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ABSTRACT

Weather shocks and natural disasters, it has been argued, represent a major threat to national and
international security. Our paper contributes to the emerging micro-level strand of the literature on the
link between local variations in weather shocks and conflict by focusing on a pixel-level analysis for
North and South Sudan at different geographical and time scales between 1997 and 2009. Temperature
anomalies are found to strongly affect the risk of conflict. In the future the risk is expected to magnify in a
range of 21 to 30 percent under a median scenario, taking into account uncertainties in both the climate
projection and the estimate of the response of violence to temperature variations. Extreme temperature
shocks are found to strongly affect the likelihood of violence as well, but the predictive power is hindered
by substantial uncertainty. Our paper also sheds light on the vulnerability of areas with particular
biophysical characteristics or with vulnerable populations.

Keywords: weather shocks, violent conflict, vulnerability, Sudan
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1. INTRODUCTION

Climate change and natural disasters, it has been argued, represent a major threat to national and
international security by increasing resource scarcity and competition and inducing health problems
(Homer-Dixon 1994, 2007; Sachs 2005; Steinbruner, Stern, and Husbands 2012)." So far, these claims
lack consensual empirical support and would deserve a more careful investigation of the specific channels
linking climatic phenomena and conflict events (Salehyan 2008; Scheffran et al. 2012; Steinbruner, Stern,
and Husbands 2012). Quantitative assessment of the climate-conflict nexus has largely been initiated by
Miguel, Satyanath, and Sergenti (2004), who seminally used rainfall shocks on income growth to assess
how the risk of conflict may increase in Africa south of the Sahara (SSA) when the opportunity cost to
fight decreases.” Since then, Burke et al. (2009) found that temperature variations increase the risk of
conflict in SSA and, interestingly, temperature is the only significant climatic variable when included in
the model along with rainfall. They suggest that earlier findings, including Miguel, Satyanath, and
Sergenti (2004), about increased conflict due to lack of rainfall, might have been partly capturing the
effect of higher temperature.’ The importance of temperature is also in line with the results by Zhang et
al. (2007, 2011) showing that temperature variations are correlated with the frequency of wars in Europe
and China in the preindustrial period. Offering an alternative approach to the one based on weather
variations, Hsiang, Meng, and Cane (2011) further investigated the relationship between climate change
and global patterns of civil conflicts. They exploited the dominant interannual mode of the modern
climate, the El Nifio—Southern Oscillation, to show that conflict is more likely during El Nifio years
(warmer and dryer in the continental tropics) relative to La Nifia years.

A recent paper by Klomp and Bulte (2012) revisits these cross-country analyses through a battery
of robustness checks and finds little evidence linking global and local weather shocks and conflict. In line
with the general review on the conflict literature by Blattman and Miguel (2010), Klomp and Bulte (2012,
26) call for moving beyond the conventional country-year focus and embracing shorter time intervals and
subnational regions. The lack of robustness in previous cross-country findings may indeed result from the
inability of country-level variables to capture the dynamics of local conflict events (for a discussion, see
Buhaug and Lujala 2005 and Buhaug and Rod 2006). Using subnational units of analysis would allow us
to overcome this shortcoming while preserving the robustness of the econometric approach recently
advanced by scholars looking at the links between climatic variations and violence in SSA.* On the one
hand, Harari and La Ferrara (2012) exploit the grid-cell-level (1 degree over 1 degree) annual variation to
study the relationship between weather shocks and conflict in Africa. They show that negative weather
shocks (proxied by a new drought index), occurring during the growing season of the main crops,
significantly increase the incidence of conflict. On the other hand, Raleigh and Kniveton (2012) and
O’Loughlin et al. (2012) propose regional analyses focused on East Africa. Based on geo-referenced (2.5
degree) data, Raleigh and Kniveton (2012) assess the link between rainfall anomalies and conflict events
in Uganda, Ethiopia, and Kenya and find that the frequency of violent events increases in periods of
extreme rainfall variations. O’Loughlin et al. (2012) evaluate the role not only of precipitation, but also of
temperature changes at a finer resolution (grid of 1 degree) using similar data and including nine entire
countries (Burundi, Djibouti, Eritrea, Ethiopia, Kenya, Rwanda, Somalia, Tanzania, and Uganda). They

! For example, Homer-Dixon (2007, 1. 22) argues that “climate stress may well represent a challenge to international
security just as dangerous-and more intractable-than the arms race between the United States and the Soviet Union during the
Cold war or the proliferation of nuclear weapons among rogue states today.”

% The robustness of these results has been discussed mainly in Ciccone (2011) and Miguel and Satyanath (2011).

? The results by Burke et al. (2009) have raised a fierce debate between Buhaug (2010) and the same authors (Burke et al.
2010). Such a debate is described in Klomp and Bulte (2012).

* A recent special issue of the Journal of Peace Research provided mixed evidence based on within-region or within-country
analyses or case studies, but the overall assessment by the guest editor (Gleditsch 2012, 3) was that “so far there is not yet much
evidence for climate change as an important driver of conflict.” Note that such mixed evidence was given also in the special issue
of Political Geography (Nordas and Gleditsch 2007), which mainly reported qualitative or simple correlation analyses.
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show that wetter deviations from the precipitation norms decrease the risk of conflict, whereas warmer
than normal temperature raises the risk.

Our paper is complementary to such studies, in particular the above-referenced ones about East
Africa, even if they do not specifically include Sudan in their research area. But beyond the exclusive
focus on Sudan and the finer grid-cell resolution (0.5 degree)’, our paper differs by adopting a more
restrictive methodological approach. Our main results are estimated using a fixed-effects framework at
both pixel and quarterly levels. This framework not only isolates the impact of climatic variations from
specific control variables—such as the population, the distance to the nearest urban center (Raleigh and
Kniveton 2012), the crop production index, and the infant mortality rate (O’Loughlin et al. 2012)—but
also from all the other characteristics that are time constant at the grid-cell level. Although we will discuss
the way our results change when a different framework is chosen, we consider an approach based on cell-
level fixed effects more likely to reduce estimation bias compared to an approach based on adding a
limited number of potentially endogenous control variables (Angrist and Pischke 2009). In this respect,
our methodology is closer to Maystadt, Eckers, and Mabiso (2013), who, using monthly and regional
variations and focusing on the role of the livestock market as a channel of transmission, found a strong
relationship between more frequent and intense temperature-based droughts and the occurrence of violent
conflict in Somalia.

Furthermore, our paper contributes to the spatially disaggregated strand of the literature on the
links between weather shocks and conflict by assessing the validity of the analysis at different
geographical and time scales and by reviewing a series of proxies for weather shocks previously used in
the literature in an inconsistent way. More precisely, we estimate the relationship between local warming
and violent conflict between 1997 and 2009 in North and South Sudan, controlling for time dummies,
grid-cell fixed effects, and area-specific time trends. Following Burke et al. (2012), we then project the
changes in violent conflict by 2030 under different climate models and scenarios and show that the
uncertainty in the projections increases when the extreme nature of temperature shocks is captured. The
available data do not allow us to test the different channels linking weather shocks to conflict, but we
assess how some characteristics magnify or reduce the strength of such relationship. Therefore, our
discussion about the heterogeneous effects sheds light on the vulnerability of areas with particular
biophysical characteristics or with vulnerable populations.

5 A geographical grid is an agreed, defined, and harmonized grid net for a region or the whole world with standardized
location and size of grid-cells. A grid-cell is also called a pixel whose size is the resolution of the grid. The resolution is
expressed in degree/minute/second as the longitude and latitude or it can be expressed in length units (e.g. km and meters),
treating the earth as a flat surface. For example, 0.5 degree pixel is also commonly referred to 50kmx50km, 5 minute
10kmx10km or 30 second 1kmx1km.



2. BACKGROUND

Sudan is known for having experienced two civil wars after independence in 1956, but it actually has a
long-lasting history of repeated conflict events starting well before independence. Like many African
conflicts, the Sudan conflict took its roots in the colonization period.® Most scholars agree that the divide
between the north and the south was fueled by the British colonizers who favored social and economic
investment in the north under the so-called Southern Policy implemented between 1920 and 1947 (Ali,
Elbadawi, and El-Bathani 2005). After independence, such structural divide was exacerbated by the
northern elite that came into power and led to 17 years of civil war (known as the first civil war) between
the north and the south. A peace settlement, the Addis Ababa Peace Accord, was reached in 1972, but the
then president, Nimeri, aggravated grievances in the south by redesigning the border to include oil-
producing areas in the northern territory, by grabbing land through the development of mechanized
farming, and by exploiting the divisions between various groups within the south. As a result, the Sudan
People’s Liberation Army (SPLA) was created in 1983 with external support from Ethiopia. The second
Sudanese civil war was then triggered as a continuation of the first civil war and lasted until 2005, when it
ended with the signature of the Comprehensive Peace Agreement that paved the way for a referendum in
January 2011 and for the independence of South Sudan in July 2011. Although the exact figures are a
subject of debate (Duffield 2001), the dramatic history of violence in Sudan resulted in more than 1.9
million civilian deaths between 1983 and 1998 (more than 600,000 since 1993, according to Burr 1998)
and about 5 million displaced people (United Nations Environment Programme, UNEP 2007).

Behind this national scene and the description of the civil war as an opposition between the north
and the south, local conflict events also multiplied within North and South Sudan (Johnson 2011). The
exploitation of resources, once the source of warfare financing, became a warfare objective in itself.” At
the same time, conflict events evolved from ethnic tensions between the north and the south to local or
regional conflicts increasingly reported to be linked to environmental factors. The study by UNEP (2007,
70) was certainly instrumental in maintaining that “competition over declining natural resource was one
of the underlying causes of the conflict” and in pointing to four specific conflict-contributing categories
of natural resources: “oil and gas reserves, Nile waters, hardwood timbers, rangeland, and rain-fed
agricultural land (and associated water points).” In particular, in marginalized areas, conflict was
intensified by the expansion of large semimechanized farms and the subsequent loss of access to land for
both smallholders and pastoralists (Keen and Lee 2007). Keen and Lee (2007, 17), for example, reported
that the area of land taken up by rain-fed semimechanized agriculture increased from about 2 million
feddans (that is, about 0.84 million hectares) at the beginning of the 1970s to 14 million feddans (that is,
about 6 million hectares) by 2003.

In addition, pastoralist and agropastoralist communities have been increasingly under pressure by
the combination of population growth and more frequent and intense droughts. In Sudan, agriculture—
that accounted for 3040 percent of GDP between 1996 and 2010 (Benke 2012)—remains extremely
vulnerable to droughts, whereas the climatic conditions appear to have become harsher to cope with.
According to UNEP (2007), an estimated 50- to 200-kilometer southward shift of the boundary between
desert and semidesert has occurred since the 1930s, and the remaining semidesert and low rainfall land
are at considerable risk of further desertification. Thus, the vulnerability of semiarid areas to climatic
stresses and shocks is more likely to intensify in the decades to come.

However, the link between resource scarcity and conflict is far from being trivial. Scholars and
policymakers have equalized resource scarcity to an incentive for conflict (Homer-Dixon 1994),

8 Johnson (2011) even points to the establishment by the Turco-Egyptians of an exploitive relationship between the
centralizing power of the state and the peripheries (including South Sudan) before the nineteenth century, mainly through the
institutions of slavery and slave trading. Such historical factors echo the findings of Nunn (2008) on the legacy of slave trade for
contemporaneous economic development.

7 As quoted by Ali, Elbadawi, and El-Bathani (2005), “the Sudan People’s Liberation Army/Movement, instead of being a
genuine national liberalization movement, degenerated into an agent of plunder, pillage and destructive conquest.”
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especially for Sudan and pastoralist communities (UNEP 2007; Hendrickson, Armon, and Mearn 1996),
but detrimental weather shocks may also reduce the value of the resources that are fought over. In
particular, Butler (2007) and Kevane and Gray (2008) argued that weather patterns only weakly
corroborated the claim that climate change caused the Darfur conflict and concluded that the United
Nations overestimated the case. Certainly, there is still a need to understand which conditions make the
link between resource scarcity and conflict hold in one direction or another. That is the main objective of
our empirical analysis.



3. EMPIRICAL ANALYSIS

Methods

We combine climatic and conflict data for each 0.5 degree grid-cell (i) of Sudan and for each quarter (7)
from 1997 until 2009 to examine the relationship between weather shocks (Weather;,) and conflict
occurrence (Conflict; ;). Accordingly, we estimate the following baseline equation:

Conflicti; = ¢ + o; + @, + t;; + 1 Weather;; + B X + &, )

The dependent variable, Conflict;,, is given by the quarterly sum of violent conflict events by
grid-cell (7). Our main variable of interest, Weather;,, seeks to capture weather deviations and extreme
events at the grid-cell (7) and quarter (¢) levels. Since there is no consensus, yet, on the best way to assess
the impact of weather shocks on socioeconomic outcomes, we propose a series of proxies most likely to
capture deviations from normal conditions and the nonlinearity induced by extreme events. First, we
apply the anomaly transformation: precipitation and temperature quarterly data are transformed into
anomalies, that is, deviations from the long-term quarterly mean, divided by the long-run quarterly
standard deviation.® Such anomaly transformation has become standard and is frequently adopted in the
economic literature (for example, Maccini and Yang 2009; Barrios, Bertinelli, and Strobl 2010;
Marchiori, Maystadt, and Schumacher 2012; Dell, Jones, and Olken 2012; Harari and La Ferrara 2012).
In addition, we introduce the quadratic term of the weather anomalies as a first indication of nonlinearity.
Second, similar to Schlenker, Hanemann, and Fisher (2006); Schlenker and Roberts (2009); and Harari
and La Ferrara (2012), we isolate the component of climate variability that is relevant for agriculture
interacting the weather variables with an indicator identifying the growing period by state (De-Pauw and
Wu 2012).° In particular, we try to capture extreme events that could lead to yield losses by defining a
dummy for positive and negative deviations happening during the growing period above one (or two)
standard deviation(s). Furthermore, we consider also a cell-specific threshold for extreme events and
introduce a dummy equal to one for deviations below 15 (or 10 or 5) percent and above 85 (or 90 or 95)
percent of the grid-cell-specific distribution in the growing period (as in Briickner 2010 and Burke, Gong,
and Jones 2011). Finally, to assess more accurately temperature shocks on agriculture, we follow the
approach introduced by Schlenker, Hanemann, and Fisher (2006) that suggests exploiting daily data to
compute degree-days transformation. Based on agronomist literature specifically for SSA, Schlenker and
Lobell (2010) define a lower threshold at 10 degrees Celsius and a higher threshold at 30 degrees Celsius.
The two variables are considered together to capture the nonlinearity of temperature shocks (see also
Schlenker and Roberts 2009). The first variable, “moderate degree-days,” provides the sum of degree-
days above the lower threshold of 10 degrees Celsius and below the upper threshold of 30 degrees
Celsius. ' The second variable, “extreme degree-days,” sums the number of degree-days above the upper
threshold of 30 degrees Celsius. The two variables are expressed in degree-days per quarter (or the
concerned period in the robustness checks) and then transformed into anomalies as in Dillon, Mueller,
and Salau (2011). Similar to Schlenker, Hanemann, and Fisher (2006), these variables are interacted with
our state-level indicator of the growing period, and a quadratic term is introduced to capture nonlinear
effects. As a last robustness check, we follow the approach of Harari and La Ferrara (2012), and we
compute for each grid-cell quarter the Standardized Precipitation—Evapotranspiration Index (SPEI), a
multiscalar drought index that offers the advantage of being based on both precipitation and temperature.

¥ The quarterly basis for the normal conditions is used to correct for seasonality effects.

? We chose this indicator defined by state because, even if it’s not disaggregated by crop, it performs better than an indicator
based on crop calendars only defined for the whole of Sudan or for macro-regions (FAO crop calendar tool).

1 In other words, a day with a temperature below 10 degrees results in 0 degree-days, a day with a temperature between 10
and 30 degrees contributes to the number of degree-days above 10, and a day with a temperature at 30 degrees Celsius records 20
degree-days.



We estimate equation (1) with a linear least squares specification because nonlinear models with
fixed effects yield inconsistent slope estimates due to the incidental parameter problem (King and Zeng
2001; Greene 2004). To be able to draw causal inferences, we introduce in the equation grid-cell fixed
effects (a;) and time dummies (¢,). Therefore, we investigate how climate changes (compared to the pixel
mean) affect the frequency of conflict events within each grid-cell (compared to the mean). In addition,
we augment the specification by introducing a county-specific time trend (#,)'" and the night-lights
density (X;,). The former is included to reduce the threat of spurious parallel trends, whereas the latter is
used as a proxy to capture changes in economic activities potentially unrelated to climate.'> However, we
cannot reject the hypothesis that county-specific time trends’ and night-lights density’s get rid of
interesting variations in the relationship between weather shocks and violent conflict, and consequently,
we will show how our results change when we exclude such variables.

The introduction of grid-cell fixed effects is the main difference from the approach proposed by
O’Loughlin et al. (2012), who prefer to introduce highly aggregated country dummies in their main
estimations and who present a similar methodology just as a robustness check (O’Loughlin et al. 2012,
Supporting Information, 5). Interestingly, when the authors use grid-cell fixed effects in place of country
fixed effects (but without replacing yearly dummies by quarterly or monthly ones), precipitation
anomalies do not affect the risk of conflict, whereas additional support is found for the role of hotter than
usual temperatures in predicting greater conflict. We believe our approach is more likely to control for
unobserved (time-constant) characteristics that may bias the estimated relationship between weather
shocks and conflict at the grid-cell level. Nevertheless, we acknowledge that the use of fixed effects at a
disaggregated level has recently been questioned by some scholars because the effects absorb most of the
variation, making the identification rely on slight margins. Dealing with climatic variables, this might
lead to the amplification of measurement errors, as Fisher et al. (2012) point out. Thus, we will show that
our results are confirmed even when we use the more commonly preferred random-effects estimation with
dummies at the state level (suggesting that our findings are not driven by measurement errors).

Moreover, we cluster the standard errors at the county level to reduce potential problems
generated by time and spatial dependency within Sudanese counties. In addition, bearing in mind the
recent debate on the importance of explicitly modeling such dependency in the process itself (Harari and
La Ferrara 2012), we will control for serial and spatial correlation by transforming equation (1) into a
simple dynamic model (using the Arellano-Bover/Blundell-Bond estimator) and into a dynamic model
with the spatial lags of the independent variables included. This latter model has the advantage of being
straightforward since adding the spatial lags does not involve serious econometric problems. The pitfalls
of the model are that it does not allow correcting the standard errors for clustering at the county level, it
does not take into account the fact that spatial correlation might also be present directly in conflict itself
through cross-cell spillovers, and it offers estimates affected by a simultaneity bias. As Harari and La
Ferrara (2012, 12) remark, in the typical case of positive covariance of spatial lags and independent
variables, we will overestimate the interdependence effect and underestimate the cell-specific effect of
weather shocks. Thus, the estimates of such model represent a credible lower bound for the effects of
weather shocks on conflict.

" There are 117 counties in North and South Sudan.

12 Several papers have shown that the importance of environmental variables may be downplayed by the inclusion of
political and economic variables (Raleigh and Urdal 2007). The use of grid-cell fixed effects and time dummies already reduces
the importance of time-constant political or economic factors and of those factors that would affect equally over time the units of
observations. Adding night-lights, the best proxy of economic activity at the local level, offers a further robustness check.
Nevertheless, we cannot exclude that night-lights are capturing relevant variation or act as a bad control (Angrist and Pischke
2009). We therefore exclude that control (along with the time trend) to provide an upper-bound limit of the effect of extreme
weather shocks on conflict and confirm that our findings do not change. The results are also similar when the lagged value of
night-lights density is used.

'3 See Results and Robustness Checks section.



Finally, although our empirical strategy relies on quarterly variations in climatic variables to
assess their effects on conflict, in section 4, we also exploit time-invariant local characteristics to evaluate
the heterogeneous effects of the climate shocks and identify mitigating and exacerbating factors.

