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A Data

A.1 Cabinet Portfolios Held by Rebel Elites in Power-Sharing Governments

Table 1 lists the cabinet portfolios held by rebel groups in the post-conflict countries under analysis.
The data is taken from PSED (Ottmann and Vüllers 2015).

Table 1. Cabinet Portfolios Held by Rebel Elites

Country Senior Economy Resources Infrastructure Other

Angola n/a Trade Geology and Mines n/a Health, Tourism

DRC Vice-President
(MLC, RCD),
Foreign Affairs
(MLC), Defense
(RCD)

Budget, Economy,
Parastatals (RCD)

Agriculture (MLC) Public Works and
Infrastructure,
Planning (MLC);
Post and Telecom-
munications
(RCD)

Youth and Sports,
Tourism, Primary
and Secondary
Education (MLC);
Family and
Women’s Affairs,
Higher Education,
Labor and Social
Security (RCD)

Ivory Coast Prime Minister,
Justice,
Government
Spokesman

Trade, Commerce n/a Reconstruction
and Reintegration,
Construction and
Housing

Solidarity and War
Victims, Technical
Education,
Tourism and Crafts

Liberia Finance, Justice,
Presidential Affairs
(LURD); Foreign
Affairs (MODEL)

Commerce and
Industry (MODEL)

Agriculture, Land
and Mines
(MODEL)

Transport (LURD);
Public Works
(MODEL)

Labor (LURD)

Mali n/a n/a n/a Public Works and
Transport

Transitional
Executive
Committee,
Environment,
Employment and
Labor

Niger n/a n/a n/a n/a Tourism

Sudan Vice-President,
Foreign Affairs,
Cabinet Affairs
(SPLA)

Foreign Trade,
Investment (SPLA)

n/a Transport, Roads
and Bridges
(SPLA)

Higher Education,
Health,
Humanitarian
Affairs (SPLA);
Education (SPLA,
NDA); Science and
Technology,
Federal Relations
(NDA)

In the following countries, all cabinet portfolios are held by the same rebel group: Angola (UNITA), Ivory Coast (FN), Mali (MPA)
and Niger (ORA/CRA)
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A.2 Description of Confounding Variables and Summary Statistics

In this section of the Online Appendix, we describe the coding and data sources of the confounding
variables used in the empirical analysis.

Population Size measures the grid cell’s population size. PRIO-GRID uses the Gridded Pop-
ulation of the World Version 3 and provides estimates for 1990, 1995, 2000 and 2005 (CIESIN
2005).

Past Battle Fatalities measures the number of battle-related deaths due to government-rebel
clashes in the grid cell prior to the year of observation. The data comes from the UCDP Georefer-
enced Event Dataset (GED) (Sundberg and Melander 2013).

Past Non-State Fatalities measures the number of battle-related deaths due to conflict between
non-state armed groups in the grid cell prior to the year of observation. The data comes from the
UCDP Georeferenced Event Dataset (GED) (Sundberg and Melander 2013).

Table 2 presents summary statistics for all variables used in the differences-in-differences
models.

Table 2. Summary Statistics

Statistic N Mean St. Dev. Min Max

Night-Time Light Intensity 20,686 0.04 0.01 0.01 0.26
Population (ln) 20,686 9.63 1.86 2.94 14.51
Past Battle Fatalities 20,686 2.97 36.65 0 1,639
Representation in Power-Sharing 20,686 0.18 0.38 0 1
Past Non-State Fatalities 20,686 1.22 24.63 0 1,384
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B Common Trends Assumption

Figure 1. Probing the Common Trends Assumption

To investigate whether night light emissions in cells with and without power-sharing repre-
sentation follow the same trend prior to the implementation of the power-sharing government,
we visually inspect the data in Figure 1. The data plotted in Figure 1 is adjusted for country-year
effects, to visually account for differences between countries and years. The plot shows that the
trends slightly diverge in the years before the power-sharing is implemented. We also see that the
level of night lights increase in the represented cells once the power-sharing government starts.
The divergence before the start of the agreement suggests that the common trends assumptions is
conditional on covariates, i.e. it seems that time-varying variables also drive the patterns between
represented and non-represented cells. Accordingly, our preferred specification is the one which
includes time-varying covariates (which we also include in all our robustness checks).
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C Substantive Effects

C.1 Predicting Local Wealth

We follow Hodler and Raschky (2014) in calculating the substantive effects and proceed in three
steps:

1. We calculate the elasticity between night lights and grid cell GDP per capita. This allows us
to represent per cent changes in night lights as per cent changes in GDP.

