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Overview of G-ZOD

This section, discusses in detail the construction of the Geolocated Zoonotic Disease Database

(G-ZOD). For assisting with the coding procedures, two highly qualified research assistants were

selectively recruited and thoroughly trained. The research assistants followed a detailed codebook

(provided as a separate online attachment) in deciding what incidents to code. In choosing the

pathogens for coding, several parameters were emphasized. First, examining reports from the

World Health Organization, we wanted to ensure that the pathogens included were those that have

been especially relevant within the African context, such as Ebola, Lassa, and Yellow Fever. We

also wanted to choose some pathogens that are likely to be carried due to animal migration from

other world regions and can hence induce a disruption, such as dangerous flu pathogens carried

from East and Central Asia. Accordingly, and as listed in the main report, the final list of 23

pathogens included the following diseases: Ebola-Zaire, Ebola-Sudan, Ebola-Täi forest, Ebola-

Bundibugyo, Marburg, yellow fever, Rift Valley fever, West Nile fever, H1N1 flu, H5N1 flu, SARS,

MERS, chikungunya, Lassa, dengue, monkeypox, septicemic plague, bubonic plague, Crimean-

Congo hemorrhagic fever, shigellosis, rabies, zika, and anthrax.

The result is a database that, in addition to its specific advantages for conflict analysis (dis-

cussed in the main paper) offers several additional new features compared with existing datasets,

such as WHO, EM-DAT, Torres et al. (2022) [1], and ISID. First, G-ZOD is geolocated by de-

sign and construction. All events included in analysis were recorded at the first administrative

unit (province) levels or below, although for those interested in country level analysis, G-ZOD

also contains country level data that were not used for analysis in the paper. In contrast, all other

aforementioned datasets are country level, and rarely allow for local level assessment, despite the

crucial need for such assessment in the role of environmental indicators’ impact on armed conflict

[2].

Second, similarly to widely used conflict datasets, G-ZOD is an event-based datasets, which

includes – in addition to location – information on the month and year (or exact date, if available)

of the event, and provide for a more data driven operationalization of disease outbreak risk and
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frequency. This in contrast to all other aforementioned datasets, which other used a high (100 or

more) casualty thresholds, or really on qualitative definitions (e.g., the WHO defines an outbreak

as being an epidemic) in coding data. G-ZOD theretofore codes not only extreme epidemic and

pandemic events, but also a higher resolution of such incidents as well as outbreak events that

ultimately did not – luckily – deteriorate into an epidemic, even though they posed the risk for

becoming one. Third, in addition to the specific pathogen, we coded – where available – additional

relevant information for each outbreak events, including the number of people affected and dead

and the direct cause of the infection.

To illustrate the process used to code all relevant zoonotic outbreak events, the following proce-

dure is provided. As mentioned in the main article, the coding effort focused only on (i) reputable

English language sources that (ii) were available in LexisNexis over the entire period, including

NYT, Associated Press/AP, Reuters, CNN, and CBS as well as situation reports from leading health

agencies (CDC, WHO).1 We used local English language dailies as well, but made sure to focus

on reputable ones and made sure – to the best of our ability – to verify that the same incident was

confirmed via another reputable source (e.g., AP).

To illustrate how the process of coding worked, I selected two events at random from my

database. To this end, Figure S1 shows the relevant information (highlighted) collected from a

story on an Ebola outbreak. Figure S2 then reports a similar report for coding an H5N1 flu outbreak

case. Each outbreak case is assigned a unique ID to reduce the risk of the same outbreak being

recorded twice.

1For this reason, no information from the Washington Post was included – it was removed from Lexis-Nexis, and
so reporting in this case was imbalanced.
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Figure S1: Example of a story underlying the coded case (Ebola)
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Figure S2: Example of a story underlying the coded case (H5N1)
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Summary Statistics

Table S1: Summary Statistics

Min. Median Mean Max. Std. Dev.