Data

Data on conflict events come from the Armed Conflict Location and Event Dataset (ACLED) presented
by Raleigh et al. (2010)."* ACLED is the most recent, detailed, and widely used conflict dataset
developed by the International Peace Research Institute of Oslo (PRIO). It specifies the exact location,
the date, and other characteristics of conflict events based on news and reports within unstable states.
Given its nature, it might be affected by selection in reporting, a drawback common to conflict datasets
not based on surveys, but such reporting bias is not likely to be systematically correlated with our weather
indicators and should not constitute a major problem for our identification strategy. Another drawback of
these data is the lack of information about the number of causalities, but the monthly frequency of violent
events should give us a fair approximation of the local intensity of conflict. We focus on violent conflict
events, comprising battle, defined as “a violent interaction between two politically organized armed
groups at a particular time and location”, and violence against civilians (one-sided violence), defined as
“deliberate violent acts perpetrated by an organized political group, typically either a rebel or a
government force, on an unarmed non-combatant” (ACLED Codebook version 2, 8 and 11). '° In North
and South Sudan, the number of 2,497 violent events represents the overwhelming majority of events (97
percent) reported in the ACLED dataset. Although our results do not depend on that restriction (results
available on request), we exclude nonviolent events (establishment of rebel headquarters, nonviolent rebel
presence, changes of territorial control without violence, and protests and riots) as they are not directly
related to resource-based conflicts.

Weather data are mainly generated from the University of East Anglia’s (UEA) Climatic
Research Unit (CRU) Time Series (TS) dataset, version 3.1. This dataset provides monthly mean
temperature and precipitation from January 1901 at 0.5 degree grid resolution (equivalent a 50-kilometer
grid resolution). However, the accuracy of these data has been questioned. As explained in Mitchell and
Jones (2005, 702), values at the station level “were interpolated onto a continuous surface from which a
regular grid of boxes of 0.5 degree was derived and, in order to ensure that the interpolated surface did
not extrapolate station information to unwarranted distances, ‘dummy’ stations with zero anomalies were
inserted in regions where there were no stations.” Thus, if the closest weather station with available data
is too far, a long-term average value is used. The issue seems to be particularly important for precipitation
data.'® For North and South Sudan, Figures A.1.a and A.1.b illustrate the bias it introduces in the shape of
the precipitation distribution. In spite of the critics,'” most studies on the climate-conflict nexus use this
dataset, not only at the cross-country level (Miguel, Satyanath, and Sergenti 2004; Burke et al. 2009;
Harari and La Ferrara 2012) but also at the regional level (Kevane and Gray 2008; Raleigh and Kniveton
2012; O’Loughlin et al. 2012) and the national level (Theisen 2012; Maystadt, Eckers, and Mabiso 2013).
The CRU dataset is so widely used because it has the advantage of providing precipitation and
temperature data from 1901 and, consequently, allows correcting for deviations from long-term normal
conditions. Given the consensus confirming that data from 1901 to about 1950 are not accurate for SSA,

' See www.acleddata.com, downloaded in October 2012,

!5 See http://strausscenter.org/codebooks/ACLED%202.0%20Codebook.pdf.

16 In our sample, out of 75,012 observations, there are only 18 observations with zero anomalies for mean temperatures, but
there are, depending on the quarter, between 357 and 5,586 observations with zero anomalies for precipitations.

'7 Kudamatsu et al. (2012, 6), among other scholars, stated that such an interpolation method is problematic for exploiting
variation within location over time since weather stations with consistent time-series observations in most African countries are
few and far between. For example, Kevane and Gray (2008), investigating the relationship between rainfall shocks and conflict in
Darfur, noticed that rainfall station data for Darfur had been collected since the early 1990s only in three or four main towns.
Similarly, some climatologists claim that only data based on satellite estimates can really cover the entire African continent at a
suitably detailed resolution. Others, such as Lobell (2013), stress that the measurement errors resulting from the interpolation
method may be particularly problematic for data on precipitation.
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anomalies have been computed based on a long-term reference period starting in 1949 as in O’Loughlin et
al. (2012). In addition, considering the criticism expressed about data based on weather stations, we test
the robustness of our analysis with an alternative satellite-based dataset covering the period from 1997 to
2009 and provided by the POWER project of the National Aeronautics and Space Administration
(NASA) of the United States.'® Beyond offering a robustness check on the quality of the East Anglia data,
these data also offer us the possibility to compute the degree-days variables based on daily data.
Moreover, such data are based on a larger pixel size and thus allow us to show that our results are not
affected by the so-called modifiable areal unit problem and, in particular, by the scale problem, “which is
the variation in numerical results occurring due to the number of zones used in the analysis, and hence the
possibility of obtaining different results for different resolutions” (Harari and La Ferrara 2012, 27).
Finally, SPEI comes from SPEIbase, version 2.0, a global dataset with a spatial resolution of 0.5 degree
latitude/longitude and temporal coverage between 1901 and 2009, based on the routine programmed by
Vicente-Serrano et al. (2010)." Compared to other multiscalar drought indexes, SPEI has the advantage
of taking into account the joint effects of precipitation, potential evaporation, and temperature and
therefore offers a more accurate measure of “effective” rainfall. Table A.1 summarizes the names, the
construction, and the sources of all the weather variables used.

Furthermore, we collect geo-referenced data on various geographical, economic, and social time-
invariant characteristics. Geographical data are similar to the variables employed by Dorosh et al. (2012),
who explained to a greater extent the algorithms used for the estimations. Data on agroecological zones
are based on the calculations of the FAO and the International Institute for Applied Systems Analysis,
which combine data on land resources (climate, soil, and terrain) with a mathematical model for the
estimation of potential biomass (Fischer et al. 2001). Crop-type data are drawn from the Spatial
Production Allocation Model (2000, version 3, release 6) of the IFPRI. The IFPRI Spatial Production
Allocation Model (You, Wood, and Wood-Sichra 2009) generates highly disaggregated, crop-specific
production data by a triangulation of any and all relevant background and partial information. This
includes national or subnational crop production statistics, satellite data on land cover, maps of irrigated
areas, biophysical crop suitability assessments, population density, secondary data on irrigation and
rainfed production systems, cropping intensity, and crop prices. This information is compiled and
integrated to generate “prior” estimates of the spatial distribution of individual crops. Priors are then
submitted to an optimization model that uses cross-entropy principles and area and production accounting
constraints to simultaneously allocate crops into the individual pixels of a Geographic Information
System database. The result for each pixel (notionally of any size, but typically from 1 to 100 square
kilometers) is the area and production of each crop produced, split by the shares grown under irrigated,
high-input rainfed, and low-input rainfed conditions (each with distinct yield levels). Data on road
infrastructure are largely based on UNEP (2005) data,”® urban centers are identified using the Global
Rural-Urban Mapping Project (2000) data from the Center for International Earth Science Information
Network (CIESIN),?! and travel times are estimated based on an algorithm taking into account road
quality, slope, biophysical characteristics of the land, and other factors (Thomas 2007). Data on
population come from the fourth version of the African Population Database (UNEP/CIESIN 2004);* in
particular, we use the population from 1990, which is based on intercensual 1983 through 1993 growth
rates at the county level (or at the state level for the areas not enumerated).” Geo-referenced yearly

'® These data were obtained from the National Aeronautics and Space Administration (NASA) Langley Research Center
POWER Project funded through the NASA Earth Science Directorate Applied Science Program. See
http://power.larc.nasa.gov/index.php, downloaded in October 2012.

' See http://sac.csic.es/spei/spei_index.html, downloaded in October 2012.

20 See the Global Environment Outlook Data Portal: http://geodata.grid.unep.ch.

2! See http://sedac.ciesin.columbia.edu/data/collection/grump-v1.

22 See the African Population Database 1960-2000, version 4:
http://na.unep.net/siouxfalls/globalpop/africa/Africa_index.html.

2 Thus, such data are based on the following two census datasets: (1) Population Studies Center, “Population of Sudan and
Its Regions, 1983 Census: Total Populations by Region, Province and District” (Wad Medani, Sudan: University of Gezira jointly
with Department of Statistics, Census Office, 1983); and (2) Central Bureau of Statistics, “Population Census of Sudan 1993”
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information on night-lights density comes from the database presented by Henderson, Storeygard, and
Weil (2012), and data on livestock density (head/square km, 2005) are drawn from the Gridded Livestock
of the World (Wint and Robinson 2007). Information on the location of ethnic groups is based on the
University of Zurich’s Geo-referencing of Ethnic Groups dataset that relies on maps from the classical
Soviet Atlas Narodov Mira.>* More specifically, we use anthropological studies to classify the different
ethnic groups according to their main type of livelihood: pastoral (including nomad and seminomad
groups), agropastoral, or mostly based on agriculture.” Information about the distance to a major river or
a lake comes from the Yale Geographically Based Economic Dataset (G-Econ, version 4.0) introduced by
Nordhaus et al. (2006).%°

The descriptive statistics of the conflict- and weather-based variables are given in Table A.2.
Figure A.2.a shows the time variation for the whole sample of the conflict data, along with the time
variations of the first two climatic variables, that is, temperature anomalies and temperature shocks
greater than one standard deviation, happening during the growing period. The time variation in the
occurrence of conflict events is a case in point with major peaks corresponding to the main events
reported by Johnson (2011).>” Figure A.2.b presents the maps illustrating the location of violent events
and the geographical variation of the aggregated values of the two climatic variables, chosen for
presentation purposes.*® These figures constitute a first indication of a time and spatial correlation
between temperature-related shocks and the frequency of conflict. However, on this basis, we cannot infer
a causal relationship. The cross-country literature warns us about potential bias due to unobserved
heterogeneity. Favorable climatic conditions (for example, moderate temperature) have been associated
with better institutions (Acemoglu, Johnson, and Robinson 2002; Easterly and Levine 2003; Rodrik,
Subramanian, and Trebbi 2004), faster transition out of agriculture (Diamond 1997; Masters and
McMillan 2001), and hence, stronger economic growth (Sachs and Warner 1997; Nordhaus 2006; Dell,
Jones, and Olken 2012). Although certainly reduced, the same concern applies within a country. For
example, the preference for a more temperate climate by colonizers and its impact on institutions may
well explain the differences in local governance between locations of North and South Sudan. Similarly,
we cannot exclude that the time correlation is driven by common factors generating spurious correlations
between weather shocks and conflict. The introduction of grid-cell fixed effects, time dummies, and
county-specific parallel trends in the regression analysis should drastically reduce these threats to causal
inference.

(Khartoum, Sudan: Census Office, 1993).

* See http://www.icr.ethz.ch/data/other/greg, downloaded in October 2012.

23 Pastoral groups include nomad (Baggara/Shoa Arabs) and seminomad (Karamojo, Teso, Zagawa, and Tubu) groups.
Agropastoral groups include Hamitic (Lotuko, Bari, and Murle) and Nuba (Dago, Kadugli-Krongo, Koalib-Tagoi, and Temaini)
tribes. The other groups are considered mainly reliant on agriculture.

26 See http://gecon.yale.edu/data-and-documentation-g-econ-project, downloaded in October 2012.

27 For example, the five major peaks correspond to particularly conflictive times in North and South Sudan. The first peak in
1997 (quarter 1) corresponds to operations conducted by the Ethiopian army in collaboration with SPLA and the operation
launched in Central Equatoria; in 1999 (quarter 2), the resurgence of violence between the government of Sudan (GOS) and
SPLA followed the agreement between GOS and Eritrea not to support each other’s rebel movement; in 2002 (quarter 2), the
number of violent events surged as a result of the agreement by the GOS to allow the Ugandan army to pursue the Lord’s
Resistance Army in Sudan and the intensification of fighting (including bombing) in Bhar al-Ghazal and Upper Nile as well as in
the south; in 2008 (quarter 2) and 2009 (quarter 1), fighting between SPLA and government militias intensified along the
Kordofan—northern Bahr al-Ghazal border as well as in Unity State and around the town of Malakal (in Upper Nile).

8 Violence frequently occurred in Darfur (around the three major cities of Nyala, El Fasher, and Geneina); in the bordering
state with Uganda (Eastern Equatoria) given the recurrent involvement of the Lord’s Resistance Army in South Sudanese
conflicts; in South Kordofan, Upper Nile, and Jonglei provinces (around the oil fields close to the town of Bentio); and in the
Eastern part of North Sudan (Blue Nile and Kassala).
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Results and Robustness Checks

Table A.3 summarizes the results of estimating equation (1) including only temperature indicators. Based
on these results, a change in temperature anomalies of one standard deviation increases the frequency of
violent conflict by 31 percent (partial effect expressed as a share of the mean value of violent conflict). In
addition, a change of one standard deviation in moderate temperature shocks during the growing period
increases conflict by about 21 percent (for the variables “Temp> 1 s.d.,” “Heat Shock> 1 s.d.,” or “Heat
Shock Pctile85”). A change of one standard deviation in extreme temperature shocks during the growing
period increases conflict by 27 percent (for “Temp> 2 s.d.” or “Heat Shock> 2 s.d.”) or by 31 percent (for
“Heat Shock Pctile90”). These partial effects (obtained based on regressions 1 to 9 of Table A.3) reveal
an interesting pattern according to which the impact of weather shocks, happening during the growing
period, increases when our proxies capture more extreme events. This pattern is also confirmed when
moderate and extreme events are distinguished with the use of degree-days thresholds. Introducing the
quadratic terms, moderate temperature shocks reduce conflict by about 12 percent, whereas extreme
temperature shocks exacerbate violence by about 4 percent (see regressions 10 and 11 of Table A.3). This
result also confirms that the choice of scale for the units of analysis does not drive our findings, given that
the pixel size used in the NASA POWER dataset is much larger. All the partial effects relative to Table
A.3 are summarized in Table 3.1, column 2.

When estimated without time trends and night-lights density, the effects remain essentially
unchanged (see Table A.4 and column 4 of Table 3.1). Adding rainfall-related variables indicates that
precipitation variations do not affect the frequency of conflict and do not alter the coefficients of the
temperature-related variables (see Table A.5) or the relative partial effects (see column 6 of Table 3.1).
These results clearly point to the role of temperature shocks in explaining variations in violence in North
and South Sudan and are in line with recent evidence on the impact of temperature shocks on agricultural
income in both developed (Schlenker and Roberts 2009; Lobell et al. 2013) and developing countries
(Schlenkler and Lobell 2010; Lobell et al. 2011). However, they may still be sensitive to the choice of the
specification adopted to estimate equation (1).

Therefore, we investigate the robustness of our results (1) to other proxies, functional forms, and
data sources for precipitation shocks; (2) to other modeling choices, including the use of state fixed
effects and state-level controls similar to that of O’Loughlin et al. (2012) or Raleigh and Kniveton (2012);
(3) to other levels of aggregation, that is, monthly and yearly levels; and (4) to explicitly modeling time
and spatial dependency.
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Table 3.1—Partial effects for the number of violent events

(1) (2) (3) (4) (5) (6) (7) (8) 9) (10)
Table A3 Baseline unc i i0Chds  including precipitation | T2b1e A18 Dynamic 10 Bo ) oytamie
model & night lights indicators model spatial lags
B/s.d part. eff. B/s.d. part. eff. B/s.d. part. eff. B/s.d. part. eff. B/s.d. part. eff.
Temp Anom 0.017 30.75 0.021 38.72 0.017 31.89 0.017 32.03 0.016 29.18
Temp Anom + Temp Anom Sq 0.021 39.3 0.022 41.14 0.021 39.3 0.013 24.13 0.014 26.33
Temp Shock > 1 s.d. Grow. Per. 0.011 21.24 0.01 18.26 0.011 20.48 0.013 23.33 0.011 20.13
Temp Shock > 2 s.d. Grow. Per. 0.014 26.68 0.016 29.37 0.014 26.44 0.014 26.19 0.012 21.74
Heat Shock > 1 s.d. Grow. Per. 0.011 21.32 0.01 19.08 0.011 20.77 0.013 24.43 0.009 16.98
Heat Shock > 2 s.d. Grow. Per. 0.014 26.91 0.016 29.6 0.014 26.67 0.014 26.26 0.012 22.03
Heat Shock Pctile85 Grow. Per. 0.012 21.84 0.011 20.63 0.012 21.52 0.013 24.38 0.009 17.44
Heat Shock Pctile90 Grow. Per. 0.017 31.32 0.017 32.41 0.017 30.93 0.016 30.38 0.013 23.47
Heat Shock Pctile95 Grow. Per. 0.016 30.06 0.018 33.18 0.016 29.77 0.016 30.14 0.013 24.4
Moderate DD Anom Grow. Per. -0.022 -11.14 -0.034 -16.96 -0.022 -11.14
Mod DD An GP + M DD An Sq GP -0.024 -11.85 -0.034 -17.29 -0.024 -11.85
Ext DD An GP + E DD An Sq GP 0.021-0.013 3.99 0.016 8.11 0.021-0.013 4.04 0.03-0.023 3.57 0.028 14.29

Source: Authors’ estimation based on ACLED, UEA CRU-TS and NASA POWER.

Notes: Columns 1, 3, 5, 7, and 9 report only the coefficients that were statistically significant in the models’ equations. Descriptions of the weather variables are given in Table
A.1. s.d. = standard deviation; part. eff. = partial effects.
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First, we may wonder whether the fact that variations in precipitation do not affect violence is
related to the lack of accuracy of the adopted proxies for precipitation shocks. In line with Harari and La
Ferrara (2012), precipitation shocks may be better captured by variations in SPEI. Our results suggest that
it is not the case for North and South Sudan, without altering the impact of temperature shocks (see Table
A.6). We also exclude the possibility that the lack of impact of precipitation shocks may be driven by the
absence of a time-lagging effect since including the time lags does not alter the coefficients of the
temperature indicators and changes only slightly the partial effects (see Table A.7).% Still, the
explanatory dominance of temperature shocks in contrast to rainfall shocks might just be due to larger
errors in measuring precipitation. For example, Lobell (2013) shows that the interpolation method used in
the UEA CRU-TS dataset substantially underestimates the impact of precipitation on crop yields.
Therefore, we collected information regarding the exact location of the weather stations employed by the
University of East Anglia for its Sudan database to check that the interaction terms between the weather
indicators and the distance from the nearest weather station were indeed not significant.*” This is a first
indication that such measurement errors do not play much of a role in driving our results. In addition, we
test the importance of precipitation shocks using the alternative NASA POWER dataset, and even in this
case, we confirm the superiority of temperature shocks in explaining variations in violent conflict (see
Table A.8). All the partial effects related to Tables A.6, A.7, and A.8 can be found in Table A.9.

Second, we test the robustness of our results to the use of fixed effects at the highest level of
aggregation (26 states in North and South Sudan), similar to O’Loughlin et al. (2012) and Raleigh and
Kniveton (2012). Our results remain robust to such a modeling choice (see Table A.10); the coefficients
of interest have the same direction and significance but are larger in magnitude, pointing to a possible
upward bias. Adding the population by grid-cell (transformed into logarithm), an urban dummy, and the
distance to roads and to international borders (transformed into logarithm) as control variables, like
O’Loughlin et al. (2012), provides the expected signs without altering our main results (see Table A.11).
Although introducing potential selection bias and changing the external validity of the results, we also
implement a model with state fixed effects excluding the cells that never experienced violent conflict,
similar to Raleigh and Kniveton (2012). Our results remain unaltered and the control variables proposed
by the authors have the expected signs (see Table A.12). All the partial effects based on Tables A.10,
A.11, and A.12 are summarized in Table A.13.

Third, we confirm the validity of our findings using alternative time aggregations. When we
estimate equation (1) at the monthly level, our results maintain the same signs (see Table A.14) and offer
conclusions similar to the ones based on the estimates at the quarterly level, with the main difference that
the introduction of two lags is needed to obtain effects of comparable magnitudes (see Table A.15)—as
expected. At the yearly level, our results are equally confirmed (see Table A.16). Table A.17 shows all
the partial effects related to Tables A.14, A.15, and A.16.

Fourth, our results are robust to taking into account possible serial and spatial correlations. Table
A.18 and column 8 of Table 3.1 present the estimates and the partial effects of the dynamic panel model,
whereas Table A.19 shows that even adding the spatial lags of the variables of interest does not change
the previous findings. These spatial lags are obtained by multiplying the vector of observations by the
matrix W, a normalized spatial matrix of order 1 (but the results appeared to be robust also to the choice
of a matrix of order 2). There are spatial spillovers for temperature shocks, but they are sufficiently close
to zero and do not alter the partial effects (see column 10 of Table 3.1).

Therefore, the estimation of equation (1) indicates that extreme temperature shocks increase the
frequency of conflict in North and South Sudan. Such impact appears to be robust to other proxies,
functional forms, and data sources for precipitation shocks; to other modeling choices; to other levels of

% In Table A.7, column 6, we even find an unexpected negative sign for the lag of the precipitation deviation below two
standard deviations, but this impact is not sufficiently robust to other specifications to deserve interpretation.

3% Data on the location of the weather stations were provided by Dr. D. Lister, senior associate of the University of East
Anglia’s Climatic Research Unit, and by the help desk of the U.K. Centre for Environmental Data Archival.
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aggregation; and to explicitly modeling time and spatial dependency. With a view to our projection
exercise, the most reduced-form set of estimations whose partial effects are given in column 4 of Table
3.1 (excluding night-lights and time trends) can be considered an upper-bound limit of the effect of
extreme weather shocks on conflict. On the contrary, the most structured set of models, that is, the
dynamic model with spatial lags, represents the lower-bound limit of such an impact.