2. We calculate the size of of night light per cent change as a result of power-sharing, using
the formula 100 ∗ (exp(β1)− 1) where β1 is our coefficient for the power-sharing variable
(Halvorsen and Palmquist 1980).

3. We express the size of the power-sharing effect in per cent of GDP by multiplying the result
of step two with the elasticity from step one.

Table 3 presents the elasticity between log(Night Lights) and log(GDP). Log(GDP) is the gross-
cell product as calculated by Nordhaus (2006) and included in the PRIO GRID data set. The value
is only available every 5 years, however, so we carry forward the last observed value. Similar to
Hodler and Raschky (2014) we only adjust for year fixed effects to control for changes in satellite
sensitivity when calculating the elasticity between night lights and subnational GDP. From Table 3
we obtain the elasticity of 1.26 between night lights and regional GDP.

Table 3. Night lights and
subnational GDP

Dependent variable:

log(GDP/pc)

log(Night Lights) 1.275∗∗∗

(0.329)

Year FE Yes
Observations 20,213
Adjusted R2 0.094

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01; Ro-
bust standard errors clustered on grid
cells are reported in parentheses.

The β1 coefficient for the Power-Sharing variable in main specification 3 in Table 2 in the
main text is approximately 0.007. Plugging this into the formula 100 ∗ (exp(β1)− 1) (given by
Halvorsen and Palmquist (1980)) yields the result that a grid cell with power-sharing link to a
rebel group has a 0.71% higher night light emission than grid cells without such a link.

0.71 ∗ 1.28= 0.91. This means that grid cells with PS links have 0.91% higher GDP/grid cell
product than grid cells without a power-sharing link.
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C.2 Cross-Validation

We perform 10-fold cross-validation, using simple linear regression (Kuhn and Johnson 2018). We
split our data into 15 training/test sets. We keep the grouped structure of the data, i.e. grouping
by grid cells. This ensures than we do not train and test our models on data from the same grid
cell (which is likely to cause overconfidence due to autocorrelation). We randomly choose 14 of
these splits to predict night light values for the 15th holdout split. We repeat the entire procedure
ten times and average over the resulting parameters.

In addition to our power-sharing dummy, we include the following variables in our prediction
model as common correlates of night light emissions (Henderson, Storeygard, and Weil 2012;
Weidmann and Schutte 2017): a lagged dependent variable to capture baseline levels of devel-
opment, population, urbanization, agricultural land use, petroleum deposits, distance to capital,
as well as fatalities due to state and non-state battle violence. All variables taken from the PRIO
GRID data platform. Since we predict out of sample, we cannot include grid cell fixed effects in
the prediction model. We generate a variable importance score for each variable that gauges the
predictive power of each variable, based on the absolute size of the variables’ t-statistics.
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D Robustness Tests

D.1 The Modifiable Area Unit Problem

Aggregating to an arbitrary geographical unit, such as the grid cell might distort the analysis. Thus,
we re-estimate our main specifications on two additional samples. First, we employ a post-conflict
country’s second administrative unit (ADM2) as main unit of analysis, and aggregate night lights
on the ADM2 level. We determine ADM2 units’ ethnic constituency status by spatially matching
the GeoEPR shapefile to the ADM2 shapefile. We assign an ADM2 to a specific ethnic group if that
group has the largest overlap in area with that ADM2 unit. Second, we employ an ethnic group’s
settlement area as unit of observation and compute the average night lights within the settlement
area group.1 For robustness purposes we report the corresponding results for different types and
over time.

Re-estimating the models on the ADM2 sample, we are able to fully replicate our findings.
Consistent with the main findings, the results are somewhat weaker for the first year, but increase
in the second year, and slightly decrease over time. Using ethnic groups’ settlement areas as
unit of analysis, we observe a substantively similar, positive coefficient of the power-sharing
variables. However, the coefficient becomes statistically insignificant in the majority of models.
Only the coefficient that captures whether a region’s ethnic groups is of the same ethnicity as the
rebel leader is positive and statistically significant. While the generally positive coefficients are
reassuring, we attribute the lack of statistical significance to the drop in observations coupled with
few degrees of freedom due to group and country-year fixed effects. Overall, we are therefore
confident that our findings are not a mere artifact of our choice of unit of analysis.