Dependent variables

State conflictit 0 0 0.008 75 0.258
Rebel conflictit 0 0 0.003 37 0.130
Pol. militia conflict it 0 0 0.004 21 0.111
Id. militia conflict it 0 0 0.002 19 0.076

Independent variables

ZDO eventsit 0 0 0.001 14 0.034
NTLit

1 0 0 1.404 5.344 1.673
Populationit

1 0 4.211 3.913 7.267 1.295
Prec. anomit -4.032 -0.025 0.054 5.295 0.837
Droughtit -9.004 -0.195 -0.273 7.887 0.998
Temp. anomit -4.397 0.476 0.468 5.295 0.904
Life exp.it 1 4.727 7.093 7.206 10.041 1.072
Gov. eff.it 0 0.857 1.977 50.102 3.045
GDPpcit

1 3.747 4.110 4.113 4.355 0.130
State conflict jt 0 0 0.007 1 0.085
Rebel conflict jt 0 0 0.003 1 0.057
Pol. mil. conflict jt 0 0 0.004 1 0.064
Id. mil. conflict jt 0 0 0.003 1 0.054

i refers to a given grid cell, j refers to any adjacent grid cells, and t refers to month in a given year

1 Natural log
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Sensitivity Analyses

Table S2: Determinants of Armed Conflict in African Locations – Minimalist Specifications

Civil War Social Conflict
State Rebel Pol. Mil. Id. Mil.
(17) (18) (19) (20)

ZDO eventsit −0.015∗∗ −0.002 0.018 0.006∗

(0.006) (0.006) (0.013) (0.003)

Observations 2,561,760
R2 0.197 0.152 0.157 0.035
Adjusted R2 0.194 0.149 0.154 0.031

Standard errors clustered on grid cell in parentheses; fixed effects by grid cell were included in each regression, but
not reported here.

*** p<0.01, ** p<0.05, * p<0.1
1 Natural log.

The removal of controls allowed ZDO event data to be included for the entire Jan. 2000 – Dec. 2019 period.
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Table S3: Determinants of Armed Conflict in African Locations – Pestilence

Civil War Social Conflict
State Rebel Pol. Mil. Id. Mil.
(21) (22) (23) (24)

ZDO eventsit −0.013∗∗ 0.002 0.010 0.012∗∗

(0.006) (0.006) (0.014) (0.005)
NTLit

1 0.0001 0.0001 0.0004∗∗ 0.0002∗∗

(0.0003) (0.0001) (0.0002) (0.0001)
Populationit

1 −0.001 −0.0003 0.003∗ −0.0003
(0.003) (0.001) (0.001) (0.001)

DV it−1 0.453∗∗∗ 0.323∗∗∗ 0.305∗∗∗ 0.092∗∗∗

(0.090) (0.104) (0.053) (0.016)
Prec. anomit 0.0001 −0.0002∗∗ −0.0002∗ −0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Prec. anomit × ZDO eventsit −0.001 −0.003 0.001 −0.015∗∗

(0.003) (0.003) (0.009) (0.007)

Droughtit −0.0001 0.0003∗∗∗ 0.0001 0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Temp. anomit −0.0003 0.00002 −0.0001 −0.00001

(0.0003) (0.0001) (0.0001) (0.0001)
Life exp.it 1 −0.004∗∗ −0.001∗∗∗ −0.001 −0.0004

(0.002) (0.0003) (0.001) (0.0005)
Gov. eff.it −0.001 0.001∗∗∗ 0.0002 −0.0002

(0.0004) (0.0004) (0.0002) (0.0001)
GDPpcit

1 −0.061∗∗∗ −0.011∗∗∗ −0.016∗∗∗ −0.026∗∗∗

(0.009) (0.004) (0.005) (0.004)
τt 0.0001∗∗∗ 0.00002∗∗∗ 0.00003∗∗∗ 0.00004∗∗∗

(0.00002) (0.00000) (0.00001) (0.00001)

Observations 1,473,765
R2 0.641 0.152 0.166 0.067
Adjusted R2 0.639 0.146 0.160 0.061

Standard errors clustered on grid cell in parentheses; fixed effects by grid cell and month were included in each
regression, but not reported here.
*** p<0.01, ** p<0.05, * p<0.1