Projections

Projecting changes in the incidence of violent events under future climate change is far from trivial.
Previous research has tended to rely on selected climate models and to overlook climate uncertainty in
future temperature (and rainfall) changes. To incorporate that uncertainty into our projections, we follow
the approach recommended by Burke et al. (2012) and applied in their study on conflict in SSA (Burke et
al. 2009). Thus, we incorporate our estimated responses of conflict to climate (see Table 3.1) with climate
projections for the corresponding SSA subregion (Sahel) from 20 climate models and three scenarios
resulting from the World Climate Research Project Program’s (WCRP) Coupled Model Inter-comparison
Project phase 3 (CMIP3).*' Such models provide the expected change in temperature between 2030 and
1980-1999, expressed in degrees Celsius, for each model and scenario. To calculate the expected
temperature in 2030 we summed the expected change at the quarter level and the average quarterly
temperature for the period 1980—1999. Temperature anomalies in 2030 are then estimated considering the
same long-term mean and standard deviation described in the previous section. A major assumption is
that no adaptation behaviors or policies in addition to the ones already incorporated in our estimates will
take place by 2030. Given the relatively short timeframe, the assumption seems reasonable.

We apply the same method used by Burke et al. (2012) by distinguishing between climate and
regression uncertainties. Climate uncertainty results from the difference in the various predictions for the
expected change in monthly temperatures given by three possible scenarios and 20 possible climate
models for each scenario. The expected impact on violent conflict is calculated by multiplying the
expected percentage change in temperature anomalies by the coefficient showed in Table A.3. Regression
uncertainty results from taking into account the variability given by the standard errors of the estimated
coefficient. To quantify that uncertainty, we bootstrap 10,000 times the specification regressing
temperature anomalies on violent conflict and we multiply the percentage change in temperature
anomalies given by the median of the three scenarios by the coefficients obtained by bootstrapping. Total
uncertainty results from taking into account both climate and regression uncertainty. According to Figure
3.1, all models predict more frequent violence as a result of projected temperature anomalies, with a 23.8
percent median projected increase by 2030. Such predictions are based on the partial effects obtained in
our baseline model. Such additional increase would vary in a range between 21 and 30 percent for the
lower-bound (dynamic model with spatial lags) and upper-bound estimates (model excluding night-lights
and time trends). Similar to Burke et al. (2012), climate uncertainty is a larger concern than regression
uncertainty in predicting the changes in violence by 2030. Taking the ratio of the difference between the
95™ and 5" percentiles for the climate-uncertainty-only projections and the regression-uncertainty-only
projections, we find that climate uncertainty is about 1.4 times larger than regression uncertainty.

31 We thank Marhsall Burke for sharing the data for the 20 following models — BCCR, CCCMA.T63, CCSM, CNRM,
CSIRO, ECHAM, GFDLO, GFDLI1, GISS.Aom, GISS.Eh, GISS.Er, HADCM3, HADGEM1, IAP, INMCM3, IPSL,
MIROC.Hires, MIROC.Medres, MRI, and PCM—and the three following scenarios—B1, A1B, and A2.
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Figure 3.1—Importance of climate versus regression uncertainty in the projection of climate
impacts on number of violent events in 2030, considering only temperature anomalies

climate }7

regression ’—

il

total | |

impact

Source: Authors’ calculation based on WCRP CMIP3, UEA CRU-TS, and ACLED.

We also perform similar projections using proxies for more extreme temperature shocks.*> As
summarized in Table 3.2, the median projected impact is 10.2 percent when the shock is defined as a
temperature deviation above one standard deviation, whereas the expected impact increases to 39.6 and
75.9 percent for more extreme shocks (above two standard deviations and above 95 percent of the pixel-
specific distribution, respectively). However, the level of both climate and regression uncertainties does
not allow us to give much interpretation to the projected changes in conflict due to changes in other
proxies than temperature anomalies. Such a limit in our analysis confirms the difficulty of projecting how
expected increases in temperature will translate into more frequent and more intense extreme events
(Hansen, Sato, and Ruedy 2012; Rhines and Huybers 2013), hence the challenge to make predictions on
the socioeconomic consequences of future extreme events.

Table 3.2—Projected impacts on number of violent events in 2030, by weather variable

Median percentage 5th and 95th percentiles for Ratio of climate
Variable impact under total percentage impact under over regression
uncertainty total uncertainty uncertainty
Tmp Anom 23.8 12.3,41.5 1.4
Heat Shock > 1 s.d. Grow. Per. 10.2 5.3,17.9 0.8
Heat Shock > 2 s.d. Grow. Per. 39.6 -10.6, 362.9 2.8
Heat Shock Pctile95 Grow. Per. 75.9 -3.3, 238.1 1.4

Source: Authors’ calculation based on WCRP CMIP3, UEA CRU-TS, and ACLED.
Note:  Variables are defined in Table A.1.

32 Boxplots are available on request.
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4. DISCUSSION

Our empirical analysis clearly points to the negative role of extreme temperature shocks in North and
South Sudan, but due to limited data availability, it cannot describe the channels through which such
shocks affect conflict. To partially cover this gap, we exploit the heterogeneity in the impact of weather
variables and identify mitigating and exacerbating factors of the relationship between weather shocks and
violence.”

The worst detrimental effect of climate change on African economies usually relates to decreased
crop yields, in particular for maize, sorghum, millet, groundnut, and cassava (Jones and Thornton 2003;
Lobell et al. 2008; Lobell and Burke 2010; Schlenker and Lobell 2010; Blanc 2012). The literature links
this detrimental impact to a robust predictor of conflict: the relative change in income and, consequently,
in the opportunity cost to participate in violence (Miguel, Satyanath, and Sergenti 2004; Burke et al.
2009; Blattman and Miguel 2010). However, in North and South Sudan, the presence of these crops is not
a significant exacerbating factor (see Tables A.20.a through A.20.¢). On the contrary, as summarized in
Table 4.1, we find a mitigating impact when weather shocks occur in areas with a large share of land
occupied by millet production (see Table A.20.c). This impact can be explained by the low sensitivity of
the crop to temperature variations (thanks to its high threshold temperature, set in the agronomy literature
at 35 degrees Celsius). Moreover, it produces a low but steady yield with little fertilizer input,* and it
grows well in arid and semiarid environments, requiring less water compared to other grains.”® Table 4.1
and, in more detail, Tables A.20.a through A.20.e indicate that with the exception of millet, the presence
of particular crops does not affect the relationship between weather shocks and conflict in Sudan—in line
with the low percentage of national income that is on average derived from crops.

In accordance with the importance of livestock for livelihoods in North and South Sudan, our
analysis points to three main significant factors. All partial effects are summarized in Table 4.1. First,
Tables A.21.a and A.21.b indicate that the interaction terms with the proxies for the presence of
pastoralist livelihoods (using goat densities or the presence of pastoral and agropastoral ethnic groups)
constitute exacerbating factors and confirm the vulnerability of livestock to temperature shocks (Thornton
et al. 2009). Second, mitigating roles are found in Tables A.21.c and A.21.d for water availability and
irrigation systems (when we interact our proxies of weather shocks with a dummy for grid-cells near a
major river’® and with the share of irrigated land). The importance of water availability is not surprising,
in particular in lowland areas where shocks on the limited amount of water have been reported to generate
conflict about property rights and competition between pastoralists and other farmers. Interpretation about
the role of irrigation systems is less obvious. The mitigating role of irrigation may point to a social benefit
associated with the private benefits found for such investments (Lipton, Litchfield, and Faurésc 2003;
Smith 2004). However, our results should be taken with caution since we do not shed light on the
potential of new investments that, it has been argued, are relatively limited in pastoralist areas (You et al.
2011; Headey, Taffesse, and You 2013). Third, Table A.21.e shows that the impact of weather shocks on
conflict is largely mitigated by road and market accessibility (being within two hours’ reach from the
nearest human settlement of 50,000 or greater population). Such result can be explained by market
access’s facilitating destocking and restocking process and thus helping herders to smooth the detrimental
impact of extreme weather shocks.

33 As pointed by Gleditsch (2012, 6), “one of the lessons that the large N-community could learn from proponents of case
studies is the emphasis on interaction terms.” Nevertheless, we cannot rule out that these interaction terms may be endogenous to
conflict. We therefore consider this exercise primarily interpretative.

3* El-Dukheri, Damous, and Khojali (2004, 56) reported that between 1992 and 2004 millet had a mean yield of 99
kilograms/feddans, with standard deviation equal to 17, while sorghum had a mean yield of 201 kilograms/feddans, with standard
deviation equal to 45 (data from the Sudan Statistics Department, General Administration of Planning and Agricultural
Economics).

35 In particular, in Sudan, millet can grow in sandy soil (Goz land), whereas the other crops need to be cultivated in clay soil
or near watercourses (Wadis land). These sandy areas (mostly in Darfur and Kordofan) are classified as marginal lands,
unsuitable to and unfavorable for the cultivation of other crops. In case of shocks or of a negative yield-per-feddan trend, it’s
easier to increase the cultivated area of millet and therefore to keep the same total production amount.

36 A grid-cell is classified as “near to major river” if its distance to a major river is lower than the 25" percentile. Similar
results are obtained using a dummy for grid-cells near a lake.
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Table 4.1—Mitigating and exacerbating factors of the climate-conflict nexus

(1)

(2)

(3)

(4)

(5)

(6)

()

(8)

(9)

(10)

(11)

(12)

Table A20.c. 'Main Crop is Millet'

Table A21.a. 'Goat Density'

Table A21.b. 'Pastoral and

Agropastoral Groups'

weather vars interaction term weather vars interaction term weather vars interaction term
B/sd peaﬁ[t. B/sd part.eff. [B/s.d part.eff pB/sd part.eff. B/sd part.eff p/s.d part. eff.
Temp Anom 0.02 37.86 0.015 27.33 0.048 33.16
Temp Shock > 1 s.d. Grow. Per. 0.014 26.59 -0.017 -46.86 0.0003 0.16 0.029 19.8
Temp Shock > 2 s.d. Grow. Per. 0.014 26.53 -0.016 -46.19 0.03 21.61
Heat Shock > 1 s.d. Grow. Per. 0.021 38.7 -0.016 -43.85 0.0004 0.19 0.008 15.38
Heat Shock > 2 s.d. Grow. Per. 0.021 38.89 -0.016 -44 .22 0.0004 0.2 0.008 15.59
Heat Shock Pctile85 Grow. Per. 0.015 28.59 -0.02 -56.31 0.035 23.98
Heat Shock Pctile90 Grow. Per. 0.023 42.78 -0.021 -58.66 0.01 19.47 0.01 18.54 0.046 31.42
Heat Shock Pctile95 Grow. Per. 0.024 43.71 -0.019 -54.03 0.0004 0.22 0.008 15.44 0.058 39.81
Table A21.c. 'Near to Major River' Table A21.d. L?r:gre of Irrigated Table A21.e. 'Market Accessibility'
weather vars interaction term weather vars interaction term weather vars interaction term
B/sd p:ﬁzt. B/sd part.eff. B/s.d part.eff pB/sd part.eff. B/sd part.eff p/s.d part. eff.
Temp Anom 0.108 54.04 -0.099 -72.56 0.022 41.28 -5E-04 -0.94 0.023 41.85
Temp Shock > 1 s.d. Grow. Per. 0.063 31.62 -0.084 -61.97 0.01 18.95 -0.001 -1.47 0.01 18.75 -0.02 -41.9
Temp Shock > 2 s.d. Grow. Per. 0.068 34.18 -0.089 -64.97 0.011 19.76 -0.001 -1.59 0.01 19.49 -0.018 -37.76
Heat Shock > 1 s.d. Grow. Per. 0.082 40.98 -0.057 -42.19 0.016 29.86 -0.001 -1.12 0.016 29.79 -0.022 -46.97
Heat Shock > 2 s.d. Grow. Per. 0.082 40.91 -0.056 -41.11 0.016 30.08 -0.001 -1.12 0.016 29.91 -0.018 -38.61
Heat Shock Pctile85 Grow. Per. 0.073 36.8 -0.09 -65.96 0.011 21.2 -0.001 -1.55 0.011 20.95 -0.017 -36.26
Heat Shock Pctile90 Grow. Per. 0.105 52.8 -0.095 -70.17 0.018 33.18 -0.001 -1.68 0.018 32.8 -0.017 -36.95
Heat Shock Pctile95 Grow. Per. 0.095 47.77 0.018 33.89 -0.001 -1.52 0.018 33.6 -0.019 -40.86

Source: Authors’ estimation based on ACLED and UEA CRU-TS. The sources for the interaction terms are detailed in the Data part of Section 3.

Notes: Table 4.1 reports only the coefficients that were statistically significant in the models’ equations. The values of the interaction terms “Main Crop is Millet,” “Pastoral and
Agropastoral Groups,” “Near to Major River,” and “Market Accessibility” are calculated for the dummy = 1. The values of the interaction terms “Goat Density” and “Share of
Irrigated Land” are calculated for the median value. A description of the weather variables is given in Table A.1. vars = variables; s.d = standard deviation; part. eff. = partial

effects.
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Last, we want to point to recent evidence suggesting that the coping strategies that had
traditionally been adopted in arid and semi-arid areas of the Horn of Africa are progressively breaking
down due to different mutually reinforcing factors, such as population growth, spread of pests (for
example, prosopis julifora), limited mobility, and fragmentation of grazing land (Lybbert et al. 2004;
Devereux 2006; McPeak, Little, and Doss 2011). Our results on the security consequences of the
vulnerability of these areas make action even more urgent. As critically reviewed by Headey, Taffesse,
and You (2013), the existing literature in the field suggests not only improving the resilience of the
livestock sector through improved veterinary services, access to credit, provision of emergency feed, and
better access to water but also supporting income diversification, in particular through education
investments.
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5. CONCLUSIONS

Our analysis sheds light on the importance of enhancing resilience to weather shocks in North and South
Sudan, in particular in arid and semiarid lowland areas, and therefore calls for more decisive and
coordinated action to help herders better cope with shocks. Initiatives aimed at reducing vulnerability in
the Horn of Africa should include support in destocking and restocking processes at times of drought
through improved access to markets; development of insurance and credit markets, especially weather
insurance schemes; and supply of income diversification opportunities through investment in irrigation
(when profitable) and in education services adapted to a mobile population. Nevertheless, our analysis is
limited in drawing clear policy recommendations. Understanding the returns on investment, also for
conflict resilience, is certainly a path for further research.
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APPENDIX: SUPPORTING INFORMATION

Figure A.1.a—Distribution of precipitation anomalies
based on the University of East Anglia’s Climatic Research Unit Time Series dataset
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Figure A.1.b—Distribution of temperature anomalies
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Authors’ calculation based on University of East Anglia’s Climatic Research Unit Time Series dataset

Source:
Note: Prec_Anom = precipitation anomalies; Temp Anom = temperature anomalies.
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Table A.1—Description of the weather variables

Variables Definition Source
Temp (or Prec) Anom Temperature (or Precipitation) anomalies Unlve'rAsrl]tgylizf East
'Sl'zmp (or Prec) Anom Squared term of temperature (or precipitation) anomalies Unlve'rAsrl]tgy”(;f East
Growing Period Indicator defining the growing period by state De-Pa(uzjgér;d Wu
Temp (or Preg) Shock D'ur'nm'y =1 for po§|t|ve anq negative te.mpera.ture (or University of East
> 1 s.d. Growing precipitation) anomalies, during the growing period, above Anal
. 2 nglia
Period one standard deviation
Temp (or Prec) Shock Dummy =1 for positive and negative temperature (or . .
X S . : . : University of East
> 2 s.d. Growing precipitation) anomalies, during the growing period, above Andl
. -3 nglia
Period two standard deviations
Heat (or Wet) Shock > Dummy =1 for pomhvg temperaturg (or pr§0|p|tat|on) University of East
; X anomalies, happening during the growing period, above one .
1 s.d. Growing Period - Anglia
standard deviation
Cold (or Dry) Shock > Dummy =1 for qegatlvg temperaturg (or pr.e0|p|tat|on) University of East
. X anomalies, happening during the growing period, above one .
1 s.d. Growing Period . Anglia
standard deviation
Heat (or Wet) Shock > D“rf‘my =1 for posmve_ temperature. (or pr§0|p|tat|on) University of East
: X anomalies, happening during the growing period, above two .
2 s.d. Growing Period I Anglia
standard deviations
Cold (or Dry) Shock > Dummy =1 for n.egatlvc-? temperaturg (or pr'e0|p|tat|on) University of East
. X anomalies, happening during the growing period, above two .
2 s.d. Growing Period 2 Anglia
standard deviations
gstailte(Sog é\/rc-.;t&/iihock Dummy =1 for temperature (or precipitation) anomalies, University of East
Period 9 happening during the growing period, above the 85 percentile Anglia
(cmo;tli(lje(% (D;%zN?:OCk Dummy =1 for temperature (or precipitation) anomalies, University of East
Period 9 happening during the growing period, below the 15 percentile Anglia
Est?lte(goor évr?)tv)viihmk Dummy =1 for temperature (or precipitation) anomalies, University of East
Period 9 happening during the growing period, above the 90 percentile Anglia
gc?tli(lje(f(; g%@?:ock Dummy =1 for temperature (or precipitation) anomalies, University of East
Period 9 happening during the growing period, below the 10 percentile Anglia
Ece;{?lte(gog é\lreot&/iihock Dummy =1 for temperature (or precipitation) anomalies, University of East
Period 9 happening during the growing period, above the 95 percentile Anglia
Cold (or Dry) Shock Dummy =1 for temperature (or precipitation) anomalies, University of East
Pctile5 Growing Period happening during the growing period, below the 5 percentile Anglia
Moderate DD Anom Moderate degree-days anomalies (10-30°C) happening
Growing Period during the growing period NASA POWER
Extreme DD Anom Extreme degree-days anomalies (30°C) happening during
Growing Period the growing period NASA POWER
Moderate DD Anom Sq Squared term of the moderate degree-days anomalies (10-
Growing Period 30°C) happening during the growing period NASA POWER
Extreme DD Anom Sq Squared term of the extreme degree-days anomalies (30°C) NASA POWER
Growing Period happening during the growing period
Prec Anom (97-09) Precipitation anomalies NASA POWER
SPEI Standardized Precipitation-Evapotranspiration Index SPElbase

Source: Author’s compilation.
Note: NASA POWER =POWER project of the National Aeronautics and Space Administration; SPEIbase = Standardized
Precipitation—Evapotranspiration Index dataset.
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Table A.2.a—Descriptive statistics of the weather variables

Variables Obs Mean S.d. Min Max
Number of Violent Events (ACLED) 46,436 0.054 0.535 0 34
Temp Anom 46,436 1.046 0.765 -1.569 3.1
Temp Anom Sq 46,436 1.679 1.65 0 9.672
Temp Shock > 1 s.d. Growing Period 46,436 0.1673 0.373 0 1
Temp Shock > 2 s.d. Growing Period 46,436 0.036 0.186 0 1
Heat Shock > 1 s.d. Growing Period 46,436 0.157 0.364 0 1
Cold Shock > 1 s.d. Growing Period 46,436 0.01 0.101 0 1
Heat Shock > 2 s.d. Growing Period 46,436 0.036 0.185 0 1
Cold Shock > 2 s.d. Growing Period 46,436 0.0003 0.017 0 1
Heat Shock Pctile85 Growing Period 46,436 0.136 0.342 0 1
Cold Shock Pctile15 Growing Period 46,436 0.01 0.099 0 1
Heat Shock Pctile90 Growing Period 46,436 0.096 0.294 0 1
Cold Shock Pctile10 Growing Period 46,436 0.005 0.068 0 1
Heat Shock Pctile95 Growing Period 46,436 0.053 0.224 0 1
Cold Shock Pctile5 Growing Period 46,436 0.001 0.037 0 1
Prec Anom 46,436 -0.002 0.813 -2.212 6.893
Prec Anom Sq 46,436 0.661 1.734 0 47.519
Prec Shock > 1 s.d. Growing Period 46,436 0.042 0.2 0 1
Prec Shock > 2 s.d. Growing Period 46,436 0.006 0.075 0 1
Dry Shock > 1 s.d. Growing Period 46,436 0.019 0.136 0 1
Wet Shock > 1 s.d. Growing Period 46,436 0.023 0.15 0 1
Dry Shock > 2 s.d. Growing Period 46,436 0.0002 0.013 0 1
Wet Shock > 2 s.d. Growing Period 46,436 0.006 0.074 0 1
Dry Shock Pctile15 Growing Period 46,436 0.019 0.138 0 1
Wet Shock Pctile85 Growing Period 46,436 0.023 0.151 0 1
Dry Shock Pctile10 Growing Period 46,436 0.012 0.108 0 1
Wet Shock Pctile90 Growing Period 46,436 0.014 0.119 0 1
Dry Shock Pctile5 Growing Period 46,436 0.006 0.076 0 1
Wet Shock Pctile95 Growing Period 46,436 0.007 0.082 0 1
SPEI 46,428 -0.722 1.053 -7.001 6.96

Table A.2.b—NASA POWER dataset

Variables Obs Mean S.d. Min Max
Number of Violent Events (ACLED) 12,532 0.199 1.117 0 39
Moderate DD Anom Growing Period 12,532 -0.002 0.589 -3.817 3.067
Extreme DD Anom Growing Period 12,532 -0.006 0.266 -2.656 4.364
Moderate DD Anom Sq Growing Period 12,532 0.347 1.05 0 14.566
Extreme DD Anom Sq Growing Period 12,532 0.07 0.675 0 19.048
Prec Anom (97-09) 12,532 -0.0 0.961 -2.759 3.307

Source: Authors’ calculation based on ACLED, UEA CRU-TS, SPEIbase, and NASA POWER.
Note: NASA POWER = POWER project of the National Aeronautics and Space Administration. Obs = number of
observations; S.d. = standard deviation; Min = minimum; Max = maximum.
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Figure A.2.a—Graphs of the time series
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Source: Authors’ calculation based on ACLED and UEA CRU-TS.