1We are grateful to Paul Raschky for providing spatial data on ADM2 regions in Africa (Hodler and Raschky 2014).
For the EPR settlement area analysis, we use GeoEPR (Vogt et al. 2015).
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Figure 2. Alternative Units of Analysis

(a) ADM2 Regions

ADM2 region with 
rebel constituency:

No Yes

(b) GeoEPR Settlement Areas

Rebels' ethnic 
constituency area

No Yes
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Figure 3. Alternative Units of Analysis: Results
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(b) GeoEPR Settlement Areas
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Note: All estimates based on specifications with unit (ADM/Group) and country-year fixed effects with robust standard
errors clustered on the unit-level. 95% confidence interval shown. N for models in a): 2,529; N for models in b):
333. Consistent with our main specifications, we include three years before and three years after the first full year of
power-sharing in the sample.
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D.2 Accounting for Spatial Dependency

When we estimate regression models on data that tracks units over time, we need to be concerned
about temporal and spatial autocorrelation. Temporal autocorrelation reflects the fact that unit-
specific errors are not independent across time. Spatial autocorrelation refers to the problem of
correlation among units that are spatially close to each other.

Applying the standard strategy to address spatial dependency—including a spatial lag—is not
feasible for our fixed effects models, since it would introduce Nickell bias. However, Conley (2010)
developed a method that allows to correct standard errors simultaneously for a user-specified
number of time periods as well as spatial proximity.

The algorithm to calculate Conley-corrected standard errors that are robust to serial and
spatial autocorrelation is computationally intensive for the large number of units that we have.
We therefore utilize the implementation of the Conley SE routine in the statistical programming
environment R implemented by Christensen and Fetzer (2015) and our main model with Conley
standard errors. We vary the radius for which spatial autocorrelation is assumed in steps of 100
km while assuming temporal autocorrelation for up to five years, thus over the entire range of
our panel.

The results are reported in Table 4. We observe that our main DiD findings are reasonably
robust when we account for simultaneous spatial and temporal autocorrelation. Only when we
assume spatial autocorrelation for up to 300 km, standard errors become too large to render
our findings statistically significant. In our view, however, a 300 km cutoff is already extremely
large—it is almost the entire length of Liberia. We believe it is unlikely that values in grid cells
300 km apart are systematically and meaningfully correlated across all seven countries in our
sample as to render our findings invalid. We therefore conclude that our main findings from the
DiD models remain: those grid cells inhabited by ethnic groups represented through rebel elites
in power-sharing government subsequently emit higher night lights, on average.

Table 4. Spatial Dependency

Dependent variable:

Night Lightst+1 (log)

OLS SEs Conley SEs / 100km Conley SEs / 200km Conley SEs / 300km
(1) (2) (3) (4)

Executive Power-Sharing 0.002∗∗ 0.002∗∗ 0.002∗ 0.002
(0.001) (0.001) (0.001) (0.001)

Grid-cell FE Ø Ø Ø Ø
Year FE Ø Ø Ø Ø
Observations 20,686 20,686 20,686 20,686
Adjusted R2 0.993 0.993 0.993 0.993

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01; Robust standard errors clustered on grid cells and spatial radius indicated by
column label are reported in parentheses.
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D.3 Geographical Matching

The results might also be confounded by unobserved heterogeneity across observations. While the
unit fixed effects account for a large portion of this source of bias, we additionally test whether
our results are robust if we closely match treated (= represented) grid cells to non-treated cells.
To distinguish between treated and non-treated cells we exploit the fact that ethnic groups in
Africa cluster geographically. We identify those cells that are just outside and those that are just
inside the ethnic groups’ settlement area. We then re-estimate the models on this subset of our
original data set.

Again, we observe a generally positive effect of power-sharing on night light emissions. The
coefficient is consistently statistically significant, however, only in the models which employ the
rebel leaders’ ethnic constituency as main independent variable. This is in line with the findings
reported in the manuscript and the findings from the ADM2 and GeoEPR samples. We interpret
this as evidence that it is the leaders’ constituency that most visibly drives the redistributive effects
of cabinet-level power-sharing institutions.