1 Natural log
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Table S4: Determinants of Armed Conflict in African Locations – Conflict by other Actors

Civil War Social Conflict
State Rebel Pol. Mil. Id. Mil.
(25) (26) (27) (28)

ZDO eventsit −0.014∗∗ 0.001 0.009 0.011∗∗

(0.006) (0.005) (0.013) (0.005)
NTLit

1 −0.00000 0.0001 0.0004∗∗ 0.0002∗∗

(0.0003) (0.0001) (0.0002) (0.0001)
Populationit

1 −0.002 −0.001 0.003∗∗ −0.0004
(0.003) (0.001) (0.001) (0.001)

DV it−1 0.448∗∗∗ 0.317∗∗∗ 0.297∗∗∗ 0.090∗∗∗

(0.087) (0.094) (0.052) (0.015)
Prec. anomit 0.0001 −0.0002∗∗ −0.0002 −0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Droughtit −0.0001 0.0003∗∗∗ 0.0001 0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Temp. anomit −0.0003 0.00002 −0.0001 −0.00000

(0.0003) (0.0001) (0.0001) (0.0001)
Life exp.it 1 −0.004∗∗ −0.001∗∗ −0.001 −0.0003

(0.002) (0.0003) (0.001) (0.0005)
Gov. eff.it −0.0004∗∗ 0.001∗∗∗ 0.0002∗ −0.0002

(0.0002) (0.0004) (0.0001) (0.0001)
GDPpcit

1 −0.060∗∗∗ −0.013∗∗∗ −0.011∗∗ −0.025∗∗∗

(0.008) (0.004) (0.004) (0.004)
τt 0.0001∗∗∗ 0.00002∗∗∗ 0.00003∗∗∗ 0.00004∗∗∗

(0.00001) (0.00000) (0.00001) (0.00001)
State conflictit −0.019 0.023∗ 0.008∗∗∗

(0.021) (0.012) (0.003)
Rebel conflictit −0.126 0.073∗∗ −0.007

(0.137) (0.035) (0.004)
Pol. mil. conflictit 0.100∗ 0.048∗ 0.027∗∗∗

(0.058) (0.027) (0.009)
Id. mil. conflictit 0.054∗∗∗ −0.006 0.039∗∗∗

(0.018) (0.005) (0.015)

Observations 1,473,765
R2 0.644 0.157 0.172 0.069
Adjusted R2 0.641 0.151 0.166 0.063

Standard errors clustered on grid cell in parentheses; fixed effects by grid cell and month were included in each
regression, but not reported here.
*** p<0.01, ** p<0.05, * p<0.1

1 Natural log
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Table S5: Determinants of Armed Conflict in African Locations – Conflict by other Actors with
Conflict Lags

Civil War Social Conflict
State Rebel Pol. Mil. Id. Mil.
(29) (30) (31) (32)

ZDO eventsit −0.014∗∗ 0.001 0.009 0.011∗∗

(0.006) (0.005) (0.012) (0.005)
NTLit

1 −0.00004 0.0001 0.0004∗∗ 0.0002∗

(0.0003) (0.0001) (0.0002) (0.0001)
Populationit

1 −0.002 −0.001 0.003∗∗ −0.0004
(0.003) (0.001) (0.001) (0.001)

Prec. anomit 0.0001 −0.0002∗∗ −0.0002 −0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Droughtit −0.0001 0.0003∗∗∗ 0.0001 0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Temp. anomit −0.0002 0.00002 −0.0001 0.00000

(0.0003) (0.0001) (0.0001) (0.0001)
Life exp.it 1 −0.004∗∗ −0.001∗∗ −0.001 −0.0003