Note: Temp Anom = temperature anomalies; s.d. = standard deviation; Grow. Per. = growing period; Temp Shocks =
temperature shocks.
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Figure A.2.b—Location of violent events
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Number of temperature shocks greater than 1 standard deviation during the growing period
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Source: Authors’ calculation based on ACLED and UEA CRU-TS.
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Table A.3—Effects of temperature shocks on violent conflict, model at the quarterly level

(1 (2 ) (4) (5) (6) 7 8 9 (10) (11)
Number of Violent Events (ACLED)
Temo Anom 0.022***  -0.003 0.019**  0.017*** 0.019* 0.017*** 0.018**  0.016*™  0.016**
P (0.007) (0.012)  (0.007) (0.006) (0.007) (0.006) (0.007) (0.007)  (0.006)
Temp Anom S 0.013"
P q (0.007)
Temp Shock > 1 s.d. Growing Period 0.031"
h (0.014)
. . 0.077**
Temp Shock > 2 s.d. Growing Period (0.034)
. . 0.032**
Heat Shock > 1 s.d. Growing Period (0.015)
Cold Shock > 1 s.d. Growing Period 0.023
e (0.023)
Heat Shock > 2 s.d. Growing Period 0.078"
.d. (0.035)
. . -0.007
Cold Shock > 2 s.d. Growing Period (0.034)
. . . 0.034**
Heat Shock Pctile85 Growing Period (0.017)
. : . -0.012
Cold Shock Pctile15 Growing Period (0.017)
. . . 0.057**
Heat Shock Pctile90 Growing Period (0.023)
. . . 0.008
Cold Shock Pctile10 Growing Period (0.022)
. . . 0.072**
Heat Shock Pctile95 Growing Period (0.033)
. . . -0.007
Cold Shock Pctile5 Growing Period (0.032)
. . -0.038**  -0.04**
Moderate DD Anom Growing Period (0.016)  (0.015)
. . 0.048 0.08**
Extreme DD Anom Growing Period (0.033)  (0.034)
Moderate DD Anom Sq Growing 0.009
Period (0.015)
Extreme DD Anom Sq Growing Period ('00'(;)122)
Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 12,532 12,532
Grid-cells 893 893 893 893 893 893 893 893 893 241 241
R-squared 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.03 0.09 0.09

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Notes:  Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and time-trend effects; night-lights; and the

growing period variable defined at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED =

Armed Conflict Location and Event Dataset. *p <.1. **p < .05. ¥**p < .01.
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Table A.4—Effects of temperature shocks on violent conflict, model at the quarterly level without time-trend effects and night-lights

density
(1) ) 3) 4) ) (6) (7) (8) 9) (10) (11)
Number of Violent Events (ACLED)
Temp Anom 0.027***  0.001 0.025***  0.022***  0.025*** 0.022***  0.023***  0.021*** 0.021***
P (0.009) (0.012)  (0.008) (0.008) (0.008)  (0.008) (0.008) (0.008)  (0.008)
Temp Anom Sq 0.013"
(0.006)
. . 0.026**
Temp Shock > 1 s.d. Growing Period (0.013)
Temp Shock > 2 s.d. Growing Period 0.085™
h (0.03)
. . 0.028**
Heat Shock > 1 s.d. Growing Period (0.014)
. . 0.01
Cold Shock > 1 s.d. Growing Period (0.026)
. . 0.086**
Heat Shock > 2 s.d. Growing Period (0.03)
. . -0.002
Cold Shock > 2 s.d. Growing Period (0.035)
. . . 0.0324*
Heat Shock Pctile85 Growing Period (0.0164)
. . . -0.0245
Cold Shock Pctile15 Growing Period (0.0168)
i i i 0.059***
Heat Shock Pctile90 Growing Period (0.022)
. . . -0.011
Cold Shock Pctile10 Growing Period (0.026)
0.08**
Heat Shock Pctile95 Growing Period (0.032)
Cold Shock Pctile5 Growing Period “0.031
g (0.046)
. . -0.057**  -0.059**
Moderate DD Anom Growing Period (0.023) (0.022)
. . 0.046 0.061**
Extreme DD Anom Growing Period (0.036) (0.028)
. . 0.005
Moderate DD Anom Sq Growing Period (0.015)
Extreme DD Anom Sq Growing Period ('8'&03)
Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 12,532 12,532
Grid-cells 893 893 893 893 893 893 893 893 893 241 241
R-squared 0.004 0.004 0.004 0.005 0.004 0.005 0.004 0.005 0.005 0.011 0.011
Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes:

Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed and time-fixed effects and the growing period variable defined

at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event

Dataset. *p <.1. **p < .05. ***p < .01.
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Table A.5—Effects of weather shocks on violent conflict, model at the quarterly level

(1

(2)

©)

(4)

(%) (6)

Number of Violent Events (ACLED)

)

(8)

9

(10)

(11)

Prec Anom
Temp Anom
Prec Anom Sq

Temp Anom Sq

Prec Shock > 1 s.d.
Growing Period

Temp Shock > 1 s.d.

Growing Period
Prec Shock > 2 s.d.
Growing Period

Temp Shock > 2 s.d.

Growing Period
Dry Shock > 1 s.d.
Growing Period
Wet Shock > 1 s.d.
Growing Period
Heat Shock > 1 s.d.
Growing Period
Cold Shock > 1 s.d.
Growing Period
Dry Shock > 2 s.d.
Growing Period
Wet Shock > 2 s.d.
Growing Period
Heat Shock > 2 s.d.
Growing Period
Cold Shock > 2 s.d.
Growing Period
Dry Shock Pctile15
Growing Period
Wet Shock Pctile85
Growing Period
Heat Shock Pctile85
Growing Period
Cold Shock Pctile15
Growing Period

0.005

(0.005)
0.022***
(0.007)

0.002
(0.005)
-0.002
(0.011)
0.002
(0.003)
0.013*
(0.007)

0.004

(0.005)
0.02+**
(0.007)

0.013
(0.017)
0.03**
(0.013)

0.006

(0.005)
0.018**
(0.008)

-0.045
(0.033)
0.077**
(0.034)

0.006
(0.005)
0.018***
(0.006)

0.004
(0.005)
0.02+**
(0.007)

0.007
(0.024)
0.017
(0.033)
0.031**
(0.015)
0.021
(0.023)
-0.024
(0.028)
-0.046
(0.034)
0.078**
(0.035)
-0.005
(0.035)

0.003

(0.005)
0.019***
(0.007)

-0.006
(0.027)
0.022
(0.033)
0.034**
(0.017)
-0.013
(0.016)

0.003
(0.005)
0.017**
(0.007)

0.006

(0.005)
0.017***
(0.007)
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Table A.5—Continued

(1) (2)

() (4) (5) (6)

@) (8) (9) (10)

(11)

Number of Violent Events (ACLED)

Dry Shock Pctile10
Growing Period
Wet Shock Pctile90
Growing Period
Heat Shock Pctile90
Growing Period
Cold Shock Pctile10
Growing Period

Dry Shock Pctile5 Growing
Period

Wet Shock Pctile95
Growing Period
Heat Shock Pctile95
Growing Period
Cold Shock Pctile5
Growing Period

Prec Anom (97-09)

Moderate DD Anom
Growing Period

Extreme DD Anom Growing
Period

Moderate DD Anom Sq
Growing Period

Extreme DD Anom Sq
Growing Period

-0.004
(0.03)
0.022
(0.05)
0.056**
(0.022)
0.006
(0.022)
0.027
(0.049)
-0.03
(0.03)
0.072**
(0.032)
-0.006
(0.032)
0.005
(0.011)
-0.038**
(0.016)
0.048
(0.033)

0.005
(0.011)
-0.04**
(0.015)
0.081*
(0.034)
0.009

Observations 46,436

46,436
Grid-cells 893 893
R-squared 0.029 0.029

46,436

46,436 46,436

46,436
893 893 893 893
0.029 0.03 0.029 0.03

46,436
893 893 893 241
0.029 0.03 0.03 0.09

46,436 46,436 12,532

Source:
Notes:

Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and time-trend effects; night-lights; and the
growing period variable defined at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED =
Armed Conflict Location and Event Dataset.

*p <.1.**p <.05. *¥**p < 01.
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Table A.6—Effects of weather shocks on violent conflict, model at the quarterly level with the
Standardized Precipitation—Evapotranspiration Index

(1) ) (3) (4) (5) (6) (7) (8) (9)
Number of Violent Events (ACLED)

0.003 0.0 0.002 0.003 0.002 0.003 0.003 0.002 0.003

(0.006)  (0.005) (0.006)  (0.008) (0.006) (0.006)  (0.006) (0.006) (0.006)
0.023** -0.003  0.02**  0.018* 0.02* 0.018* 0.019* 0.017** 0.017*

(0.008) (0.012) (0.008)  (0.007) (0.008) (0.007)  (0.008) (0.007) (0.007)
0.013*

SPEI
Temp Anom

Temp Anom Sq (0.007)

Temp Shock > 1 s.d. 0.03*

Growing Period (0.014)

Temp Shock > 2 s.d. 0.077**

Growing Period (0.034)

Heat Shock > 1 s.d. 0.031*

Growing Period (0.015)

Cold Shock > 1 s.d. 0.022

Growing Period (0.023)

Heat Shock > 2 s.d. 0.078**

Growing Period (0.034)

Cold Shock > 2 s.d. -0.009

Growing Period (0.036)

Heat Shock Pctile85 0.034**

Growing Period (0.017)

Cold Shock Pctile15 -0.013

Growing Period (0.017)

Heat Shock Pctile90 0.057**

Growing Period (0.023)

Cold Shock Pctile10 0.007

Growing Period (0.022)

Heat Shock Pctile95 0.072**
Growing Period (0.032)
Cold Shock Pctile5 -0.008
Growing Period (0.032)

Observations 46,428 46,428 46,428 46,428 46,428 46,428 46,428 46,428 46,428
Grid-cells 893 893 893 893 893 893 893 893 893
R-squared 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.03 0.03

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and SPElIbase.

Notes:  Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed,
and time-trend effects; night-lights; and the growing period variable defined at the state level (except for regressions in
columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location
and Event Dataset.

*p <.1.**p <.05. *¥**p < 01.
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Table A.7—Effects of weather shocks on violent conflict, model at the quarterly level with the time lags of the weather variables

(2)

@)

(4)

(5) (6) (7)

Number of Violent Events (ACLED)

8)

9)

(10)

(11)

Prec Anom

Prec Anom (t-1)
Temp Anom

Temp Anom (t-1)
Prec Anom Sq
Prec Anom Sq (t-1)
Temp Anom Sq

Temp Anom Sq (t-1)

Prec Shock > 1 s.d.
Growing Period

Prec Shock > 1 s.d.
Growing Period (t-1)

Temp Shock > 1 s.d.

Growing Period

Temp Shock > 1 s.d.

Growing Period (t-1)
Prec Shock > 2 s.d.
Growing Period

Prec Shock > 2 s.d.
Growing Period (t-1)

Temp Shock > 2 s.d.

Growing Period

Temp Shock > 2 s.d.

Growing Period (t-1)
Dry Shock > 1 s.d.
Growing Period

Dry Shock > 1 s.d.
Growing Period (t-1)
Wet Shock > 1 s.d.
Growing Period
Wet Shock > 1 s.d.
Growing Period (t-1)

0.001
(0.005)
0.004
(0.005)
-0.006
(0.012)
-0.029*
(0.011)
0.002
(0.003)
-0.003
(0.003)
0.013**
(0.007)
0.018***
(0.006)

0.004
(0.005)
-0.001
(0.004)

0.019***
(0.008)

0.003
(0.008)

0.014
(0.018)
-0.005

0.005
(0.005)
-0.002
(0.004)

0.016***

(0.006)
0.001
(0.007)

-0.039
(0.035)
0.064
(0.04)
0.081**
(0.036)
0.069
(0.046)

0.003 0.005 0.002
(0.005)  (0.005)  (0.005)
-0.002 -0.002 -0.002

(0.004)  (0.004)  (0.004)
0.019*  0.015**  0.017***
(0.006)  (0.006)  (0.008)
0.002 0.001 0.001
(0.007)  (0.007)  (0.007)

0.008
(0.023)
-0.036
(0.026)
0.018
(0.034)
0.019
(0.023)

0.002

(0.005)
-0.003
(0.004)
0.015**
(0.008)

-0.0
(0.007)

0.005
(0.005)
-0.001
(0.004)
0.015*
(0.006)
0.001
(0.007)
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Table A.7—Continued

(1

(2) @) (4) (5)

(6)

Number of Violent Events (ACLED)

(7)

8)

9)

(10)

(11)

Heat Shock > 1 s.d.
Growing Period
Heat Shock > 1 s.d.
Growing Period (t-1)
Cold Shock > 1 s.d.
Growing Period
Cold Shock > 1 s.d.
Growing Period (t-1)
Dry Shock > 2 s.d.
Growing Period

Dry Shock > 2 s.d.
Growing Period (t-1)
Wet Shock > 2 s.d.
Growing Period
Wet Shock > 2 s.d.
Growing Period (t-1)
Heat Shock > 2 s.d.
Growing Period
Heat Shock > 2 s.d.
Growing Period (t-1)
Cold Shock > 2 s.d.
Growing Period
Cold Shock > 2 s.d.
Growing Period (t-1)
Dry Shock Pctile15
Growing Period

Dry Shock Pctile15
Growing Period (t-1)
Wet Shock Pctile85
Growing Period
Wet Shock Pctile85
Growing Period (t-1)
Heat Shock Pctile85
Growing Period
Heat Shock Pctile85
Growing Period (t-1)
Cold Shock Pctile15
Growing Period
Cold Shock Pctile15
Growing Period (t-1)
Dry Shock Pctile10
Growing Period

0.03**
(0.014)
0.015
(0.01)
0.021
(0.022)
-0.017
(0.026)

-0.025
(0.031)
-0.058*
(0.033)
-0.04
(0.036)
0.068*
(0.041)
0.082**
(0.037)
0.069
(0.046)
-0.01
(0.034)
0.06**
(0.028)

-0.006
(0.026)
-0.039
(0.026)
0.023
(0.034)
0.003
(0.021)
0.034**
(0.016)
0.021*
(0.012)
-0.014
(0.017)
-0.036
(0.031)

-0.002
(0.03)
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Table A.7—Continued

(1) (2) 3) (4) ) (6) (7) (8) 9) (10) (11)
Number of Violent Events (ACLED)

Dry Shock Pctile10 -0.022

Growing Period (t-1) (0.035)

Wet Shock Pctile90 0.025

Growing Period (0.051)

Wet Shock Pctile90 0.025

Growing Period (t-1) (0.03)

Heat Shock Pctile90 0.056*

Growing Period (0.022)

Heat Shock Pctile90 0.038*

Growing Period (t-1) (0.017)

Cold Shock Pctile10 0.005

Growing Period (0.022)

Cold Shock Pctile10 -0.005

Growing Period (t-1) (0.033)

Dry Shock Pctile5 0.033
Growing Period (0.049)
Dry Shock Pctile5 0.046
Growing Period (t-1) (0.06)
Wet Shock Pctile95 -0.026
Growing Period (0.031)
Wet Shock Pctile95 0.039
Growing Period (t-1) (0.034)
Heat Shock Pctile95 0.072**
Growing Period (0.032)
Heat Shock Pctile95 0.057*
Growing Period (t-1) (0.032)
Cold Shock Pctile5 -0.008
Growing Period (0.032)
Cold Shock Pctile5 0.063
Growing Period (t-1) (0.078)
Prec Anom (97-09) (8885) (8882)

0.01 0.009

Prec Anom (97-09) (t-1) (0.011) (0.011)

Moderate DD Anom -0.034** -0.037***
Growing Period (0.014) (0.014)
Moderate DD Anom -0.056* -0.057*
Growing Period (t-1) (0.031) (0.031)
Extreme DD Anom 0.055* 0.088***
Growing Period (0.031) (0.033)
Extreme DD Anom 0.017 0.025
Growing Period (t-1) (0.022) (0.037)
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Table A.7—Continued

(1

@)

(4)

(5)

(6)

Number of Violent Events (ACLED)

(7)

8)

9)

(10)

(11)

Moderate DD Anom Sq 0.007
Growing Period (0.015)
Moderate DD Anom Sq 0.001

Growing Period (t-1) (0.008)
Extreme DD Anom Sq -0.02

Growing Period (0.012)
Extreme DD Anom Sq -0.006
Growing Period (t-1) (0.016)
Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 12,291 12,291
Grid-cells 893 893 893 893 893 893 893 893 893 241 241

R-squared 0.029 0.030 0.029 0.030 0.029 0.030 0.029 0.030 0.030 0.094 0.094

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Notes:  Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and time-trend effects; night-lights; and the

growing period variable defined at the state level (except for regressions in columns 1 and 2). The description of the weather variables is given in Table A.1. ACLED =
Armed Conflict Location and Event Dataset.
*p <.1. ¥*¥p < .05. ¥**p < .01.
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Table A.8—Effects of weather shocks on violent conflict, model at the quarterly level

(1) ) (3) (4) ) (6) (7) (8) 9)
Number of Violent Events (ACLED)

Prec Anom (97- 0.002 0.00 0.002 0.002 0.002 0.002 0.002 0.003 0.002
09) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
0.022=*  -0.002 0.019*~  0.018**  0.019***  0.017***  0.018*** 0.016** 0.017*
(0.007) (0.012) (0.007) (0.006) (0.007) (0.006) (0.007) (0.006) (0.006)
0.013*
(0.007)
Temp Shock > 1 0.031**
s.d. Growing
Period (0.014)
Temp Shock > 2 0.077**
s.d. Growin
Period ? (0.034)
Heat Shock > 1 0.032**
.d. Growi
ISD<-:Ariodr0Wlng (0.015)
Cold Shock > 1 0.023
.d.  Growi
Iieriod romng (0.023)
Heat Shock > 2 0.078*
s.d. Growin
Period ? (0.035)
Cold Shock > 2 -0.009
.d.  Growi
ISDeriod romng (0.034)
Heat Shock 0.035**
Pctile85
Growing Period (0.017)
Cold Shock -0.011
Pctile15
Growing Period (0.016)
Heat Shock 0.058*
Pctile90
Growing Period (0.023)
Cold Shock 0.008
Pctile10
Growing Period (0.022)
Heat Shock 0.073*
Pctile95
Growing Period (0.032)

Temp Anom

Temp Anom Sq

Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436
Grid-cells 893 893 893 893 893 893 893 893 893
R-squared 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.03 0.03

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes:  Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and
time-trend effects; night-lights; and the growing period variable defined at the state level (except for regressions in columns 1
and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.
*p <.1. ¥*¥p <.05. ¥**p < .01.
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Table A.9—Partial effects for the number of violent events

(1) 2) (3) (4) (5) (6)
Table A6. Model with Table A7. Model with Table A8. Model based

the SPEI the time lags on NASA-POWER
B/sd part. eff. B/s.d. part. eff. B/s.d. part. eff.

