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Abstract

Preventing armed conflict is key to promoting development and well-being in the Sa-
hel. To strengthen its work to promote peace globally, the United Nations have recently
stressed the importance of early action and early warning about impending conflict. This
report presents the ViEWS system, a systematic, data-driven conflict early-warning sys-
tem developed for Africa and the Middle East. Designed to complement expert assess-
ments drawing on qualitative methods, the system produces estimates of the probability
that armed conflict events will occur in countries and sub-national locations during each
of the next 1–36 months. The report outlines the main features of the system, discusses
the uncertainties involved and how well the system handles these, and presents the lat-
est forecasts for the UNISS countries of the Sahel. The ViEWS forecasts are updated
on a monthly basis and made available in full through an API, and in summarised form
on the ViEWS website. The report also outlines some possible future developments and
improvements of the system.

Disclaimer: This report has been written for the UNHCR, its partners and stakeholders in the Sahel PA
project, based on a forthcoming joint publication by Uppsala University, PRIO, and UN ESCWA on the
ViEWS-ESCWA model. The findings, interpretations and conclusions expressed are those of the authors and
do not necessarily reflect the views of the United Nations or its officials or Member States. The designations
employed and the presentation of material in this publication do not imply the expression of any opinion
whatsoever on the part of the United Nations concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries.
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1 Introduction

Armed con�icts destroy the hopes and ambitions of entire generations to live in peace and
with dignity. Beyond the immediate mortality and morbidity that results from war, con�ict
leads to profound long-term consequences that impede the full realization of sustainable
development. It is estimated that, on average, war costs a country an accumulated loss of 15%
of GDP growth, reduces life expectancy by about one year, increases infant mortality rates
by 10% and undernourishment by 3.3%, and deprives an additional 1.8% of the population
of access to potable water.1 Con�icts also reduce local and national resilience to natural
disasters, climate change, and health crises, rendering the immediate and secondary impacts
of these crises even more severe.

The dynamics above are particularly alarming in the semi-arid Sahel region, which already
su�ers from below-average resilience to climate change.2 Further exacerbating the situation,
temperatures in the region are expected to rise to twice the global average by the turn of the
century, the population is set to double by 2050, demands on food are projected to increase as
crop production declines, and both Chad and Niger are at risk of losing their entire rain-fed
agriculture by 2100.3

The Sahel is nevertheless a region of both great opportunity and great challenges. Com-
prised by Burkina Faso, Cameroon, the Gambia, Guinea, Mali, Mauritania, Niger, Nigeria,
Senegal, and Chad,4 the region is one of the richest in non-renewable deposits such as gold,
oil, and uranium, home to signi�cant renewable resources like surface water and aquifers,
and a location of great potential for future renewable energy sources such as solar and wind
energy.5 In combination with increased urbanization, this presents a powerful opportunity
for economic and humanitarian development.6 Over the past decade, the region has however
also faced continued and persistent issues with armed con�ict and violence, resulting in 1.5
million internally displaced persons.7 This is further compounded by a 49.7% poverty head-
count ratio (making it one of the poorest regions in Africa), a consistently low ranking on
the World Bank Human Capital Index, low trust in government, low life satisfaction, and
di�culties in providing su�cient livelihoods, health, education, social infrastructure, gover-
nance, human security, and resilience to both endogenous and exogenous shocks.8 These are
vulnerabilities that the region will be hard-pressed to address in the absence of peace and
security.

Political violence thus represents a major obstacle for the Sahel in fostering the peaceful,
just, inclusive, and prosperous societies envisioned in global frameworks such as Agenda 2030
and Agenda 2063, underlining the urgent need for the international community to invest in

1Gates and others (2012) and World Bank (2011)
2ND-GAIN ( ND-GAIN Country Index )
3World Bank (2019), Searchinger (2018), Ministry of Foreign A�airs of the Netherlands (2018), and Sultan,

Defrance, and Iizumi (2019)
4UN (2019)
5UN (2018)
6UN (2018)
7UNHCR (2020)
8Andrews and others (2021), Tham Lindell and Mattsson (2014), Helliwell and others (2020), World