(0.001) (0.0003) (0.001) (0.0005)
Gov. eff.it −0.0003∗ 0.001∗∗∗ 0.0001∗ −0.0002

(0.0002) (0.0004) (0.0001) (0.0001)
GDPpcit

1 −0.060∗∗∗ −0.013∗∗∗ −0.009∗∗ −0.025∗∗∗

(0.008) (0.004) (0.004) (0.004)
τt 0.0001∗∗∗ 0.00002∗∗∗ 0.00002∗∗∗ 0.00004∗∗∗

(0.00001) (0.00000) (0.00001) (0.00001)
State conflictit −0.019 0.018∗ 0.008∗∗

(0.019) (0.010) (0.003)
Rebel conflictit −0.108 0.063∗∗ −0.006

(0.113) (0.028) (0.004)
Pol. mil. conflictit 0.069∗∗ 0.043∗ 0.024∗∗∗

(0.033) (0.025) (0.008)
Id. mil. conflictit 0.050∗∗∗ −0.006 0.037∗∗

(0.018) (0.005) (0.015)
State conflictit−1 0.444∗∗∗ −0.0003 0.012 −0.002

(0.083) (0.006) (0.008) (0.002)
Rebel conflictit−1 −0.074 0.315∗∗∗ 0.036∗∗ −0.005∗

(0.067) (0.093) (0.017) (0.003)
Pol. mil. conflictit−1 0.112 0.019∗ 0.293∗∗∗ 0.013∗

(0.097) (0.010) (0.052) (0.007)
Id. mil. conflictit−1 0.010 −0.008 0.022∗ 0.090∗∗∗

(0.017) (0.006) (0.012) (0.015)

Observations 1,473,765
R2 0.645 0.157 0.173 0.069
Adjusted R2 0.643 0.151 0.167 0.063

Standard errors clustered on grid cell in parentheses; fixed effects by grid cell and month were included in each
regression, but not reported here.
*** p<0.01, ** p<0.05, * p<0.1

1 Natural log
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Table S6: Determinants of Armed Conflict in African Locations – Spatial Conflict Indicator Lags

Civil War Social Conflict
State Rebel Pol. Mil. Id. Mil.
(33) (34) (35) (36)

ZDO eventsit −0.013∗∗ 0.002 0.010 0.011∗∗

(0.006) (0.006) (0.013) (0.005)
NTLit

1 0.0001 0.0001 0.0004∗∗∗ 0.0002∗∗

(0.0003) (0.0001) (0.0002) (0.0001)
Populationit

1 −0.001 −0.0003 0.003∗ −0.0004
(0.003) (0.001) (0.002) (0.001)

DV it−1 0.464∗∗∗ 0.314∗∗ 0.307∗∗∗ 0.058∗∗∗

(0.098) (0.136) (0.064) (0.018)
Prec. anomit 0.0001 −0.0002∗∗ −0.0002∗ −0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Droughtit −0.0001 0.0003∗∗∗ 0.0001 0.0002∗∗

(0.0002) (0.0001) (0.0001) (0.0001)
Temp. anomit −0.0003 0.00001 −0.0001 −0.00002

(0.0003) (0.0001) (0.0001) (0.0001)
Life exp.it 1 −0.004∗∗ −0.001∗∗∗ −0.001 −0.0004

(0.002) (0.0003) (0.001) (0.0005)
Gov. eff.it −0.001 0.001∗∗∗ 0.0002 −0.0002

(0.0004) (0.0004) (0.0002) (0.0001)
GDPpcit

1 −0.066∗∗∗ −0.011∗∗∗ −0.016∗∗∗ −0.024∗∗∗

(0.008) (0.004) (0.005) (0.004)
τt 0.0001∗∗∗ 0.00002∗∗∗ 0.00003∗∗∗ 0.00004∗∗∗

(0.00002) (0.00000) (0.00001) (0.00001)
State conflict jt −0.068

(0.072)
Rebel conflict jt 0.026

(0.094)
Pol. mil. conflict jt −0.007

(0.040)
Id. mil. conflict jt 0.086∗∗∗

(0.013)

Observations 1,473,765
R2 0.642 0.152 0.166 0.070
Adjusted R2 0.639 0.146 0.160 0.064

Standard errors clustered on grid cell in parentheses; fixed effects by grid cell and month were included in each
regression, but not reported here.
*** p<0.01, ** p<0.05, * p<0.1

1 Natural log
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