0.10) (0.03) (-0.07) (0.38) (0.25)
Urban 0.491*** 0.552*** 0.258*** 0.306*** 0.117 -0.235 -0.018 -0.338

(4.47) (5.39) (4.20) (4.72) (0.51) (-0.64) (-0.13) (-1.20)
Unemployment 0.144 0.154 0.083 0.081

(0.76) (0.82) (1.25) (1.21)
L(Distance to capital) -0.167*** -0.174*** -0.105** -0.112*** -0.103+ -0.040 -0.065+ -0.015

(-3.40) (-3.58) (-3.23) (-3.45) (-1.75) (-0.52) (-1.78) (-0.30)
Travel time to city -0.001*** -0.001*** -0.000* -0.000** -0.001* -0.001* -0.000* -0.000

(-3.37) (-3.56) (-2.53) (-2.95) (-2.24) (-2.04) (-1.98) (-1.51)
christian -0.960+ -0.941* -0.906* -0.876*

(-1.91) (-2.42) (-2.28) (-2.46)
N 5719 5719 5905 5905 5157 5157 5320 5320
Log likelihood -896.065 -896.365 -8342.935 -8345.359 -3477.816 -2861.090
R2 0.135 0.134 0.025 .

Probit, OLS, IVProbit and 2SLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores
(Probit) and T-values (OLS) in parentheses.
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5.3 Additional Proxies for Urban settings

Here, we add additional control/proxy variables for urban settings, since urbanity is an important po-

tential confounder affecting both education and protest. We include the share of the grid-cell that is

coded as “urban area” following GlobCover, and the population estimate of the grid-cell. Both these

come from the PRIO-GRID and are described on their webpage.

Table 9: Controlling for additional proxies for urbanity (OLS,Probit, 2SLS and IV-probit models)

Probit Probit OLS OLS IVProbit IVProbit 2SLS 2SLS

(A25) (A26) (A27) (A28) (A29) (A30) (A31) (A32)

Education 0.304*** 0.266*** 0.157*** 0.180*** 0.551+ 0.944+ 0.381* 0.539**
(5.06) (4.55) (4.67) (5.75) (1.74) (1.75) (1.99) (3.07)

Urban area (Globcover) 0.309*** 0.416*** 0.258* 0.344**
(3.41) (3.82) (2.23) (3.22)

L(Population) 0.303*** 0.113*** 0.235*** 0.082***
(6.06) (5.72) (4.16) (4.05)

Protestt−1 0.590*** 0.601*** 0.872*** 0.947*** 0.529*** 0.511*** 0.803*** 0.848***
(5.38) (5.49) (5.55) (6.12) (4.35) (3.56) (5.43) (5.71)

Age 0.784* 0.066 0.020 -0.070 0.327 -0.061 0.024 -0.063
(2.13) (0.22) (0.29) (-0.81) (0.97) (-0.25) (0.32) (-0.59)

Age2 -0.014* -0.002 -0.001 0.001 -0.006 0.001 -0.000 0.001
(-2.25) (-0.40) (-0.50) (0.65) (-1.05) (0.13) (-0.38) (0.61)

Unemployment 0.349+ 0.382* 0.132* 0.180*
(1.88) (2.02) (1.97) (2.57)

L(Distance to capital) -0.127* -0.109* -0.076* -0.079* -0.105 -0.078 -0.053 -0.039
(-2.40) (-2.28) (-2.31) (-2.50) (-1.54) (-1.10) (-1.40) (-1.04)

Travel time to city -0.001*** -0.001+ -0.000* -0.000 -0.001** -0.000 -0.000 0.000
(-3.84) (-1.84) (-2.28) (-0.43) (-2.63) (-0.75) (-0.82) (1.04)

Christian -0.563 -0.645+ -0.378+ -0.549**
(-1.45) (-1.85) (-1.72) (-2.75)

N 5589 5719 5772 5905 5038 5157 5198 5320
Log likelihood -855.384 -882.540 -8063.112 -8335.493 -4533.871 -3289.065
R2 0.153 0.137 0.136 0.103

Probit, OLS, IVProbit and 2SLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores
(Probit) and T-values (OLS) in parentheses.
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5.4 Different types of land cover

This analysis controls for three types of land-cover. Share of agricultural land, forested land and moun-

tainous terrain, all originally compiled by GlobCover and included in PRIO-GRID.