Figure 4. Geomatching

Power−Sharing
constituency regions

Just inside/outside
constituency region cells
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Figure 5. Geomatching Results
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D.4 Temporal Variation

To test whether the effect of power-sharing dissipates over time, we construct a dataset in which
the year in which the power-sharing government starts is the first year of observation for each grid
cell. We then construct a dummy variable Power-sharing (end) that jumps to one for those grid
cells represented in the power-sharing government once the rebel participation in government
ends. We re-estimate our main model using this variable and again employ varying temporal
leads to see if the effect fades out over time.

Figure 6 plots the results. We observe that the effect of power-sharing persists in the immediate
aftermath of the power-sharing government, but the effect levels off over time. By the fourth
year after the end of the power-sharing government, the coefficient becomes substantively small
and statistically insignificant. This provides further evidence for the fact that it is particularly the
rebel participation in the post-conflict government that is responsible for this effect, not general
patterns of post-conflict recovery in rebel constituency regions. If this would be the case, the
effect should not disappear over time.

Figure 6. Night Light Emissions After End of Power-Sharing Government
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sharing government. Models include grid cell and country-year fixed effects. 95% confidence intervals shown.
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D.5 Reversion to Ex-Ante Economic Activity

There is a possibility that our findings simply reflect the reversion to pre-war economic activity
in areas of heavy fighting. There are two scenarios in which this argument might question our
findings:

Fighting could co-vary with rebel constituency areas

If our positive coefficient for power-sharing simply reflects a return to pre-war levels of economic
activity, fighting must be heavily concentrated in the constituency areas of rebels who are included
in the power-sharing government. If this is true, then the end of the conflict (and the subsequent
power-sharing arrangement) stops the fighting in these areas. Inclusion in power-sharing would
thus capture the economic benefits of termination of violence instead of redistribution.

There are theoretical reasons to believe that fighting does not strongly co-vary with rebels’
ethnic constituencies. Instead, the location of violence is often driven by strategic and tactical
considerations other than local popular support. These considerations include, for example,
activity by other armed groups (Raleigh 2012), presence of natural resources (Reeder 2018), and
extent of territorial control (Kalyvas and Kocher 2009). Moreover, Schutte and Weidmann (2011)
show that the occurrence of violence in one location might be the result of diffusion from other
regions.

We can also check empirically whether fighting is heavily concentrated in rebels’ constituency
regions. Figure 7 plots the distribution of violence in both treated cells (i.e. cells that will
ultimately be included in the power-sharing government) and other cells. No clear difference in
violence levels between power-sharing and non-power-sharing cells prior to the peace agreement
is discernible.

Figure 7. Battle violence between Power-Sharing and Non-Power-Sharing Grid Cells
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Note: The y-axis is log-transformed. This means that the difference in cells with more than 5,000 battle deaths between
treated and nontreated cells (the last category on the x-axis) is three (treated) to zero (nontreated). We account for
this imbalance by log-transforming the battle fatalities variable in our main models.

Both theoretical considerations and empirical evidence point towards the fact that fighting is
not concentrated in rebels’ ethnic constituencies. Our results are therefore unlikely to be driven
by a return to pre-war economic activities as a result of battle violence concentrated in rebels’
support areas.
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Rebel constituency areas do not benefit more than other groups

It does not challenge our argument when post-conflict countries as a whole, across already included,
power-sharing, and continuously excluded groups, return to (or even exceed) post-war levels
of economic activity. Our fixed effects models account for these initial differences in post-war
economic activity.

Only if rebels do not recover to a greater extent than these controls would our argument face
a problem. As our argument is about uneven economic development as a result of government
participation, we should see stronger economic development, on average, of constituency areas
represented through power-sharing than of areas that are excluded from the power-sharing
government.

This argument has two implications: First, we should see rebel constituency areas display
more night light emissions compared to excluded groups. We test this argument formally in the
main paper in Model 5 of Table 2.

Second, we can construct an placebo test: when compared to rebel constituency areas, areas
with constantly excluded groups should profit less from the end of the conflict than rebels (or not
at all). We should therefore expect a coefficient that captures the interaction between Excluded
Group (taken from the EPR data set) and Power-Sharing Period (representing our treatment period)
to be small and/or statistically insignificant.