Temp Anom 0.017 32.46 0.016 30.46 0.017 31.03
Temp Anom + Temp Anom Sq 0.021 39.3 0.022 40.83 0.021 38.99
Temp Shock > 1 s.d. Grow. Per. 0.011 21.11 0.011 20.9 0.012 21.45
Temp Shock > 2 s.d. Grow. Per. 0.011 21.25 0.011 20.5 0.012 21.52
Heat Shock > 1 s.d. Grow. Per. 0.014 26.61 0.015 28.06 0.014 26.68
Heat Shock > 2 s.d. Grow. Per. 0.014 26.85 0.015 28.29 0.014 26.95
Heat Shock Pctile85 Grow. Per. 0.012 21.77 0.012 21.52 0.012 22.09
Heat Shock Pctile90 Grow. Per. 0.017 31.26 0.017 30.93 0.017 31.54
Heat Shock Pctile95 Grow. Per. 0.016 30.02 0.016 30.14 0.016 30.22
Moderate DD Anom Grow. Per. -0.02 -10.11
Extreme DD Anom Grow. Per. 0.015 7.37
Mod DD An GP + M DD An Sq GP -0.022 -10.87
Ext DD An GP + E DD An Sq GP 0.023 11.7

Source: Authors’ estimation based on ACLED, UEA CRU-TS, SPEIbase, and NASA POWER.

Notes:  Columns 1, 3, 5, 7, and 9 report only the coefficients that were statistically significant in the models’ equations. Degree-days
variables are not included in Tables A.6 and A.8 and thus in columns 1, 2, 5, and 6. Descriptions of the weather variables are
given in Table A.1. NASA-POWER = National Aeronautics and Space Administration POWER project; s.d. = standard
deviation; part. eff. = partial effects.

Table A.10—Effects of temperature shocks on violent conflict, model at the quarterly level without cell-
fixed effects

(1) ) 3) 4) (5) (6) (7) (8) 9) (10) (11)
Number of Violent Events (ACLED)

0.014 -0.015 0.012 0.01 0.012 0.01 0.011 0.009 0.009
(0.009) (0.015) (0.008) (0.007) (0.008) (0.008) (0.008) (0.007) (0.008)
Temp Anom 0.015*

Sq (0.008)

Temp Shock 0.027*

>1s.d.

Growing (0.015)

Period

Temp Shock 0.082*

>2s.d.

Growing (0.036)

Period

Heat Shock 0.028*

>1s.d.

Growing (0.016)

Period

Cold Shock 0.021

>1s.d.

Growing (0.03)

Period

Heat Shock 0.083**
>2s.d.

Growing (0.037)
Period

Temp Anom
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Table A.10—Continued

(1 ) @)

4) (5) (6) (7)
Number of Violent Events (ACLED)

8) ©) (10)

(11)

Cold Shock
>2s.d.
Growing
Period
Heat Shock
Pctile85
Growing
Period
Cold Shock
Pctile15
Growing
Period
Heat Shock
Pctile90
Growing
Period
Cold Shock
Pctile10
Growing
Period
Heat Shock
Pctile95
Growing
Period
Cold Shock
Pctile5
Growing
Period
Moderate
DD Anom
Growing
Period
Extreme DD
Anom
Growing
Period
Moderate
DD Anom Sq
Growing
Period
Extreme DD
Anom Sq
Growing
Period

-0.019
(0.032)
0.033*
(0.018)
-0.013

(0.013)

0.054**
(0.022)
0.008

(0.018)
0.074*
(0.033)

0.003

(0.019)

-0.044*

(0.022)

0.065*

(0.036)

-0.047*
(0.021)
0.104***
(0.03)
0.009
(0.014)
-0.024

(0.015)

Observations

R-squared 0.027 0.028

46,436 46,436 46,436 46,436 46,436
Grid-cells 893 893 893
0.028

46,436 46,436
893 893 893 893
0.028 0.028 0.028 0.028

46,436 46,436 12,532
893 893 241
0.028 0.028 0.066

12,532
241
0.066

Source:
Notes:

Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Robust standard errors, in parentheses, are clustered at the state level. All regressions include state-fixed, time-fixed, and time-

trend effects; night-lights; and the growing period variable defined at the state level (except for regressions in columns 1 and 2).
Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.

*p <.1. ¥*¥p <.05. ¥**p < .01.
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Table A.11—Effects of temperature shocks on violent conflict, model at the quarterly level without cell-fixed effects and with controls

(1

(2) (3) (4) (5) (6)
Number of Violent Events (ACLED)

(7) (8) 9)

(10)

(11)

Temp Anom

Temp Anom Sq

Temp Shock > 1 s.d.

Growing Period

Temp Shock > 2 s.d.

Growing Period

Heat Shock > 1 s.d.
Growing Period

Cold Shock > 1 s.d.
Growing Period

Heat Shock > 2 s.d.
Growing Period

Cold Shock > 2 s.d.
Growing Period

Heat Shock Pctile85
Growing Period

Cold Shock Pctile15
Growing Period

Heat Shock Pctile90
Growing Period

Cold Shock Pctile10
Growing Period

Heat Shock Pctile95
Growing Period

Cold Shock Pctile5
Growing Period

0.023**
(0.01)

-0.004 0.021*  0.018" 0.02" 0.018**
(0.016)  (0.009)  (0.008)  (0.009)  (0.009)
0.014
(0.009)
0.028*
(0.016)
0.085**
(0.037)
0.029
(0.017)
0.022
(0.03)
0.086**
(0.037)
-0.005
(0.079)

0.019*  0.017*  0.017*
(0.009)  (0.008)  (0.009)
0.034*
(0.019)
-0.016
(0.015)
0.056**
(0.024)
0.005
(0.018)
0.076*
(0.033)
0.0002
(0.033)

Moderate DD Anom -0.045** -0.048**
Growing Period (0.021) (0.021)
Extreme DD Anom 0.071* 0.113**
Growing Period (0.036) (0.033)
Moderate DD Anom Sq 0.01

Growing Period (0.015)
Extreme DD Anom Sq -0.026
Growing Period (0.015)
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Table A.11—Continued

(1) (2) (3) (4) (5) (6) (7) (8) 9) (10) (11)
Number of Violent Events (ACLED)
. 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.031 0.031
Distance to Border (Ln)
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.028) (0.028)
0.379** 0.378*** 0.379*** 0.379*** 0.379** 0.379** 0.379** 0.379** 0.379***  0.393***  0.394***
(0.112) (0.112) (0.112) (0.112) (0.112) (0.112) (0.112) (0.112) (0.112) (0.124) (0.124)

0.008* 0.008* 0.008* 0.008* 0.008* 0.008* 0.008* 0.008* 0.008* 0.023 0.023
(0.004)  (0.014)  (0.014)

0.002 0.002

Urban Grid Cell

Population (Ln)

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

. -0.01 -0.014 -0.015 -0.015 -0.015 -0.015 -0.015 -0.015 -0.014 -0.017 -0.017

Distance to Road (Ln)

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.0103) (0.01) (0.01) (0.059) (0.06)
Observations 43,680 43,680 43,680 43,680 43,680 43,680 43,680 43,680 43,680 12,064 12,064
Grid-cells 893 893 893 893 893 893 893 893 893 241 241
R-squared 0.054 0.054 0.054 0.055 0.054 0.055 0.054 0.055 0.055 0.094 0.094

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Robust standard errors, in parentheses, are clustered at the state level. All regressions include state-fixed, time-fixed, and time-trend effects; night-lights; and the growing

Notes:
period variable defined at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed

Conflict Location and Event Dataset.
*p <.1.**p < .05. ***p < .01.

Table A.12—Effects of temperature shocks on violent conflict, model at the quarterly level without cell-fixed effects and with controls

excluding cells that never experienced violent conflict
(1 (2) @) (4) (5) (6) () (8)
Number of Violent Events (ACLED)
Temp Anom 0.06** -0.025 0.049* 0.043* 0.05** 0.042* 0.045* 0.04* 0.041
(0.027) (0.042) (0.025)  (0.024)  (0.024)  (0.025)  (0.024) (0.023) (0.025)

Temp Anom Sq (()(')03119)

9) (10) (11)

0.089**

Temp Shock > 1 s.d.
(0.037)

Growing Period

Temp Shock > 2 s.d. 0.197**

Growing Period (0.071)

Heat Shock > 1 s.d. 0.087**

Growing Period (0.04)

Cold Shock > 1 s.d. 0.111

Growing Period (0.14)

Heat Shock > 2 s.d. 0.199**

Growing Period (0.071)
-0.02

Cold Shock > 2 s.d.
Growing Period (0.269)
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Table A.12—Continued

(1

@)

(4)

®)

(6) )

Number of Violent Events (ACLED)

(8) 9

(10)

(11)

Heat Shock Pctile85 0.095**

Growing Period (0.044)

Cold Shock Pctile15 -0.054

Growing Period (0.06)

Heat Shock Pctile90 0.154***

Growing Period (0.053)

Cold Shock Pctile10 0.028

Growing Period (0.082)

Heat Shock Pctile95 0.205***

Growing Period (0.07)

Cold Shock Pctile5 0.012

Growing Period (0.102)

Moderate DD Anom -0.056* -0.062*

Growing Period (0.03) (0.03)

Extreme DD Anom 0.081* 0.135***

Growing Period (0.046) (0.04)

Moderate DD Anom Sq 0.011

Growing Period (0.021)

Extreme DD Anom Sq -0.038**

Growing Period (0.015)

Population (Ln) 0.028** 0.028** 0.028** 0.028** 0.028** 0.028** 0.028** 0.028** 0.028** 0.05** 0.0503**
(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.024) (0.024)

Distance to Urban Center  -0.102** -0.1** -0.101*  -0.101* -0.101** -0.101** -0.101** -0.102** -0.101** -0.206* -0.207*

(Ln) (0.047) (0.047) (0.047) (0.047) (0.047) (0.047) (0.047) (0.047) (0.047) (0.106) (0.106)

Distance to Border (Ln) 0.013 0.014 0.013 0.013 0.014 0.013 0.013 0.014 0.013 0.038 0.038
(0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.04) (0.04)

Observations 13,572 13,572 13,572 13,572 13,572 13,572 13,572 13,572 13,572 7,124 7,124

Grid-cells 261 261 261 261 261 261 261 261 261 137 137

R-squared 0.059 0.06 0.06 0.061 0.06 0.061 0.06 0.061 0.061 0.102 0.102

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes: Robust standard errors, in parentheses, are clustered at the state level. All regressions include state-fixed, time-fixed, and time-trend effects; night-lights; and the growing
period variable defined at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed

Conflict Location and Event Dataset.

p < 1. *%p < 05, **%p < 0].
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Table A.13—Partial effects for the number of violent events

(1)

(2)

(3)

(4)

()]

(6)

Table A10. Model

without grid cell fixed

Table A11. Model

without grid cell fixed

Table A12. As in Table A11
excluding grid cells that

effects effects & with controls never experienced conflict
B/s.d part. eff. B/s.d. part. eff. B/s.d. part. eff.

Temp Anom 0.011 20.5 0.017 32.46 0.047 25.98
Temp Anom + Temp Anom Sq 0.025 47.28 0.023 42.98 0.074 40.81
Temp Shock > 1 s.d. Grow. Per. 0.01 18.75 0.01 19.3 0.035 19.28
Temp Shock > 2 s.d. Grow. Per. 0.01 18.68 0.01 19.29 0.034 18.58
Heat Shock > 1 s.d. Grow. Per. 0.015 28.23 0.016 29.27 0.042 23.25
Heat Shock > 2 s.d. Grow. Per. 0.015 28.53 0.016 29.56 0.043 23.44
Heat Shock Pctile85 Grow. Per. 0.011 21.07 0.012 21.77 0.035 19.35
Heat Shock Pctile90 Grow. Per. 0.016 29.45 0.017 30.77 0.049 27.05
Heat Shock Pctile95 Grow. Per. 0.017 30.97 0.017 31.64 0.051 27.78
Moderate DD Anom Grow. Per. -0.026 -13.12 -0.026 -13.24 -0.035 -10.16
Extreme DD Anom Grow. Per. 0.017 8.67 0.019 9.52 0.025 7.16

Mod DD An GP + M DD An Sq GP -0.028 -14.01 -0.028 -141 -0.039 -11.15
Ext DD An GP + E DD An Sq GP 0.028 13.89 0.03 15.09 -0.027+0.042 4.09

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes:

Columns 1, 3, 5, 7, and 9 report only the coefficients that were statistically significant in the models’ equations. Descriptions of the

weather variables are given in Table A.1. s.d. = standard deviation; part. eff. = partial effects.

Table A.14—Effects of temperature shocks on violent conflict, model at the monthly level

(1

(2) 3) (4) (5) (6) (7) (8) (C)]
Number of Violent Events (ACLED)

(10) (11)

Temp Anom

Temp Anom
Sq

Temp Shock
>1s.d.
Growing
Period
Temp Shock
> 2 s.d.
Growing
Period

Heat Shock
> 1 s.d.
Growing
Period

Cold Shock
>1s.d.
Growing
Period

Heat Shock
>2s.d.
Growing
Period

Cold Shock
> 2 s.d.
Growing
Period

0.004*
(0.002)

0.004**
(0.002)
0.0006

(0.0009)

0.004**
(0.002)

0.004 0.004™ 0.004™* 0.004*
(0.002) (0.002) (0.002) (0.002)

0.004**
(0.002)

0.004**
(0.002)

0.004
(0.005)
0.017

(0.012)

0.005

(0.005)

-0.007

(0.008)

0.018

(0.012)
-0.02*

(0.012)
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Table A.14—Continued

(1)

)

©)

(4)

®)

(6)

(7) (8) ©) (10)

Number of Violent Events (ACLED)

(11)

Heat Shock
Pctile85
Growing
Period
Cold Shock
Pctile15
Growing
Period
Heat Shock
Pctile90
Growing
Period
Cold Shock
Pctile10
Growing
Period
Heat Shock
Pctile95
Growing
Period
Cold Shock
Pctile5
Growing
Period
Moderate
DD Anom
Growing
Period
Extreme DD
Anom
Growing
Period
Moderate
DD Anom
Sq Growing
Period
Extreme DD
Anom Sq
Growing
Period

0.007
(0.006)
-0.009
(0.007)
0.014*
(0.008)
-0.009
(0.007)
0.022*
(0.011)
-0.016*
(0.009)
0.011*
(0.006
0.03534*

(0.016

-0.011*
(0.006)
0.021
(0.013)
0.007**

(0.003)
0.007

(0.008)

Observation
s

Grid-cells
R-squared

139,30
8
893
0.015

139,30
8
893
0.015

139,30
8
893
0.015

139,30
8
893
0.015

139,30
8
893
0.015

139,30
8
893
0.015

139,30 139,30 139,30
8 8 8
893 893
0.015 0.015

37,596
893 241
0.015 0.049

37,596
241
0.049

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and time-trend
effects; night-lights; and the growing period variable defined at the state level (except for regressions in columns 1 and 2).

Notes:

Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.

*p <.l. ¥*p<.05. F**p < .01.

41



Table A.15—Effects of temperature shocks on violent conflict, model at the monthly level with the time lags of the temperature variables

(1) (2) 3) (4) () (6) (7) (8) 9) (10) (11)
Number of Violent Events (ACLED)

Temp Anom 0.004***  0.003** 0.004**  0.003** 0.004** 0.003** 0.003** 0.003** 0.003**
(0.001) (0.001) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001) (0.001)
Temp Anom (t-1) 0.002 0.0 0.001 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Temp Anom (t-2) 0.002 -0.002 0.002 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Temp Anom Sq 0.0003
(0.001)
Temp Anom Sq (t-1) 0.001
(0.001)
Temp Anom Sq (t-2) 0.003**
(0.001)
Temp Shock > 1 s.d. Growing Period 0.003
(0.005)
Temp Shock > 1 s.d. Growing Period (t-1) 0.003
(0.003)
Temp Shock > 1 s.d. Growing Period (t-2) 0.002
(0.004)
Temp Shock > 2 s.d. Growing Period 0.015
(0.011)
Temp Shock > 2 s.d. Growing Period (t-1) 0.015*
(0.008)
Temp Shock > 2 s.d. Growing Period (t-2) 0.026**
(0.012)
Heat Shock > 1 s.d. Growing Period 0.005
(0.005)
Heat Shock > 1 s.d. Growing Period (t-1) 0.002
(0.004)
Heat Shock > 1 s.d. Growing Period (t-2) 0.004
(0.004)
Cold Shock > 1 s.d. Growing Period -0.007
(0.008)
Cold Shock > 1 s.d. Growing Period (t-1) 0.007
(0.011)
Cold Shock > 1 s.d. Growing Period (t-2) -0.012
(0.008)
Heat Shock > 2 s.d. Growing Period 0.016
(0.011)
Heat Shock > 2 s.d. Growing Period (t-1) 0.016*
(0.008)
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Table A.15—Continued

(2)

3) (4) ()
Number of Violent Events (ACLED)

(6)

9)

(10)

(11)

Heat Shock > 2 s.d. Growing Period (t-2) 0.028**
(0.012)
Cold Shock > 2 s.d. Growing Period -0.021*
(0.012)
Cold Shock > 2 s.d. Growing Period (t-1) -0.009
(0.01)
Cold Shock > 2 s.d. Growing Period (t-2) -0.02
(0.013)
Heat Shock Pctile85 Growing Period 0.007
(0.006)
Heat Shock Pctile85 Growing Period (t-1) 0.004
(0.004)
Heat Shock Pctile85 Growing Period (t-2) 0.003
(0.005)
Cold Shock Pctile15 Growing Period -0.01
(0.007)
Cold Shock Pctile15 Growing Period (t-1) -0.006
(0.006)
Cold Shock Pctile15 Growing Period (t-2) -0.008
(0.008)
Heat Shock Pctile90 Growing Period 0.014*
(0.007)
Heat Shock Pctile90 Growing Period (t-1) 0.003
(0.004)
Heat Shock Pctile90 Growing Period (t-2) 0.011*
(0.005)
Cold Shock Pctile10 Growing Period -0.01
(0.007)
Cold Shock Pctile10 Growing Period (t-1) -0.014**
(0.006)
Cold Shock Pctile10 Growing Period (t-2) -0.013*
(0.007)
Heat Shock Pctile95 Growing Period 0.02*
(0.01)
Heat Shock Pctile95 Growing Period (t-1) 0.018**
(0.007)
Heat Shock Pctile95 Growing Period (t-2) 0.017*
(0.009)
Cold Shock Pctile5 Growing Period -0.016*
(0.009)

43



Table A.15—Continued

(1) ) 3) (4) (5) (6) (7) (8) (9) (10) (11)
Number of Violent Events (ACLED)
Cold Shock Pctile5 Growing Period (t-1) -0.002
(0.007)
Cold Shock Pctile5 Growing Period (t-2) -0.011
(0.01)
Moderate DD Anom Growing Period -0.01* -0.01
(0.006) (0.006)
Moderate DD Anom Growing Period (t-1) -0.004 -0.003
(0.004) (0.004)
Moderate DD Anom Growing Period (t-2) -0.007 -0.009
(0.007) (0.007)
Extreme DD Anom Growing Period 0.035**  0.023*
(0.016)  (0.013)
Extreme DD Anom Growing Period (t-1) -0.008 -0.007
(0.011)  (0.012)
Extreme DD Anom Growing Period (t-2) 0.001 0.016
(0.014)  (0.017)
Moderate DD Anom Sq Growing Period -0.007**
(0.003)
Moderate DD Anom Sq Growing Period (t-1) 0.001
(0.003)
Moderate DD Anom Sq Growing Period (t-2) 0.001
(0.003)
Extreme DD Anom Sq Growing Period 0.007
(0.008)
Extreme DD Anom Sq Growing Period (t-1) -0.001
(0.004)
Extreme DD Anom Sq Growing Period (t-2) -0.009**
(0.004)
Observations 139,308 139,308 139,308 139,308 139,308 139,308 139,308 139,308 139,308 37,596 37,596
Grid-cells 893 893 893 893 893 893 893 893 893 241 241
R-squared 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.049 0.049

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.
Notes: Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed, and time-trend effects; night-lights; and the growing period
variable defined at the state level (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and

Event Dataset.
*p <.1. ¥*¥p <.05. ¥**p < .01.
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Table A.16—Effects of temperature shocks on violent conflict, model at the yearly level

(1

(2)

@) (4) (5)

Number of Violent Events (ACLED)

(6)

() 8)

©)

(10)

(11)