Table 10: Controlling for different types of geographic land cover (OLS and probit models)

Probit Probit Probit OLS OLS OLS

(A33) (A34) (A35) (A36) (A37) (A38)

Education 0.211*** 0.233*** 0.207*** 0.132*** 0.147*** 0.134***
(3.45) (3.67) (3.42) (3.82) (4.15) (3.95)

Agricultural area (Globcover) 0.002 0.002
Forested area (Globcover) -0.002 -0.001

(-0.79) (-1.12)
Mountainous terrain 0.369* 0.117

(1.98) (1.58)
(0.72) (1.50)

Protestt−1 0.625*** 0.625*** 0.654*** 0.951*** 0.953*** 0.973***
(5.86) (5.83) (6.06) (6.14) (6.14) (6.27)

Age 1.010** 1.019** 0.144 0.069 0.076 -0.020
(2.61) (2.63) (0.36) (1.03) (1.11) (-0.22)

Age2 -0.018** -0.018** -0.003 -0.001 -0.001 0.000
(-2.68) (-2.70) (-0.47) (-1.19) (-1.27) (0.09)

Urban 0.641*** 0.623*** 0.609*** 0.343*** 0.336*** 0.332***
(6.07) (5.90) (5.78) (5.11) (4.99) (5.03)

Unemployment 0.228 0.213 0.194 0.098 0.091 0.096
(1.17) (1.10) (1.01) (1.45) (1.36) (1.42)

L(Distance to capital) -0.161** -0.166*** -0.173*** -0.103** -0.110*** -0.112***
(-3.21) (-3.36) (-3.57) (-3.11) (-3.35) (-3.45)

Travel time to city -0.001*** -0.002*** -0.002*** -0.000** -0.000** -0.000***
(-3.58) (-3.87) (-3.99) (-2.78) (-3.08) (-3.35)

N 5589 5589 5682 5772 5772 5865
Log likelihood -856.942 -856.936 -883.825 -8119.392 -8120.827 -8285.287
R2 0.136 0.136 0.136

Probit and OLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and T-values
(OLS) in parentheses.
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Table 11: Controlling for different types of geographic land cover (2SLS and IV-probit models)

IV-Probit IV-Probit IV-Probit 2SLS 2SLS 2SLS

(A39) (A40) (A41) (A42) (A43) (A44)

Education 0.777* 0.769* 0.693* 0.673* 0.686* 0.641**
(1.98) (2.04) (1.97) (2.40) (2.57) (2.62)

Agricultural area (Globcover) -0.002 -0.000
(-0.53) (-0.15)

Forested area (Globcover) -0.004 -0.003*
(-1.36) (-2.15)

Mountainous terrain 0.515** 0.229*
(2.88) (2.55)

Age 0.482 0.480 -0.046 0.074 0.080 -0.035
(1.35) (1.35) (-0.16) (0.87) (0.95) (-0.30)

Age2 -0.009 -0.008 0.000 -0.001 -0.001 0.001
(-1.37) (-1.36) (0.10) (-0.82) (-0.89) (0.33)

Urban 0.166 0.174 0.222 -0.066 -0.075 -0.055
(0.46) (0.51) (0.69) (-0.30) (-0.35) (-0.28)

L(Distance to capital) -0.092 -0.097 -0.106 -0.044 -0.049 -0.051
(-1.25) (-1.38) (-1.51) (-1.02) (-1.17) (-1.22)

Travel time to city -0.001** -0.001* -0.001** -0.000 -0.000 -0.000
(-2.70) (-2.49) (-2.78) (-1.64) (-0.80) (-1.50)

christian -0.725 -0.678 -0.672 -0.669* -0.644* -0.658*
(-1.59) (-1.57) (-1.56) (-2.18) (-2.25) (-2.33)

Protestt−1 0.496*** 0.502*** 0.536*** 0.839*** 0.838*** 0.867***
(3.68) (3.85) (4.29) (5.55) (5.57) (5.81)

Country-FE YES YES YES YES YES YES
Year-FE YES YES YES YES YES YES

N 5038 5038 5122 5198 5198 5282
Log likelihood -4009.562 -3965.547 -4104.097
R2 0.081 0.081 0.086

IV-Probit and 2SLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and
T-values (OLS) in parentheses.
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5.5 Models with spatial lags

These models include spatial lags. The spatial lags are constructed using the spdep package in r. The

spatial lag uses a contiguity matrix and calculates the spatial weights using the “W” option in the

nb2listw function.