Food Programme (2020), May, Guengant, and Barras (2017), Maiga (2019), Boyd and others (2013), and
Hamro-Drotz, Dennis and United Nations Environment Programme (2011)
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a "portfolio of prevention".9

1.1 The Sahel Predictive Analytics (Sahel PA) project

Doubling down on the special challenges facing the Sahel across the triple nexus of humanitar-
ian aid, peace-building and development, twenty-three United Nations entities with partners
at a number of prominent international research institutions have come together into an
inter-agency, inter-pillar predictive analytics (PA) project for the Sahel.

Answering the call for increased support for capacity-building and strengthened data
collection in Member States, the project � spearheaded by UNHCR, on behalf of the UN High-
level Committee on Programmes (HLCP) and further endorsed by the UN Chief Executive
Board (CEB) � sets out to assist the international community in moving from a reactive
to proactive/anticipatory mode, break down silos, ensure an integrated approach to secure
common outcomes, and seek opportunities for transformation and innovation in a region of
enormous potential.

The project has been developed in response to the United Nations reform initiated in 2017
to strengthen global con�ict prevention capacities,10 further supporting the implementation
of Sahel 2043, the United Nations Integrated Strategy for the Sahel (UNISS) and the support
plan thereof, the Agenda for the Protection of Cross-Border Displaced Persons in the Context
of Disasters and Climate Change, as well as the Secretary General's Data Strategy, and the
work of the Special Coordinator for the Development in the Sahel.

Aspiring for the Sahel to become a region of peace, the project has �ve key objectives:

1. To form an expert consortium consisting of academic research groups, experts based in
the region, regional governmental institutions, and United Nations sta�;

2. To set new standards for high-quality data across the Sahel, as recommended by the
expert consortium;

3. To create a regional data hub that fosters collaboration over competition;

4. To develop three predictive models informed by new, high-quality and disaggregated
data from the regional data hub, covering challenges in the triple nexus:

(a) A Sahel-speci�c forecasting model predicting the likelihood of political violence
up to 36 months into the future at a country and approximately 55 km resolution;

(b) A forecasting model predicting future crop production and suitability in the Sahel
up to 2050;

(c) A forecasting model predicting the geographic distribution of population up to
2050 in �ve-year intervals at a 1 km resolution;

9The joint United Nations-World Bank report on Pathways for Peace showed that there is a high return
of prevention: for each 1 USD that is invested in prevention-related activities, 2�7 USD would be saved over
the medium to long term, respectively. See Mueller (2017).

10See the 2020 twin resolutions on peace-building and sustaining peace (A/RES/75/201-S/RES/2558
(2020)) which builds on the earlier 2016 twin resolutions (A/70/262-S/RES/2282(2016)).
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5. To strengthen national-, regional-, and local capacity-building for anticipatory action
by means of the deliverable above and ultimately enhance cooperation in the Sahel

This report presents the point of departure for the con�ict prediction model above: the
Violence Early-Warning System (ViEWS,https://views.pcr.uu.se ) as of August 2021,
and its baseline forecasts for the ten UNISS countries of the Sahel over the period July
2021�June 2024.

2 Overview of the ViEWS system

The Violence Early-Warning System (ViEWS) is a data-driven early-warning system (EWS)
of unprecedented scope and performance, based at the Department of Peace and Con�ict
Research (DPCR,https://pcr.uu.se ) at Uppsala University, and the Peace Research In-
stitute Oslo (PRIO, https://prio.org ). The Africa-wide pilot of the system has been
developed over the course of an ongoing research project funded by the European Research
Council (ERC-AdG 694640) and Uppsala University,11 computed on resources provided by
the Swedish National Infrastructure for Computing (SNIC) at Uppsala Multidisciplinary
Center for Advanced Computational Science (UPPMAX). The system has been extended
and expanded to the Middle East with funding from UN ESCWA.12 What is presented below
is the result of both of these endeavors, which serve as the point of departure for the Sahel
PA extension of the system.