Temp Anom 0.118**  -0.373*** 0.106* 0.091* 0.099* 0.088* 0.089 0.0752 0.0881
(0.058) (0.139) (0.057)  (0.053) (0.054) (0.053) (0.054) (0.0531)  (0.0531)
Temp Anom Sq 0.251***
(0.087)
Temp Shock > 1 s.d. Growing Period 0.081**
(0.031)
Temp Shock > 2 s.d. Growing Period 0.361**
(0.18)
Heat Shock > 1 s.d. Growing Period 0.096**
(0.033)
Cold Shock > 1 s.d. Growing Period 0.002
(0.08)
Heat Shock > 2 s.d. Growing Period 0.385*
(0.19)
Cold Shock > 2s.d. Growing Period -0.063
(0.082)
Heat Shock Pctile85 Growing Period 0.116***
(0.04)
Cold Shock Pctile15 Growing Period -0.1
(0.073)
Heat Shock Pctile90 Growing Period 0.219***
(0.071)
Cold Shock Pctile10 Growing Period -0.018
(0.074)
Heat Shock Pctile95 Growing Period 0.286**
(0.11)
Cold Shock Pctile5 Growing Period 0.057
(0.123)
Moderate DD Anom Growing Period -0.55**  -0.559**
(0.23) (0.225)
Extreme DD Anom Growing Period 0.12 0.225
(0.292)  (0.289)
Moderate DD Anom Sq Growing Period 0.024
(0.312)
Extreme DD Anom Sq Growing Period -0.267
(0.286)
Observations 11,609 11,609 11,609 11,609 11,609 11,609 11,609 11,609 11,609 3,133 3,133
Grid-cells 893 893 893 893 893 893 893 893 893 241 241
R-squared 0.061 0.064 0.061 0.062 0.061 0.062 0.062 0.062 0.062 0.188 0.189

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes:

variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.

p < 1. %% < 05, **%p < 0].
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Table A.17—Partial effects for the number of violent events

(1) (2) 3) (4) (5) (6)

Table A14. Model at Table A15. Model at the Table A16. Model at the

the monthly level monthly level with the time lags yearly level

B/s.d part. eff. B/s.d. part. eff. B/s.d. part. eff.
Temp Anom 0.004 22.04 0.003 19.18 0.063 29.31
Temp Anom + Temp Anom Sq 0.003 17.7 0.003+0.005 42.36 -0.199+0.297 45.21
Temp Shock > 1 s.d. Grow. Per. 0.03 13.8
Temp Shock > 2 s.d. Grow. Per. 0.002+0.004 32.41 0.056 26.0
Heat Shock > 1 s.d. Grow. Per. 0.034 15.81
Heat Shock > 2 s.d. Grow. Per. 0.002+0.004 33.66 0.059 27.3
Heat Shock Pctile85 Grow. Per. 0.038 17.77
Heat Shock Pctile90 Grow. Per. 0.003 17.54 0.003+0.002 29.23 0.062 28.83
Heat Shock Pctile95 Grow. Per. 0.004 20.14 0.003+0.003+0.003 50.34 0.061 28.51
Moderate DD Anom Grow. Per. -0.005 -8.02 -0.004 -6.75 -0.187 -23.44
Extreme DD Anom Grow. Per. 0.007 10.73 0.008 11.3
Mod DD An GP + M DD An Sq GP '8:882‘ 1519 -0.006 85 -0.19 -23.82
Ext DD An GP + E DD An Sq GP 0.005-0.005 -0.11

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes:  Columns 1, 3, 5, 7, and 9 report only the coefficients that were statistically significant in the models’ equations. Note that columns
3 and 4 refer to the additional effect of the variables listed plus their two time lags. Descriptions of the weather variables are given
in Table A.1. s.d. = standard deviation; part. eff. = partial effects.
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Table A.18—Effects of temperature shocks on violent conflict, dynamic model at the quarterly level

(M (2) (3) (4)

(5)
Number of Violent Events (ACLED)

(6)

(7)

(8)

(9)

(10)

(11

Violent Events (t-1) 0.213**  0.212*** 0.213*** 0.212** 0.213***  0.212*** 0.213*** 0.212*** 0.212***  0.21** 0.21***
(0.037) (0.037) (0.037) (0.037) (0.037) (0.037)  (0.037)  (0.037) (0.037) (0.044) (0.044)
Temp Anom 0.023* 0.007 0.02* 0.019* 0.02* 0.019* 0.019* 0.018* 0.018*
(0.012) (0.01) (0.011) (0.01) (0.011) (0.01) (0.011)  (0.011) (0.011)
Temp Anom Sq 0.008
(0.007)
Temp Shock > 1 s.d. Growing Period 0.034**
(0.013)
Temp Shock > 2 s.d. Growing Period 0.076*
(0.04)
Heat Shock > 1 s.d. Growing Period 0.036**
(0.014)
Cold Shock > 1 s.d. Growing Period 0.014
(0.032)
Heat Shock > 2 s.d. Growing Period 0.076*
(0.04)
Cold Shock > 2 s.d. Growing Period 0.034
(0.045)
Heat Shock Pctile85 Growing Period 0.038*
(0.016)
Cold Shock Pctile15 Growing Period -0.03
(0.023)
Heat Shock Pctile90 Growing Period 0.055**
(0.021)
Cold Shock Pctile10 Growing Period -0.003
(0.024)
Heat Shock Pctile95 Growing Period 0.072*
(0.031)
Cold Shock Pctile5 Growing Period -0.018
(0.041)
Moderate DD Anom Growing Period -0.023 -0.027
(0.022) (0.022)
Extreme DD Anom Growing Period 0.058 0.114*
(0.044) (0.059)
Moderate DD Anom Sq Growing 0.006
Period (0.014)
Extreme DD Anom Sq Growing Period -0.034*
(0.02)
P-values of the Arellano-Bond Test for
ji=1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
j=2 0.9 0.9 0.896 0.898 0.896 0.897 0.898 0.903 0.901 0.613 0.607
Observations 45,543 45,543 45,543 45,543 45,543 45,543 45,543 45,543 45,543 12,291 12,291
Grid-cells 893 893 893 893 893 893 893 893 893 241 241

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes: Robust standard errors are in parentheses. All regressions include time-fixed and time-trend effects, night-lights, and the growing period variable defined at the state level (except for
regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset. *p <.1. **p <.05. ¥**p < .01.
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Table A.19—Effects of temperature shocks on violent conflict, dynamic model at the quarterly level with the spatial lags of the temperature

variables

(1

)

©)

(4)

®)

(6)

Number of Violent Events (ACLED)

()

(8)

9)

(10)

(11)

Violent Events (t-1)
Temp Anom

Temp Anom x W
Temp Anom Sq

Temp Anom Sq x W

Temp Shock > 1 s.d. Growing
Period

Temp Shock > 1 s.d. Growing
Period x W

Temp Shock > 2 s.d. Growing
Period

Temp Shock > 2 s.d. Growing
Period x W

Heat Shock > 1 s.d. Growing
Period

Heat Shock > 1 s.d. Growing
Period x W

Cold Shock > 1s.d. Growing
Period

Cold Shock > 1s.d. Growing
Period x W

Heat Shock > 2 s.d. Growing
Period

Heat Shock > 2 s.d. Growing
Period x W

Cold Shock >2s.d. Growing
Period

Cold Shock > 2 s.d. Growing
Period x W

Heat Shock Pctile85 Growing
Period

Heat Shock Pctile85 Growing
Period x W

Cold Shock Pctile15 Growing
Period

Cold Shock Pctile15 Growing
Period x W

0.212°
(0.037)
0.021*
(0.011)
0.052
(0.039)

0.21°
(0.037)
0.019
(0.011)
0.118*
(0.048)
0.001
(0.006)
0.096***
(0.026)

0.211"*
(0.037)
0.017
(0.011)
0.053
(0.041)

0.029*
(0.013)
0.158**
(0.064)

0.208"
(0.037)
0.015
(0.009)
0.031
(0.039)

0.063*
(0.035)
0.575%**
(0.216)

0.21%
(0.037)
0.018*
(0.011)
0.047
(0.039)

0.025*
(0.013)
0.149*
(0.063)
0.044
(0.034)
-0.386*
(0.231)

0.207
(0.036)
0.015
(0.009)
0.031
(0.039)

0.064*
(0.036)
0.594**
(0.215)

0.018
(0.042)
-5.733*
(3.031)

0.210"*
(0.037)
0.018
(0.011)
0.041
(0.039)

0.027*
(0.015)
0.171*
(0.067)
-0.001

(0.021)
-0.432*

(0.258)

0.209"
(0.037)
0.016
(0.011)
0.032
(0.04)

0.208"
(0.037)
0.015
(0.01)
0.035
(0.04)

0.209"**
(0.043)

0.209"**
(0.043)




Table A.19—Continued

(1) ) (3) (4) (5) (6) (7) (8) (9) (10) (11)
Number of Violent Events (ACLED)

Heat Shock Pctile90 Growing 0.043**

Period (0.02)

Heat Shock Pctile90 Growing 0.302***

Period x W (0.092)

Cold Shock Pctile10 Growing 0.02

Period (0.025)

Cold Shock Pctile10 Growing -0.438

Period x W (0.391)

Heat Shock Pctile95 Growing 0.059**

Period (0.028)

Heat Shock Pctile95 Growing 0.418***

Period x W (0.151)

Cold Shock Pctile5 Growing -0.007

Period (0.041)

Cold Shock Pctile5 Growing -0.741

Period x W (1.000)

Moderate DD Anom Growing -0.017 -0.021
Period (0.021) (0.022)
Moderate DD Anom Growing -0.656 -0.627
Period x W (0.434) (0.449)
Extreme DD Anom Growing 0.058 0.107*
Period (0.044) (0.058)
Extreme DD Anom Growing 0.023 -0.575
Period x W (1.14) (1.204)
Moderate DD Anom Sq Growing 0.005

Period (0.014)
Moderate DD Anom Sq Growing 0.235

Period x W (0.326)
Extreme DD Anom Sq Growing -0.03

Period (0.021)
Extreme DD Anom Sq Growing 0.308

Period x W (0.945)

P-values of the Arellano-Bond
Test for zero autocorrelation in
first-differenced errors of order j

j=1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
j=2 0.902 0.915 0.907 0.922 0.909 0.923 0.912 0.918 0.92 0.611 0.606
Observations 45,543 45,543 45,543 45,543 45,543 45,543 45,543 45,543 45,543 12,291 12,291
Grid-cells 893 893 893 893 893 893 893 893 893 241 241

Source: Authors’ estimation based on ACLED, UEA CRU-TS, and NASA POWER.

Notes: Robust standard errors are in parentheses. All regressions include time-fixed and time-trend effects, night-lights and corresponding spatial lag, the growing period variable defined
at the state level, and the corresponding spatial lag (except for regressions in columns 1 and 2). Descriptions of the weather variables are given in Table A.1. ACLED = Armed
Conlflict Location and Event Dataset.

*p <.1.*¥p <.05. *¥*¥*p < 01.
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Table A.20.a—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Main Crop is Maize”

(1 ) 3)

(4)

Number of Violent Events (ACLED)

(5) (6)

()

Temp Anom

Temp Shock > 1 s.d. Grow.
Per.

Temp Shock > 2 s.d. Grow.
Per.

Heat Shock > 1 s.d. Grow.
Per.

Cold Shock > 1 s.d. Grow.
Per.

Heat Shock > 2 s.d. Grow.
Per.

Cold Shock > 2 s.d. Grow.
Per.

Heat Shock Pctile85 Grow.
Per.

Cold Shock Pctile15 Grow.
Per.

Heat Shock Pctile90 Grow.
Per.

Cold Shock Pctile10 Grow.
Per.

Heat Shock Pctile95 Grow.
Per.

Cold Shock Pctile5 Grow.
Per.

Temp Shock > 1 s.d. Grow.
Per. X Main Crop is Maize
Temp Shock > 2 s.d. Grow.
Per. X Main Crop is Maize
Heat Shock > 1 s.d. Grow.
Per. X Main Crop is Maize
Cold Shock > 1 s.d. Grow.
Per. X Main Crop is Maize
Heat Shock > 2 s.d. Grow.
Per. X Main Crop is Maize
Heat Shock Pctile85 Grow.
Per. X Main Crop is Maize
Cold Shock Pctile15 Grow.
Per. X Main Crop is Maize
Heat Shock Pctile90 Grow.
Per. X Main Crop is Maize
Cold Shock Pctile10 Grow.
Per. X Main Crop is Maize
Heat Shock Pctile95 Grow.
Per. X Main Crop is Maize

0.033***

0.03**
(0.012)  (0.011)
0.035**

(0.015)

(0.012)

0.106***
(0.033)
0.036*
(0.017)
0.017
(0.044)

0.05
(0.061)
-0.021
(0.078)
0.027
(0.063)
0.471%
(0.158)

0.033***

0.029***
(0.011)

0.107%**
(0.034)
0.016
(0.052)

-0.021
(0.078)

0.031***

0.028**

(0.012)  (0.011)

0.042*

(0.02)

-0.031

(0.026)
0.075***
(0.026)
-0.009
(0.047)

-0.019
(0.06)
-0.056
(0.047)
-0.108**

(0.035)

-0.064

(0.066)

0.029**
(0.011)

0. 1 *k%k
(0.038)
-0.035
(0.07)

-0.073
(0.071)

Observations
Grid-cells
R-squared

30,212 30,212 30,212
581 581 581
0.006 0.007 0.006

30,212
581
0.007

30,212 30,212
581 581
0.006 0.007

30,212
581
0.007
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Table A.20.b—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Main Crop is Sorghum”

(1

(2) @) (4)

Number of Violent Events (ACLED)

(%)

(6) ()

Temp Anom

Temp Shock > 1 s.d. Grow. Per.

Temp Shock > 2 s.d. Grow. Per.

Heat Shock > 1 s.d. Grow. Per.
Cold Shock > 1 s.d. Grow. Per.
Heat Shock > 2 s.d. Grow. Per.

Cold Shock > 2 s.d. Grow. Per.

Heat Shock Pctile85 Grow. Per.
Cold Shock Pctile15 Grow. Per.
Heat Shock Pctile90 Grow. Per.
Cold Shock Pctile10 Grow. Per.

Heat Shock Pctile95 Grow. Per.

Cold Shock Pctile5 Grow. Per.

Temp Shock > 1 s.d. Grow. Per. X

Main Crop is Sorghum

Temp Shock > 2 s.d. Grow. Per. X

Main Crop is Sorghum

Heat Shock > 1 s.d. Grow. Per. X

Main Crop is Sorghum

Cold Shock > 1 s.d. Grow. Per. X

Main Crop is Sorghum

Heat Shock > 2 s.d. Grow. Per. X

Main Crop is Sorghum

Cold Shock > 2 s.d. Grow. Per. X

Main Crop is Sorghum

Heat Shock Pctile85 Grow. Per. X

Main Crop is Sorghum

Cold Shock Pctile15 Grow. Per. X

Main Crop is Sorghum

Heat Shock Pctile90 Grow. Per. X

Main Crop is Sorghum

Cold Shock Pctile10 Grow. Per. X

Main Crop is Sorghum

Heat Shock Pctile95 Grow. Per. X

Main Crop is Sorghum

Cold Shock Pctile5 Grow. Per. X

Main Crop is Sorghum

0.033*
(0.012)
0.043*
(0.025)

-0.013
(0.031)

0.029"
(0.011)

0.029**
(0.011)

0.0328"*
(0.012)

0.13
(0.079)
0.047
(0.028)
-0.033
(0.043)
0.13
(0.079)
0.008
(0.038)

-0.043
(0.096)
-0.018
(0.033)
0.1
(0.078)
-0.042
(0.096)
0.008
(0.057)

0.031%
(0.012)

0.051
(0.032)
-0.055*
(0.028)

-0.017
(0.036)
0.037
(0.044)

0.029*
(0.011)

0.028**
(0.011)

0.082*

(0.045)

-0.066*

(0.038)
0.129*
(0.072)
-0.012
(0.022)

-0.015
(0.054)
0.091

(0.076)
-0.057
(0.078)
-0.033
(0.098)

Observations
Grid-cells
R-squared

30,212
581
0.006

30,212 30,212 30,212
581 581 581
0.007 0.006 0.007

30,212
581
0.006

30,212 30,212
581 581
0.007 0.007
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Table A.20.c—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Main Crop is Millet”

(1)

(2) @) (4) ®)

Number of Violent Events (ACLED)

(6)

(7)

0.033***
(0.012)
0.038**
(0.016)

Temp Anom

Temp Shock > 1 s.d. Grow. Per.
Temp Shock > 2 s.d. Grow. Per.
Heat Shock > 1 s.d. Grow. Per.

Cold Shock > 1 s.d. Grow. Per.

Heat Shock > 2 s.d. Grow. Per.

Cold Shock > 2 s.d. Grow. Per.

Heat Shock Pctile85 Grow. Per.
Cold Shock Pctile15 Grow. Per.
Heat Shock Pctile90 Grow. Per.
Cold Shock Pctile10 Grow. Per.
Heat Shock Pctile95 Grow. Per.

Cold Shock Pctile5 Grow. Per.

-0.059**
(0.022)

Temp Shock > 1 s.d. Grow. Per.
X Main Crop is Millet

Temp Shock > 2 s.d. Grow. Per.
X Main Crop is Millet

Heat Shock > 1 s.d. Grow. Per. X
Main Crop is Millet

Cold Shock > 1 s.d. Grow. Per. X
Main Crop is Millet

Heat Shock > 2 s.d. Grow. Per. X
Main Crop is Millet

Heat Shock Pctile85 Grow. Per.
X Main Crop is Millet

Cold Shock Pctile15 Grow. Per.
X Main Crop is Millet

Heat Shock Pctile90 Grow. Per.
X Main Crop is Millet

Cold Shock Pctile10 Grow. Per.
X Main Crop is Millet

Heat Shock Pctile95 Grow. Per.
X Main Crop is Millet

Cold Shock Pctile5 Grow. Per. X
Main Crop is Millet

0.03**
(0.011)

0.033***
(0.012)

0.029***
(0.0110)

0.031***
(0.012)

0.112**
(0.035)
0.039*
(0.017)
0.028
(0.045)
0.113**
(0.035)
0.016
(0.052)
0.045**
(0.021)
-0.032
(0.026)

-0.095**
(0.046)
-0.059**
(0.023)
-0.069
(0.055)
-0.096**
(0.046)
-0.075***
(0.027)
-0.002
(0.033)

0.028**
(0.011)

0.078***
(0.027)
-0.009
(0.048)

-0.09***
(0.031)
-0.025
(0.053)

0.029*
(0.011)

0.105***
(0.039)
-0.034
(0.071)

-0.104**
(0.041)
-0.041

(0.07)

Observations 30,212
Grid-cells 581
R-squared 0.006

30,212 30,212 30,212 30,212
581 581 581 581
0.007 0.006 0.007 0.006

30,212
581
0.007

30,212
581
0.007
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Table A.20.d—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for
“Main Crop is Groundnut”

(1

(2) 3)

(4)

Number of Violent Events (ACLED)

®) (6) ()

Temp Anom

Temp Shock > 1 s.d. Grow. Per.

Temp Shock > 2 s.d. Grow. Per.

Heat Shock > 1 s.d. Grow.

Cold Shock > 1 s.d. Grow.

Heat Shock > 2 s.d. Grow.

Cold Shock > 2 s.d. Grow.

Heat Shock Pctile85 Grow.

Cold Shock Pctile15 Grow.

Heat Shock Pctile90 Grow.

Cold Shock Pctile10 Grow.

Heat Shock Pctile95 Grow.

Cold Shock Pctile5 Grow.

Temp Shock > 1 s.d. Grow. Per. X Main

Crop is Groundnut

Temp Shock > 2 s.d. Grow. Per. X Main

Crop is Groundnut

Heat Shock > 1 s.d. Grow.
Crop is Groundnut

Cold Shock > 1 s.d. Grow.
Crop is Groundnut

Heat Shock > 2 s.d. Grow.
Crop is Groundnut

Cold Shock > 2 s.d. Grow.
Crop is Groundnut

Heat Shock Pctile85 Grow
Crop is Groundnut

Cold Shock Pctile15 Grow
Crop is Groundnut

Heat Shock Pctile90 Grow
Crop is Groundnut

Cold Shock Pctile10 Grow
Crop is Groundnut

Heat Shock Pctile95 Grow
Crop is Groundnut

Cold Shock Pctile5 Grow.

Crop is Groundnut

Per.

Per.

Per.

Per.

Per.

Per.

Per.

Per.

Per.

Per.