Table 12: Controlling for a spatial lag (OLS and probit models)

Probit Probit Probit Probit OLS OLS OLS OLS

(A45) (A46) (A47) (A48) (A49) (A50) (A51) (A52)

Education 0.245*** 0.468*** 0.205*** 0.225*** 0.138*** 0.245*** 0.123*** 0.076**
(9.75) (8.22) (3.48) (3.74) (6.12) (7.62) (3.83) (2.95)

Spatial lag 0.177** 0.008 0.022 0.009 0.115 0.019 0.020 0.090
(2.82) (0.09) (0.25) (0.10) (1.41) (0.24) (0.25) (1.04)

Protestt− 1 0.610*** 0.730*** 0.645*** 0.641*** 1.143*** 0.999*** 0.950*** 1.051***
(7.15) (7.18) (6.27) (6.01) (7.87) (6.66) (6.41) (7.08)

Age 0.032 0.175 -0.045 -0.034
(0.11) (0.45) (-0.53) (-0.36)

Age2 -0.001 -0.004 0.001 0.000
(-0.22) (-0.57) (0.41) (0.23)

Urban 0.592*** 0.562*** 0.328*** 0.383***
(5.88) (5.39) (5.13) (6.03)

L(Distance to capital) -0.168*** -0.174*** -0.109*** -0.108***
(-3.60) (-3.57) (-3.50) (-3.76)

Travel time to city -0.001** -0.001*** -0.000* -0.000***
(-3.02) (-3.54) (-2.42) (-4.50)

Unemployment 0.150 0.098*
(0.79) (2.08)

β0 -1.557*** -2.405*** -1.113 -2.996 -4.546*** -4.370*** -3.016* -2.803
(-41.02) (-7.08) (-0.26) (-0.53) (-208.79) (-21.01) (-2.28) (-1.94)

Country-FE NO YES YES YES NO YES YES YES
Year-FE NO YES YES YES NO YES YES YES
N 6699 6097 6097 5719 6272 6272 6272 5905
Log likelihood -2243.494 -1031.155 -980.568 -896.909 -9116.770 -8964.894 -8913.687 -8421.449
R2 0.068 0.112 0.126 0.112

Probit and OLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and T-values
(OLS) in parentheses.
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Table 13: Controlling for a spatial lag (2SLS and IV-probit models)

IV-probit IV-probit IV-probit IV-probit 2SLS 2SLS 2SLS 2SLS

(A53) (A54) (A55) (A56) (A57) (A58) (A59) (A60)
Education 0.419** 1.104*** 0.243 0.899*** 0.692*** 0.704*** 0.653*** 0.739***

(2.68) (10.08) (1.69) (3.64) (5.04) (5.94) (4.26) (3.62)
Christian -0.130 -1.102*** 0.113 -0.804 -0.903*** -0.663** -0.862** -0.714*

(-0.72) (-4.75) (0.43) (-1.72) (-3.96) (-2.83) (-3.20) (-1.98)
Spatial lag 0.109* -0.036 0.112* -0.026 0.048 -0.006 0.033 -0.014

(1.99) (-0.52) (2.16) (-0.40) (0.76) (-0.09) (0.53) (-0.23)
Protestt− 1 0.478*** 0.449*** 0.479*** 0.480*** 0.942*** 0.843*** 0.940*** 0.848***

(4.69) (4.41) (4.93) (4.16) (5.80) (5.26) (5.73) (5.25)
Age -0.343* 0.005 -0.013 -0.025

(-2.00) (0.04) (-0.18) (-0.60)
Age2 0.005* -0.000 0.000 0.001

(2.18) (-0.08) (0.17) (0.74)
Urban 0.101 -0.020 -0.092 -0.162

(0.23) (-0.05) (-0.54) (-0.65)
L(Distance to capital) -0.083*** -0.076 -0.096** -0.038

(-4.72) (-1.92) (-2.75) (-1.30)
Travel time to city -0.000 -0.001*** -0.000 -0.000

(-1.11) (-5.40) (-0.57) (-1.23)
β0 -1.594*** -2.335*** 4.560 -1.768 -4.639*** -5.188*** -3.849*** -4.622***

(-7.23) (-3.74) (1.41) (-0.93) (-140.52) (-44.78) (-3.35) (-7.19)
Country-FE NO YES YES YES NO YES YES YES
Year-FE NO YES YES YES NO YES YES YES
N 5747 5157 5747 5157 5320 5320 5320 5320
Log likelihood -7954.007 -4966.732 -7345.774 -4160.171
R2 . 0.068 0.004 0.063

Probit and OLS models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and T-values
(OLS) in parentheses.
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6 Dropping cells with few respondents respondents (< 30 re-

spondents)

Table 14: Models on samples where few-respondent cells are dropped (Probit and IV-probit models)

Probit Probit Probit Probit OLS OLS OLS OLS

(A67) (A68) (A69) (A70) (A71) (A72) (A73) (A74)

Education 0.244*** 0.503*** 0.248* 0.304* 0.194*** 0.292*** 0.166* 0.149*
(5.45) (5.27) (2.48) (2.58) (4.24) (4.58) (2.44) (2.53)

Protestt− 1 0.717*** 1.004*** 0.972*** 0.961*** 1.322*** 1.220*** 1.157*** 1.325***
(3.75) (4.16) (3.69) (3.32) (4.05) (3.76) (3.70) (4.16)