Table 5. Placebo Test With Excluded Groups

Dependent variable:

Night Lightst+1 (log)

(1) (2)

Excluded X Power-Sharing Period 0.002 0.001
(0.001) (0.001)

Population (log) 0.013
(0.013)

Past Battle Fatalities (log) 0.001
(0.001)

Past Non-State Fatalities (log) −0.001
(0.001)

Grid-cell FE Ø Ø
Country-Year FE Ø Ø
Control Group P-S Groups P-S Groups
Observations 16,160 16,160
Adjusted R2 0.995 0.995

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01; Robust standard errors clustered on grid cells are reported in parentheses.

In Table 5 we test the second argument. The models show that the coefficient for a dummy
variable that captures areas with excluded groups in the period after the power-sharing government
(in comparison to areas with power-sharing representation) is substantively small and statistically
insignificant. This provides additional evidence for the interpretation that our finding is driven by
a group’s genuine access to a power-sharing executive through their rebel elites instead of simple
post-conflict recovery.

15



D.6 Placebo Test: Non Power-Sharing Post-Conflict Contexts

Concerns remain whether the effect reported above is indeed attributable to the cabinet-level
power-sharing institution and not to a peace agreement more broadly. It could be the case that
whenever rebels participate in a peace agreement, irrespective of whether they receive a minister
position in the post-conflict cabinet, their constituency areas will receive more investments through
faster post-conflict recovery in these regions.

To test whether the effect indeed runs through the government-level participation by rebels,
we construct a placebo test. We use the PSED data to identify countries in which rebels were
included in a peace deal that successfully pacified the conflict.2 Similar to constructing our main
Power-Sharing independent variable, we then link this information to the spatial location of the
rebel groups’ ethnic support base.

Table 6. Placebo Test of the Effect of Representation in Executive Power-Sharing on Night Light
Emissions in Constituency Regions of Non-Power-Sharing Countries

Dependent variable:

Night Lightst+1 (log)

(1) (2) (3) (4)

Peace Agreement 0.157∗∗∗ 0.0004 0.003 0.001
(0.014) (0.004) (0.005) (0.004)

Population (log) −0.043 0.065∗∗

(0.089) (0.026)

Past Battle Fatalities (log) 0.003 0.0003
(0.005) (0.001)

Past Non-State Fatalities (log) −0.012∗∗∗ −0.001
(0.002) (0.001)

Representation in Power-Sharing 0.007∗∗∗

(0.001)

Grid-cell FE Ø Ø Ø Ø
Country-Year FE Ø Ø Ø
Sample PA Only PA Only PA Only Combined
Observations 1,519 1,519 1,519 22,205
Adjusted R2 0.693 0.970 0.970 0.992

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01; Robust standard errors clustered on grid cells are reported in parentheses.

Using this data, we re-estimate our difference-in-differences specification but replace the
Power-Sharing variable with the variable Peace Agreement. The Representation in Peace Agreement
variable is coded 1 in those years and grid cells in which the peace agreement starts for rebels’
ethnic constituency groups and 0 in other cell-years. The Peace Agreement variable can be thought
of as a placebo treatment which resembles the actual variable of interest in that it also pacifies
a conflict for ethnic constituency groups, but not through the rebel groups’ participation at

2These countries are Congo (Brazzaville), Senegal, and Sierra Leone. Other potential candidates were Mozambique
and Uganda—but Mozambique’s peace agreement was signed before night light measures are available and Uganda’s
peace deal with the UNRF rebels in the early 2000s did not have any discernible ethnic links.
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government level. If our argument is correct, and post-conflict redistribution runs mainly through
rebel participation in the government, then the coefficient for Representation in Peace Agreement
should be substantively small and/or negative and statistically insignificant.

The results in Table 6 suggest that constituency areas that are represented in peace agreements
without direct rebel participation in governments do not show more night light emissions. While
the coefficient is positive and statistically significant in the first model which only includes grid cell
fixed effects, the effect disappears once we account for country- and year-specific differences. This
finding supports our argument that it is the institution of cabinet-level executive power-sharing in
the capital that is driving post-conflict redistribution.
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