Per. X Main

Per. X Main

Per. X Main

Per. X Main

. Per. X Main

. Per. X Main

. Per. X Main

. Per. X Main

. Per. X Main

Per. X Main

0.034***
(0.012)

0.025%

(0.014)

0.082

(0.063)

0.03**
(0.011)

0.033***
(0.012)

0.095**
(0.037)
0.024*
(0.014)
0.052
(0.049)

0.099
(0.152)
0.096
(0.069)
-0.137*
(0.074)

0.029***

(0.011)

0.096**

(0.037)
0.017
(0.056)

0.1
(0.153)
-0.009
(0.058)

0.031***
(0.012)

0.028**
(0.011)

0.029**
(0.011)

0.029*
(0.018)
-0.024
(0.028)
0.062**
(0.025)
0.017
(0.055)
0.077**
(0.035)
-0.04
(0.093)

0.092
(0.076)
-0.044
(0.05)
0.102
(0.106)
-0.103
(0.07)
0.17
(0.148)
0.035
(0.092)

Observations
Grid-cells
R-squared

30,212
581
0.006

30,212 30,212
581 581
0.007 0.007

30,212
581
0.007

30,212 30,212
581 581
0.007 0.007

30,212
581
0.008
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Table A.20.e—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Main Crop is Cassava”

(1)

2) (3) (4) ()
Number of Violent Events (ACLED)

(6)

()

Temp Anom

Temp Shock > 1 s.d.
Grow. Per.

Temp Shock > 2 s.d.
Grow. Per.

Heat Shock > 1 s.d.
Grow. Per.

Cold Shock > 1 s.d.
Grow. Per.

Heat Shock > 2 s.d.
Grow. Per.

Cold Shock > 2 s.d.
Grow. Per.

Heat Shock Pctile85
Grow. Per.

Cold Shock Pctile15
Grow. Per.

Heat Shock Pctile90
Grow. Per.

Cold Shock Pctile10
Grow. Per.

Heat Shock Pctile95
Grow. Per.

Cold Shock Pctile5
Grow. Per.

Temp Shock > 1 s.d.
Grow. Per. X Main Crop
is Cassava

Temp Shock > 2 s.d.
Grow. Per. X Main Crop
is Cassava

Heat Shock > 1 s.d.
Grow. Per. X Main Crop
is Cassava

Cold Shock > 1 s.d.
Grow. Per. X Main Crop
is Cassava

Heat Shock > 2 s.d.
Grow. Per. X Main Crop
is Cassava

Heat Shock Pctile85
Grow. Per. X Main Crop
is Cassava

Cold Shock Pctile15
Grow. Per. X Main Crop
is Cassava

Heat Shock Pctile90
Grow. Per. X Main Crop
is Cassava

Heat Shock Pctile95
Grow. Per. X Main Crop
is Cassava

0.033***
(0.012)
0.033**
(0.016)

0.029"**  0.033**  0.029***
(0.011)  (0.011)  (0.011)

0.031***
(0.012)

0.081***
(0.024)
0.033*
(0.017)
0.024
(0.045)
0.082***
(0.025)
0.013
(0.05)
0.036*
(0.02)
-0.034
(0.026)

0.049

(0.097)
0.249

(0.39)
0.048

(0.098)
0.051

(0.063)
0.249

(0.39)
0.074

(0.12)
0.141*

(0.056)

0.028**
(0.011)

0.063**
(0.025)
-0.012
(0.046)

0.147

(0.228)

0.029**
(0.011)

0.079**
(0.032)
-0.038
(0.069)

0.281

(0.415)
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Table A.20.e—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for
“Main Crop is Cassava”

(1) 2) (3) (4) () (6) (7)
Number of Violent Events (ACLED)
Observations 30,212 30,212 30,212 30,212 30,212 30,212 30,212
Grid-cells 581 581 581 581 581 581 581
R-squared 0.006 0.007 0.006 0.007 0.006 0.007 0.008

Source: Authors’ estimation based on ACLED and UEA CRU-TS. The sources for the interaction terms are detailed in Section 3.
Notes:  Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed,
and time-trend effects; night-lights; and the growing period variable defined at the state level. Descriptions of weather
variables given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.
*p <.1.¥*p <.05. *¥**p < 01.
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Table A.21.a—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Goat Density”

(1) (2) 3) 4) ©) (6) (7) (8)
Number of Violent Events (ACLED)

Temp Anom

Temp Shock > 1 s.d. Grow.
Per.

Temp Shock > 2 s.d. Grow.
Per.

Heat Shock > 1 s.d. Grow.
Per.

Cold Shock > 1 s.d. Grow.
Per.

Heat Shock > 2 s.d. Grow.
Per.

Cold Shock > 2 s.d. Grow.
Per.

Heat Shock Pctile85 Grow.
Per.

Cold Shock Pctile15 Grow.
Per.

Heat Shock Pctile90 Grow.
Per.

Cold Shock Pctile10 Grow.
Per.

Heat Shock Pctile95 Grow.
Per.

Cold Shock Pctile5 Grow.
Per.

Temp Anom X

Goat Density

Temp Shock > 1 s.d. Grow.
Per. X Goat Density

Temp Shock > 2 s.d. Grow.
Per. X Goat Density

Heat Shock > 1 s.d. Grow.
Per. X Goat Density

Cold Shock > 1 s.d. Grow.
Per. X Goat Density

Heat Shock > 2 s.d. Grow.
Per. X Goat Density

Cold Shock > 2 s.d. Grow.
Per. X Goat Density

Heat Shock Pctile85 Grow.
Per. X Goat Density

Cold Shock Pctile15 Grow.
Per. X Goat Density

Heat Shock Pctile90 Grow.
Per. X Goat Density

Cold Shock Pctile10 Grow.
Per. X Goat Density

Heat Shock Pctile95 Grow.
Per. X Goat Density

Cold Shock Pctile5 Grow.
Per. X Goat Density

0.027** 0.026"* 0.023*** 0.025"* 0.023** 0.024** 0.022"** 0.022"**
(0.01)  (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)  (0.008)
0.007

(0.011)
0.044
(0.028)
0.009
(0.012)
-0.006
(0.025)
0.045
(0.028)
-0.012
(0.037)
0.011
(0.014)
-0.008
(0.02)
0.036*
(0.019)
0.012
(0.029)
0.036
(0.025)
-0.039
0.0001 (0049)
(0.0003)
0.001*
(0.001)
0.002*
(0.001)
0.001
(0.001)
0.001
(0.002)
0.002*
(0.001)
0.001*
(0.0003)
0.001
(0.001)
-0.001*
(0.001)
0.001
(0.001)
-0.001*
(0.001)
0.002*
(0.001)
0.0004
(0.001)

Observations
Grid-cells
R-squared

46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436
893 893 893 893 893 893 893 893
0.004 0.005 0.005 0.005 0.005 0.005 0.005 0.006
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Table A.21.b—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for
“Pastoral and Agropastoral Groups”

(1 (2) 3) 4) (5) (6) (7)
Number of Violent Events (ACLED)

(8)

Temp Anom

Temp Shock > 1 s.d. Grow.
Per.

Temp Shock > 2 s.d. Grow.
Per.

Heat Shock > 1 s.d. Grow.
Per.

Cold Shock > 1 s.d. Grow.
Per.

Heat Shock > 2 s.d. Grow.
Per.

Cold Shock > 2 s.d. Grow.
Per.

Heat Shock Pctile85 Grow.
Per.

Cold Shock Pctile15 Grow.
Per.

Heat Shock Pctile90 Grow.
Per.

Cold Shock Pctile10 Grow.
Per.

Heat Shock Pctile95 Grow.
Per.

Cold Shock Pctile5 Grow.
Per.

Temp Anom X

Pastoral & AgroPastoral
Groups

Temp Shock > 1 s.d. Grow.
Per. X Pastoral &
AgroPastoral Groups
Temp Shock > 2 s.d. Grow.
Per. X Pastoral &
AgroPastoral Groups

Heat Shock > 1 s.d. Grow.
Per. X Pastoral &
AgroPastoral Groups

Cold Shock > 1 s.d. Grow.
Per. X Pastoral &
AgroPastoral Groups

Heat Shock > 2 s.d. Grow.
Per. X Pastoral &
AgroPastoral Groups

Heat Shock Pctile85 Grow.
Per. X Pastoral &
AgroPastoral Groups

Cold Shock Pctile15 Grow.
Per. X Pastoral &
AgroPastoral Groups

Heat Shock Pctile90 Grow.
Per. X Pastoral &
AgroPastoral Groups

Cold Shock Pctile10 Grow.
Per. X Pastoral &
AgroPastoral Groups

0.019"* 0.026* 0.023"** 0.025"* 0.023"* 0.024"* 0.022*
(0.007)  (0.008) (0.008) (0.008) (0.008)  (0.008)  (0.008)
0.015
(0.012)
0.045*
(0.023)
0.015
(0.013)
0.023
(0.027)
0.045*
(0.023)
-0.003
(0.035)
0.016
(0.014)
-0.018
(0.017)
0.034*
(0.018)
0.006
(0.024)
0.062**
(0.03)
0.065*
(0.039)
0.157
(0.097)
0.072*
(0.041)
-0.189*
(0.091)
0.157
(0.097)
0.083*
(0.045)
-0.143
(0.1)
0.125*
(0.073)
0.277*
(0.131)

0.023***
(0.008)

0.037*
(0.02)

-0.002
(0.024)
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Table A.21.b—Continued

(1)

(2)

@)

(4)

®)

Number of Violent Events (ACLED)

(6)

()

(8)

Heat Shock Pctile95 Grow.

0.204*
Per. X Pastoral &
AgroPastoral Groups (0.116)
Cold Shock Pctile5 Grow. -0.97**
Per. X Pastoral &
AgroPastoral Groups (0.031)
Observations 44,668 44,668 44,668 44,668 44,668 44,668 44,668 44,668
Grid-cells 859 859 859 859 859 859 859 859
R-squared 0.005 0.005 0.006 0.005 0.006 0.005 0.006 0.007
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Table A.21.c—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Near to Major River”

(1

(2) 3) (4)
Number of Violent Events (ACLED)

®)

(6) () (8)

Temp Anom 0(01314)
Temp Shock > 1 s.d.

Grow. Per.

Temp Shock > 2 s.d.

Grow. Per.

Heat Shock > 1 s.d. Grow.

Per.

Cold Shock > 1 s.d. Grow.

Per.

Heat Shock > 2 s.d. Grow.

Per.

Cold Shock > 2 s.d. Grow.

Per.

Heat Shock Pctile85

Grow. Per.

Cold Shock Pctile15

Grow. Per.

Heat Shock Pctile90

Grow. Per.

Cold Shock Pctile10

Grow. Per.

Heat Shock Pctile95

Grow. Per.

Cold Shock Pctile5 Grow.

Per.

Temp Anom X -0.129*
Near to Major River (0.05)

Temp Shock > 1 s.d.
Grow. Per. X Near to
Major River

Temp Shock > 2 s.d.
Grow. Per. X Near to
Maijor River

Heat Shock > 1 s.d. Grow.
Per. X Near to Major River
Cold Shock > 1 s.d. Grow.
Per. X Near to Major River
Heat Shock > 2 s.d. Grow.
Per. X Near to Major River
Cold Shock > 2 s.d. Grow.
Per. X Near to Major River
Heat Shock Pctile85
Grow. Per. X Near to
Maijor River

Cold Shock Pctile15
Grow. Per. X Near to
Major River

Heat Shock Pctile90
Grow. Per. X Near to
Maijor River

Cold Shock Pctile10
Grow. Per. X Near to
Major River

0.092"* 0.081** 0.088*  0.081**
(0.034) (0.032) (0.034)  (0.032)
0.047***
(0.018)
0.126**
(0.054)
0.052***
(0.02)
-0.01
(0.025)
0.126**
(0.054)
0.161**
(0.055)
-0.065***
(0.019)
-0.107*
(0.063)
-0.071***
(0.02)
0.019
(0.034)
-0.105*
(0.063)
-0.238***
(0.074)
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0.084*  0.071** 0.075™
(0.033)  (0.032)  (0.033)
0.06**
(0.023)
-0.028
(0.026)
0.101***
(0.035)
-0.013
(0.05)
0.121**
(0.051)
-0.031
(0.062)
-0.079**
(0.023)
0.014
(0.021)
-0.101%*
(0.033)
0.006
(0.046)



Table A.21.c—Continued

(1

(2)

3)

(4)

®)

Number of Violent Events (ACLED)

(6)

()

(8)

Heat Shock Pctile95 -0.083
Grow. Per. X Near to

Major River (0.053)
Cold Shock Pctile5 Grow. -0.002
Per. X Near to Major River (0.059)
Observations 12,480 12,480 12,480 12,480 12,480 12,480 12,480 12,480
Grid-cells 240 240 240 240 240 240 240 240
R-squared 0.015 0.016 0.018 0.016 0.018 0.016 0.019 0.019
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Table A.21.d—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for

“Share of Irrigated Land”

(1

(2) (3) (4) ©) (6) (7) (8)
Number of Violent Events (ACLED)

Temp Anom (z(%gg)
Temp Shock > 1 s.d.
Grow. Per.

Temp Shock > 2 s.d.
Grow. Per.

Heat Shock > 1 s.d.
Grow. Per.

Cold Shock > 1 s.d.
Grow. Per.

Heat Shock > 2 s.d.
Grow. Per.

Cold Shock > 2 s.d.
Grow. Per.

Heat Shock Pctile85
Grow. Per.

Cold Shock Pctile15
Grow. Per.

Heat Shock Pctile90
Grow. Per.

Cold Shock Pctile10
Grow. Per.

Heat Shock Pctile95
Grow. Per.

Cold Shock Pctile5
Grow. Per.

Temp Anom X

Share of Irrigated Land
Temp Shock > 1 s.d.
Grow. Per. X Share of
Irrigated Land

Temp Shock > 2 s.d.
Grow. Per. X Share of
Irrigated Land

Heat Shock > 1 s.d.
Grow. Per. X Share of
Irrigated Land

Cold Shock > 1 s.d.
Grow. Per. X Share of
Irrigated Land

Heat Shock > 2 s.d.
Grow. Per. X Share of
Irrigated Land

Cold Shock > 2 s.d.
Grow. Per. X Share of
Irrigated Land

Heat Shock Pctile85
Grow. Per. X Share of
Irrigated Land

Cold Shock Pctile15
Grow. Per. X Share of
Irrigated Land

Heat Shock Pctile90
Grow. Per. X Share of
Irrigated Land

-0.001**
(0.0003)

0.026* 0.024™ 0.026"* 0.023"* 0.025™* 0.022* 0.023"**
(0.008)  (0.008)  (0.008)  (0.008)  (0.008)  (0.008)  (0.008)
0.027*
(0.013)
0.086***
(0.031)
0.029*
(0.014)
0.01
(0.027)
0.087***
(0.031)
0.001
(0.037)
0.033**
(0.017)
-0.025
(0.017)
0.061***
(0.022)
-0.012
(0.027)
0.081**
(0.033)
-0.032
(0.049)
-0.002***
(0.001)
-0.003**
(0.001)
-0.002***
(0.001)
-0.0002
(0.001)
-0.003**
(0.001)
0.001
(0.004)
-0.002***
(0.001)
0.001
(0.001)
-0.003***
(0.001)
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Table A.21.d—Continued

(1

) ©)

(4)

®)

Number of Violent Events (ACLED)

8)

Cold Shock Pctile10 0.001
Grow. Per. X Share of

Irrigated Land (0.001)

Heat Shock Pctile95 -0.003***
Grow. Per. X Share of

Irrigated Land (0.001)
Cold Shock Pctile5 0.001
Grow. Per. X Share of

Irrigated Land (0.001)
Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436
Grid-cells 893 893 893 893 893 893 893 893
R-squared 0.004 0.004 0.005 0.005 0.005 0.005 0.005 0.005
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Table A.21.e—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for
“Market Accessibility”

(1) (2) (3) (4) (5) (6) (7) (8)
Number of Violent Events (ACLED)

Temp Anom

Temp Shock > 1 s.d.
Grow. Per.

Temp Shock > 2 s.d.
Grow. Per.

Heat Shock > 1 s.d.
Grow. Per.

Cold Shock > 1 s.d.
Grow. Per.

Heat Shock > 2 s.d.
Grow. Per.

Cold Shock > 2 s.d.
Grow. Per.

Heat Shock Pctile85
Grow. Per.

Cold Shock Pctile15
Grow. Per.

Heat Shock Pctile90
Grow. Per.

Cold Shock Pctile10
Grow. Per.

Heat Shock Pctile95
Grow. Per.

Cold Shock Pctile5
Grow. Per.

Temp Anom X
Market Accessibility
Temp Shock > 1 s.d.
Grow. Per. X Market
Accessibility

Temp Shock > 2 s.d.
Grow. Per. X Market
Accessibility

Heat Shock > 1 s.d.
Grow. Per. X Market
Accessibility

Cold Shock > 1 s.d.
Grow. Per. X Market
Accessibility

Heat Shock > 2 s.d.
Grow. Per. X Market
Accessibility

Cold Shock > 2 s.d.
Grow. Per. X Market
Accessibility

Heat Shock Pctile85
Grow. Per. X Market
Accessibility

Cold Shock Pctile15
Grow. Per. X Market
Accessibility

Heat Shock Pctile90
Grow. Per. X Market
Accessibility

0.029***

(0.008)

-0.057
(0.043)

0.026™*  0.024**  0.026"*
(0.008)  (0.008)  (0.008)
0.027**
(0.013)
0.086***
(0.03)
0.029**
(0.014)
0.011
(0.026)

-0.059**
(0.022)
-0.156**
(0.039)
-0.055%**

(0.017)
-0.084
(0.09)

0.023***
(0.008)

0.025***
(0.008)

0.022***
(0.008)

0.023***
(0.008)

0.087***
(0.031)
0.029
(0.022)
0.033**
(0.017)
-0.024
(0.017)
0.06***
(0.022)
-0.01
(0.027)
0.081**
(0.033)
-0.026
(0.048)

-0.133%*
(0.035)
-0.393**
(0.018)
-0.057**
(0.019)
-0.0004
(0.054)
-0.067**
(0.021)
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Table A.21.e—Effects of temperature shocks on violent conflict: Heterogeneity of the effects for
“Market Accessibility”

(1) 2) (3) (4) () (6) (7) (8)
Number of Violent Events (ACLED)
Cold Shock Pctile10 -0.046
Grow. Per. X Market
Accessibility (0.094)
Heat Shock Pctile95 -0.099***
Grow. Per. X Market
Accessibility (0.028)
Cold Shock Pctile5 -0.129
Grow. Per. X Market
Accessibility (0.157)
Observations 46,436 46,436 46,436 46,436 46,436 46,436 46,436 46,436
Grid-cells 893 893 893 893 893 893 893 893
R-squared 0.004 0.004 0.005 0.004 0.005 0.005 0.005 0.005
Source: Authors’ estimation based on ACLED and UEA CRU-TS. The sources for the interaction terms are detailed in
Section 3.

Notes: Robust standard errors, in parentheses, are clustered at the county level. All regressions include cell-fixed, time-fixed,
and time-trend effects; night-lights; and the growing period variable defined at the state level. Descriptions of the
weather variables are given in Table A.1. ACLED = Armed Conflict Location and Event Dataset.

*p <.1. ¥*¥p <.05. ¥**p < .01.

64



REFERENCES

Acemoglu, D., S. Johnson, and J. Robinson. 2002. “Reversal of Fortune: Geography and Institutions in the Making of the
Modern World Income Distribution.” Quarterly Journal of Economics 117: 1231-1294.

Ali, A. G, I. A. Elbadawi, and A. El-Bathani. 2005. “The Sudan’s Civil War: Why Has It Prevailed for So Long.” In
Understanding Civil War: Evidence and Analysis. Vol. 1, Africa, edited by P. Collier and N. Sambanis.
Washington, DC: World Bank.

Angrist, J., and J. S. Pischke. 2009. Mostly Harmless Econometrics: An Empiricist’s Companion. Princeton, NJ: Princeton
University Press.

Barrios, S., L. Bertinelli, and E. Strobl. 2010. “Trends in Rainfall and Economic Growth in Africa: A Neglected Cause of
the African Growth Tragedy.” Review of Economics and Statistics 92 (2): 350-366.

Benke, R. 2012. The Economics of Pastoral Livestock Production and Its Contribution to the Wider Economy of Sudan.
Feinstein International Center working paper. Somerville, MA: Feinstein International Center

Blanc, E. 2012. “The Impact of Climate Change on Crop Yields in Sub-Saharan Africa.” American Journal of Climate
Change 1: 1-13.

Blattman, C., and E. Miguel. 2010. “Civil War.” Journal of Economic Literature 48 (1): 3-57.
Briickner, M. 2010. “Population Size and Civil Conflict Risk: Is There a Causal Link?” Economic Journal 120: 535-550.

Buhaug, H. 2010. “Climate Not to Blame for African Civil Wars.” Proceedings of the National Academy of Sciences 107
(38): 16477-16482.