Age -0.994 0.421 -0.236 0.049
(-1.13) (0.39) (-0.65) (0.16)

Age2 0.017 -0.008 0.004 -0.001
(1.11) (-0.43) (0.64) (-0.21)

Urban 0.984*** 0.915*** 0.411** 0.402**
(4.74) (3.97) (3.06) (2.93)

L(Distance to capital) -0.165 -0.196* -0.109 -0.105*
(-1.89) (-2.06) (-1.96) (-2.10)

Travel time to city 0.000 -0.000 0.000 -0.000
(0.85) (-0.16) (0.77) (-0.72)

Unemployment 0.051 0.042
(0.14) (0.48)

β0 -1.438*** -0.435 14.670 -5.579 -4.562*** -4.511*** -0.550 -4.183
(-24.58) (-0.63) (1.16) (-0.36) (-135.29) (-9.06) (-0.10) (-0.92)

Country-FE YES YES YES YES YES YES
Year-FE YES YES YES YES YES YES
N 1766 1307 1307 1152 1637 1637 1637 1475
Log likelihood -617.433 -246.166 -233.609 -189.948 -2310.239 -2270.922 -2256.821 -1996.788
R2 0.078 0.122 0.137 0.139

Probit and IV-probit models with country- and year-fixed effects. Intercept excluded from table. Z-scores (Probit) and
T-values (OLS) in parentheses.
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7 Education in Anglophone versus Francophone countries

As pointed out in the main text, education systems in Africa differ considerably. One crucial difference is

their varying emphasis on promoting the national language in national education. As carefully detailed

in Albaugh (2014), there has been a trend over the past decades towards a focus on multi-lingual

education in Francophone countries, contrasted with a focus on unilingual education in Anglophone

countries. As Albaugh points out, there has been a push towards “mother tongue” education policies

in Africa, mainly from foreign NGOs, supported by the French government and increasingly widespread

in Francophone Africa. This could be relevant if, for example, learning one language makes a difference

to collective action. While we have no strong theoretical reason for believing this, plausible narratives

exist: For example, it could be that facilitating collective action on a widespread scale is easier when

everyone speaks the same language (note, however that a school practicing “mother tongue” policies

does not mean that the pupils in that school or citizens in the local vicinity do not speak the same (one)

language).

To probe the possibility that effects of education vary across this divide in education policies, we

split the sample into two groups; Francophone and non-Francophone countries (most of these are former

British colonies, while a handfull have other colonial histories). Table A11 investigates whether we find

different effects of education across these two groups. Further supporting the indication of a strong

general effect of education on protest, we find similar results in both Francophone and non-Francophone

countries. This suggests that the impact of education is not conditional on this crucial difference in

education policy.
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Table 15: Split-sample models: Francophone vs. non-Francophone countries (Probit models)

Probit Probit Probit Probit Probit Probit Probit Probit

(A75) (A76) (A77) (A78) (A79) (A80) (A81) (A82)

Francophone Africa Yes Yes Yes Yes No No No No
Education 0.544*** 0.672*** 0.199 0.218 0.202*** 0.429*** 0.228*** 0.258***

(11.39) (5.30) (1.52) (1.52) (6.30) (6.70) (3.44) (3.86)
protspatlag 0.349** 0.134 0.100 0.089 0.118 -0.036 -0.015 -0.038

(2.71) (0.74) (0.57) (0.52) (1.78) (-0.38) (-0.17) (-0.41)
Protestt−1 0.833*** 0.940*** 0.813** 0.809** 0.583*** 0.676*** 0.604*** 0.601***

(3.49) (3.46) (3.19) (3.02) (6.56) (6.27) (5.34) (5.15)
Age 0.310 0.592 0.003 0.150

(0.42) (0.78) (0.01) (0.41)
Age2 -0.005 -0.010 -0.001 -0.004

(-0.41) (-0.76) (-0.15) (-0.55)
Urban 0.963*** 1.070*** 0.425*** 0.388**

(5.60) (5.50) (3.34) (3.00)
L(Distance to capital) -0.037 -0.050 -0.224*** -0.222***

(-0.51) (-0.65) (-3.70) (-3.56)
Travel time to city -0.002** -0.003*** -0.001* -0.001*

(-3.04) (-3.44) (-2.19) (-2.49)
Unemployment -0.394 0.233

(-1.00) (0.98)
Country-FE YES YES YES YES YES YES YES YES
Year-FE YES YES YES YES YES YES YES YES
N 2374 2099 2099 2003 4325 3993 3993 3711
Log likelihood -767.783 -328.732 -305.759 -267.930 -1435.111 -685.082 -655.484 -606.001

Probit models with country- and year-fixed effects. Intercept excluded from table. Z-scores in parentheses.
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