Buhaug, H., and P. Lujala. 2005. “Accounting for Scale: Measuring Geography in Quantitative Studies of Civil War.”
Political Geography 24: 399-418.

Buhaug, H., and J. K. Rod. 2006. “Local Determinants of African Civil Wars, 1970-2001.” Political Geography 25: 315—
335.

Burke, M., J. Dykema, D. Lobell, E. Miguel, and S. Satyanath. 2012. “Incorporating Climate Uncertainty into Estimates of
Climate Change Impacts, with Applications to U.S. and African Agriculture. ” Mimeo, University of California,
Berkeley.

Burke, M., E. Gong, and K. Jones. 2011. Income Shocks and HIV in Africa. IFPRI Discussion Paper 01146. Washington,
DC: International Food Policy Research Institute.

Burke, M., E. Miguel, S. Satyanath, J. Dykema, and D. Lobell. 2009. “Warming Increases the Risk of Civil War in Africa.”
Proceedings of the National Academy of Sciences 106 (49): 20670-20674.

. 2010. “Climate and Civil War: Is the Relationship Robust?” National Bureau of Economic Research Working
Paper 16440. Cambridge, MA: National Bureau of Economic Research.

Burr, M. 1998. Quantifying Genocide in Southern Sudan and the Nuba Mountains 1983—1998. Working document,
USAID, Sudan.

Butler, D. 2007. “Darfur's Climate Roots Challenged.” Nature 447: 1038.

Ciccone, A. 2011. “Economic Shocks and Civil Conflict: A Comment.” American Economic Journal: Applied Economics
3:215-227.

De-Pauw, E., and W. Wu. 2012. Poverty Assessment in Sudan: Mapping Natural Resource Potential. International Center
for Agricultural Research in the Dry Areas working paper. International Center for Agricultural Research in the
Dry Areas, Lebanon.

Dell, M., B. F. Jones, and B. A. Olken. 2012. “Temperature Shocks and Economic Growth: Evidence from the Last Half
Century.” American Economic Journal: Macroeconomics 4 (3): 66-95.

Devereux, S. 2006. “Vulnerable Livelihoods in Somali Region, Ethiopia.” Overseas Development Institute Research Report
57. London: Overseas Development Institute.

Diamond, J. 1997. Guns, Germs, and Steel: The Fates of Human Societies. New York: Norton.

65



Dillon, A., V. Mueller, and S. Salau. 2011. “Migratory Responses to Agricultural Risk in Northern Nigeria.” American
Journal of Agricultural Economics 93: 1048—1061.

Dorosh, P., H. G. Wang, L. You, and E. Schmidt. 2012. “Road Connectivity, Population, and Crop Production in Sub-
Saharan Africa.” Agricultural Economics 43: 89—103.

Duffield, M. 2001. Global Governance and the New Wars: The Merger of Development and Security. London: Zed Books.

Easterly, W., and R. Levine. 2003. "Tropics, Germs, and Crops: How Endowments Influence Economic Development. "
Journal of Monetary Economics 50(1): 3-39.

El-Dukheri, I., H. Damous, and A. M. Khojali. 2004. Rationale for a Possible Market Support Program in Darfur, Sudan:
A Brief Look at Markets and Food Security. Working document commissioned by United States Agency for
International Development. Washington, DC: United States Agency for International Development.

Fischer, G., M. Shah, H. Velthuizen, and F. Nachtergaele. 2001. Global Agro-ecological Assessment for Agriculture in the
21st Century. International Institute for Applied Systems Analysis working document. Laxenburg, Austria:
International Institute for Applied Systems Analysis.

Fisher, A. C., W. M. Hanemann, M. J. Roberts, and W. Schlenker. 2012. “Comment. The Economic Impacts of Climate
Change: Evidence from Agricultural Output and Random Fluctuations in Weather.” American Economic Review
102 (7): 3749-3760.

Wint, G. R. W, and T. P. Robinson. 2007. Gridded Livestock of the World 2007. Food and Agriculture Organization
working document. Rome: Food and Agriculture Organization.

Gleditsch, N. P. 2012. “Whither the Weather? Climate Change and Conflict.” Journal of Peace Research 49: 3-9.

Greene, W. 2004. “Fixed Effects and Bias due to the Incidental Parameters Problem in the Tobit Model.” Econometric
Reviews 23 (2): 125-147.

Hansen, J., M. Sato, and R. Ruedy. 2012. “Perception of Climate Change.” Proceedings of the National Academy of
Sciences 109 (37): 14726—-14727.

Harari, M., and E. La Ferrara. 2012. Conflict, Climate and Cells: A Disaggregated Analysis. Innocenzo Gasparini Institute
for Economic Research Working Paper 461. Milan, Italy: Innocenzo Gasparini Institute for Economic Research.

Headey, D., A. S. Taffesse, and L. You. 2013. “Diversification and Development in Pastoralist Ethiopia.” World
Development, forthcoming.

Henderson, J. V., A. Storeygard, and D. N. Weil. 2012. “Measuring Economic Growth from Outer Space.” American
Economic Review 102 (2): 994-1028.

Hendrickson, D., J. Armon, and R. Mearn. 1996. “Livestock Raiding among the Pastoral Turkana of Kenya: Redistribution,
Predation and the Links to Famine.” Institute of Development Studies Bulletin 27 (3): 17-30.

Hendrix, C., and S. M. Glaser. 2007. “Trends and Triggers: Climate, Climate Change and Civil Conflict in Sub-Saharan
Africa.” Political Geography 26 (6): 695-715.

Homer-Dixon, T. 1994. “Environmental Scarcities and Violent Conflict: Evidence from Cases.” International Security 19
(1): 5-40.

. 2007. “Terror in the Weather Forecast.” New York Times, April 24.
Hsiang, S., K. Meng, and M. Cane. 2011. “Civil Conflicts Are Associated with the Global Climate.” Nature 476: 438—441.
Johnson, D. 2011. The Root Causes of Sudan’s Civil Wars: Peace or Truce. Oxford, UK: Currey.

Jones, P., and P. K. Thornton. 2003. “The Potential Impacts of Climate Change on Maize Production in Africa and Latin
America in 2055.” Global Environmental Change 13: 51-59.

Keen, D., and V. Lee. 2007. “Conflict, Trade and the Medium-term Future of Food Security in Sudan.” Disasters 31 (1):
9-24.

Kevane, M., and L. Gray. 2008. “Darfur: Rainfall and Conflict.” Environmental Research Letters 3: 1-10.
King, G., and L. Zeng. 2001. “Logistic Regression in Rare Events Data.” Political Analysis 9: 137-163.

66



Klomp, J., and E. Bulte. 2012. “Climate Change, Weather Shocks and Violent Conflicts: A Critical Look at the Evidence.”
Conference Paper, 2012 Conference of the International Association of Agricultural Economists, Foz do Iguacu,
Brazil.

Kudamatsu, M., T. Persson, and D. Stromberg. 2012. “Weather and Infant Mortality in Africa.” Conference Paper, Climate
and the Economy, Stockholm, Sweden.

Lipton, M., J. Litchfield, and J. M. Faurésc. 2003. “The Effects of Irrigation on Poverty: A Framework for Analysis.”
Water Policy 5: 413—-427.

Lobell, D. 2013. “Errors in Climate Datasets and Their Effects on Statistical Crop Models.” Agricultural and Forest
Meteorology 170: 58—66.

Lobell, D., M. Banziger, C. Magorokosho, and B. Vivek. 2011. “Nonlinear Heat Effects on African Maize as Evidenced by
Historical Yield Trials.” Nature Climate Change 1: 42—45.

Lobell, D., and M. Burke. 2010. “On the Use of Statistical Models to Predict Crop Yield Responses to Climate Change.”
Agricultural and Forest Meteorology 150 (11): 1443—1452.

Lobell, D., M. Burke, C. Tebaldi, M. Mastrandrea, W. Falcon, and R. Naylor. 2008. “Prioritizing Climate Change
Adaptation Needs for Food Security in 2030.” Science 319: 607-610.

Lobell, D., G. L. Hammer, G. McLean, C. Messina, M. J. Roberts, and W. Schlenker. 2013. “The Critical Role of Extreme
Heat for Maize Production in the United States.” Nature Climate Change, forthcoming.

Lybbert, T. J., C. B. Barrett, S. Desta, and D. L. Coppock. 2004. “Stochastic Wealth Dynamics and Risk Management
among a Poor Population.” Economic Journal 114 (498): 750-777.

Maccini, S., and D. Yang. 2009. “Under the Weather: Health, Schooling, and Socioeconomic Consequences of Early-life
Rainfall.” American Economic Review 99 (3): 1006—1026.

Marchiori, L., J. F. Maystadt, and I. Schumacher. 2012. “The Impact of Weather Anomalies on Migration in Sub-Saharan
Africa.” Journal of Environmental Economics and Management 63 (3): 355-374.

Masters, W. A., and M. S. McMillan. 2001. “Climate and Scale in Economic Growth.” Journal of Economic Growth 6 (3):
167-186.

Maystadt, J. F., O. Eckers, and A. Mabiso. 2013. Climate Change and Civil War in Somalia: Does Drought Fuel Conflict
through Livestock Price Shocks? IFPRI Discussion Paper 01243. Washington, DC: International Food Policy
Research Institute.

McPeak, J., P. D. Little, and C. R. Doss. 2011. Risk and Social Change in an African Rural Economy: Livelihoods in
Pastoralist Communities. New York: Routledge.

Miguel, E., and S. Satyanath. 2011. “Re-examining Economic Shocks and Civil Conflict.” American Economic Journal:
Applied Economics 3 (4): 228-232.

Miguel, E., S. Satyanath, and E. Sergenti. 2004. “Economic Shocks and Civil Conflict: An Instrumental Variables
Approach.” Journal of Political Economy 112: 725-753.

Mitchell, T. D., and P. D. Jones. 2005. “An Improved Method of Constructing a Database of Monthly Climate Observations
and Associated High-resolution Grids.” International Journal of Climatology 25: 693—712.

Nordas, R., and N. P. Gleditsch. 2007. “Climate Change and Conflict.” Political Geography 26: 627-638.

Nordhaus, W. 2006. “Geography and Macroeconomics: New Data and Findings.” Proceedings of the National Academy of
Sciences 103 (10): 3510-3517.

Nordhaus, W., Q. Azam, D. Corderi, K. Hood, N. M. Victor, M. Mohammed, A. Miltner, and J. Weiss. 2006. “The G-Econ
Database on Gridded Output: Methods and Data.” Mimeo, Yale University, USA.

Nunn, N. 2008. “The Long-term Effects of Africa’s Slave Trades.” Quarterly Journal of Economics 123 (1): 139-176.

O’Loughlin, J., F. D. W. Witmer, A. M. Linke, A. Laing, A. Gettelman, and J. Dudhia. 2012. “Climate Variability and
Conflict Risk in East Africa, 1990-2009.” Proceedings of the National Academy of Sciences 109 (45): 18344—
18349.

Raleigh, C., and D. Kniveton. 2012. “Come Raine or Shine: An Analysis of Conflict and Climate Variability in East
Africa.” Journal of Peace Research 49:51-64.

67



Raleigh, C., A. Linke, H. Hegre, and J. Karlsen. 2010. “Introducing ACLED: An Armed Conflict Location and Event
Dataset.” Journal of Peace Research 47: 1-10.

Raleigh, C., and H. Urdal. 2007. “Climate Change, Environmental Degradation and Armed Conflict.” Political Geography
26: 674-694.

Rhines, A., and P. Huybers. 2013. “Letter. Frequent Summer Temperature Extremes Reflect Changes in the Mean, Not the
Variance.” Proceedings of the National Academy of Sciences 110(7): E546.

Rodrik, D., A. Subramanian, and F. Trebbi. 2004. “Institutions Rule: The Primacy of Institutions over Geography and
Integration in Economic Development.” Journal of Economic Growth 9: 131-165.

Sachs, J. 2005. The End of Poverty: Economic Possibilities of Our Time. New York: Penguin.

Sachs, J., and A. Warner. 1997. “Sources of Slow Growth in African Economies.” Journal of African Economies 6: 335—
376.

Salehyan, 1. 2008. “From Climate Change to Conflict? No Consensus Yet.” Journal of Peace Research 45: 315-326.

Scheffran, J., M. Brzoska, J. Kominek, P. M. Link, and J. Schilling. 2012. “Climate Change and Violent Conflict.” Science
336: 869-871.

Schlenker, W., W. M. Hanemann, and A. C. Fisher. 2006. “The Impact of Global Warming on U.S. Agriculture: An
Econometric Analysis of Optimal Growing Conditions.” Review of Economics and Statistics 88 (1): 113-125.

Schlenker, W., and D. Lobell. 2010. “Robust Negative Impacts of Climate Change on African Agriculture.” Environmental
Research Letters 5(1): 1-8.

Schlenker, W., and M. J. Roberts. 2009. “Nonlinear Temperature Effects Indicate Severe Damages to U.S. Crop Yields
Under Climate Change.” Proceedings of the National Academy of Sciences 106 (37): 15594—15598.

Smith, L. E. D. 2004. “Assessment of the Contribution of Irrigation to Poverty Reduction and Sustainable Livelihoods.”
International Journal of Water Resources Development 20 (2): 243-257.

Steinbruner, J. D., P. C. Stern, and J. L. Husbands. 2012. Climate and Social Stress: Implications for Security Analysis.
Washington, DC: National Academies Press.

Theisen, O. M. 2012. “Climate Clashes? Weather Variability, Land Pressure, and Organized Violence in Kenya, 1989—
2004.” Journal of Peace Research 49: 81-96.

Thomas, T. 2007. Notes on Making Africa Access Map. World Bank Working Document. Washington, DC: World Bank.

Thornton, P. K., J. van de Steeg, A. Notenbaert, and M. Herrero. 2009. “The Impacts of Climate Change on Livestock and
Livestock Systems in Developing Countries: A Review of What We Know and What We Need to Know.”
Agricultural Systems 101: 113-127.

UNEP (United Nations Environment Programme). 2007. Sudan Post-conflict Environmental Assessment. United Nations
Environment Programme Report. Washington, DC.

Vicente-Serrano, S. M., S. Begueria, J. I. Lopez-Moreno, M. Angulo, and A. El Kenawy. 2010. “A Global 0.5 Gridded
Dataset (1901-2006) of a Multi-scalar Drought Index Considering the Joint Effects of Precipitation and
Temperature.” Journal of Hydrometeorology 11 (4): 1033—1043 .

You, L., C. Ringler, U. Wood-Sichra, R. Robertson, S. Wood, T. Zhu, G. Nelson, Z. Guo, and Y. Sun. 2011. “What Is the
Irrigation Potential for Africa? A Combined Biophysical and Socioeconomic Approach.” Food Policy 36 (6): 770—
782.

You, L., S. Wood, and U. Wood-Sichra. 2009. “Generating Plausible Crop Distribution and Performance Maps for Sub-
Saharan Africa Using a Spatially Disaggregated Data Fusion and Optimization Approach.” Agricultural Systems
99 (2/3): 126—-140.

Zhang, D. D., P. Brecke, H. F. Lee, Y. Q. He, and J. Zhang. 2007. “Global Climate Change, War, and Population Decline
in Recent Human History.” Proceedings of the National Academy of Sciences 104 (49): 19214-19219.

Zhang, D. D., H. F. Lee, C. Wang, B. Li, Q. Pei, J. Zhang, and Y. An. 2011. “The Causality Analysis of Climate Change
and Large-scale Human Crisis.” Proceedings of the National Academy of Sciences 108 (42): 17296-17301.

68



1275.

1274.

1273.
1272.

1271.

1270.

1269.
1268.
1267.

1266.

1265.

1264.

1263.
1262.

1261.
1260.

1259.

1258.

1257.

1256.

1255.

1254.

1253.

RECENT IFPRI DISCUSSION PAPERS

For earlier discussion papers, please go to www.ifpri.org/pubs/pubs.htm#dp.
All discussion papers can be downloaded free of charge.

Comprehensive food security and vulnerability analysis: Nigeria. Oluyemisi Kuku-Shittu, Astrid Mathiassen, Amit
Wadhwa, Lucy Myles, and Akeem Ajibola, 2013.

Targeting technology to reduce poverty and conserve resources: Experimental delivery of laser land leveling to farmers
in Uttar Pradesh, India. Travis J. Lybbert, Nicholas Magnan, David J. Spielman, Anil Bhargava, and Kajal Gulati, 2013.

The logic of adaptive sequential experimentation in policy design. Haipeng Xing and Xiaobo Zhang, 2013.

Dynamics of transformation: insights from an exploratory review of rice farming in the Kpong Irrigation Project.
Hiroyuki Takeshima, Kipo Jimah, Shashidhara Kolavalli, Xinshen Diao, and Rebecca Lee Funk, 2013.

Population density, migration, and the returns to human capital and land: insights from Indonesia. Yanyan Liu and
Futoshi Yamauchi, 2013.

Reverse-share-tenancy and marshallian inefficiency: Landowners’ bargaining power and sharecroppers’ productivity.
Hosaena Ghebru Hagos and Stein T. Holden, 2013.

The child health implications of privatizing Africa’s urban water supply. Katrina Kosec, 2013.
Group lending with heterogeneous types. Li Gan, Manuel A. Hernandez, and Yanyan Liu, 2013.

Typology of farm households and irrigation systems: Some evidence from Nigeria. Hiroyuki Takeshima and Hyacinth
Edeh, 2013.

Understanding the role of research in the evolution of fertilizer policies in Malawi. Michael Johnson and Regina Birner,
2013.

The policy landscape of agricultural water management in Pakistan. Noora-Lisa Aberman, Benjamin Wielgosz, Fatima
Zaidi, Claudia Ringler, Agha Ali Akram, Andrew Bell, and Maikel Issermann, 2013.

Who talks to whom in African agricultural research information networks?: The Malawi case. Klaus Droppelmann,
Mariam A. T. J. Mapila, John Mazunda, Paul Thangata, and Jason Yauney, 2013.

Measuring food policy research capacity: Indicators and typologies. Suresh Chandra Babu and Paul Dorosh, 2013.

Does freer trade really lead to productivity growth?: Evidence from Africa. Lauren Bresnahan, lan Coxhead, Jeremy
Foltz, and Tewodaj Mogues, 2013.

Data needs for gender analysis in agriculture. Cheryl Doss, 2013.

Spillover effects of targeted subsidies: An assessment of fertilizer and improved seed use in Nigeria. Lenis Saweda
Liverpool-Tasie and Sheu Salau, 2013

The impact of irrigation on nutrition, health, and gender: A review paper with insights for Africa south of the Sahara.
Laia Domenech and Claudia Ringler, 2013.

Assessing the effectiveness of multistakeholder platforms: Agricultural and rural management councils in the
Democratic Republic of the Congo. Thaddée Badibanga, Catherine Ragasa, and John Ulimwengu, 2013.

The impact of Oportunidades on human capital and income distribution: A top-down/bottom-up approach. Dario
Debowicz and Jennifer Golan, 2013.

Filling the learning gap in program implementation using participatory monitoring and evaluation: Lessons from farmer
field schools in Zanzibar. Elias Zerfu and Sindu W. Kebede, 2013.

Agricultural mechanization in Ghana: Is specialization in agricultural mechanization a viable business model?: Nazaire
Houssou, Xinshen Diao, Frances Cossar, Shashidhara Kolavalli, Kipo Jimah, and Patrick Aboagye, 2013.

A partial equilibrium model of the Malawi maize commodity market. Mariam A. T. J. Mapila, Johann F. Kirsten,
Ferdinand Meyer, and Henry Kankwamba, 2013.

Exchange rate policy and devaluation in Malawi. Karl Pauw, Paul Dorosh, and John Mazunda, 2013.



INTERNATIONAL FOOD POLICY
RESEARCH INSTITUTE

www.ifpri.org

IFPRI HEADQUARTERS

2033 K Street, NW

Washington, DC 20006-1002 USA
Tel.: +1-202-862-5600

Fax: +1-202-467-4439

Email: ifpri@cgiar.org

IFPRI ADDIS ABABA

P. O. Box 5689

Addis Ababa, Ethiopia

Tel.: + 251 (0) 11-617-2500

Fax: + 251 (0) 11-646-2927
Email: ifpri-addisababa@cgiar.org



mailto:ifpri@cgiar.org
mailto:ifpri-addisababa@cgiar.org

	Acknowledgments
	Abstract
	1. Introduction
	2. Background
	3. Empirical Analysis
	Methods
	Data
	Results and Robustness Checks
	Projections

	4.  Discussion
	5.  Conclusions
	Appendix:  Supporting Information
	References
	RECENT IFPRI DISCUSSION PAPERS