2.1 Coverage, scope, and levels of analysis

ViEWS currently generates monthly probabilistic assessments of the risk of fatal political
violence across Africa and the Middle East during each month in a rolling three-year fore-
casting horizon. The forecasts are produced separately for three di�erent types of political
violence, as de�ned by the Uppsala Con�ict Data Program (UCDP,https://ucdp.uu.se ):13

ˆ State-based violence (sb) involving at least one government of a state, such as �ghting
between the government of Syria and ISIS;

ˆ Non-state violence (ns) between armed groups, neither of which is a government of a
state, such as the PKK and PUK in Kurdistan; and

ˆ One-sided violence (os) exerted by armed actors against unarmed civilians, for example
terror attacks targeted at civilians.

The predictions are presented at two spatial resolutions, both using the calendar month
as the temporal unit of analysis:

11Hegre and others (2019) and Hegre and others (2021b)
12UNESCWA (forthcoming)
13Full de�nitions are available at https://www.pcr.uu.se/research/ucdp/definitions/ . Please see

https://ucdp.uu.se and Gleditsch and others (2002), Sundberg and Melander (2013), and Pettersson and
Öberg (2020) for more information about the UCDP dataset.
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ˆ The country level, separately forecasting the probability that 25 or more people will
lose their lives to each type of violence per country and month (henceforth referred to
as the country-month,cm level); and

ˆ The sub-national level, separately forecasting the probability that at least one life
will be lost to each type of violence per approximately 55x55 km location and month
(henceforth referred to as the PRIO-grid-month,pgm level).

The spatial coverage of each country conforms with the latest version of the CShapes
dataset, while the sub-national level is delimited by the PRIO-GRID, a grid structure that
divides the world into squared cells corresponding to an area of approximately 55x55 kilo-
meters at the equator, or 0.5x0.5 decimal degrees.14

2.2 Input data

The ViEWS system draws upon decades of peace research on the complex and inter-connected
causes of con�ict and � conversely � the causes of peace. It is informed by historical time-
series data on an extensive suite of con�ict predictors that have been assembled from this
research, covering the time from 1989 up until and including two months prior to each
monthly release of the ViEWS forecasts.15 The con�ict predictors pertain to themes including
� but not limited to � con�ict history, the strength of political institutions and measures
of democracy, socio-economic conditions, food prices and food security, climate variability,
societal vulnerability, natural and social geography, and social and political unrest.

All input data informing the current version of the ViEWS system is publicly available,
uniform, and updated at least annually, allowing for a systematic assessment of future con�ict
risks. The most important data � the con�ict history datasets on the outcomes of interest
from UCDP � are even made available on a monthly basis. The latter is made possible by the
release of so-called `candidate' con�ict events, which are later revised as part of the annual
updates and quality-assurance processes of the UCDP.16

At the country level, the forecasting system is informed by and trained on global data,
while at the sub-national level, it is trained on the African continent and the Middle East.
This means that forecasts for the Sahel region are informed by patterns learnt also from other
places. This not only guarantees more data availability for the forecasts and thus an increase
in their accuracy, but also teaches the system to infer patterns and trends that are observed
broadly across space and can be usefully applied to predict violence in the region of interest.

2.3 Algorithms and the modeling set-up

The collected data are split into three subsets: a `training' set used to train the forecasting
models on the historical data to infer the conditions and patterns that are conducive of

14The CShapes dataset is presented in Weidmann, Kuse, and Gleditsch (2010). The list of countries
included in the dataset is in turn determined in Gleditsch and Ward (1999), with subsequent updates. The
PRIO-GRID system is presented athttps://grid.prio.org/ and in Tollefsen, Strand, and Buhaug (2012).

15The August 2021 forecasts are for example informed by data covering the time up until and including
June 2021 (using data released up until and including July 2021).

16For details on the UCDP-Candidate dataset, see Hegre and others (2020).
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con�ict, a `calibration' set used to re-adjust the forecasts in a such a way that the mean
predicted value matches the average of the real observations, and a `test'/`forecasting' set for
which the forecasts are produced.17

Once split into the three subsets, the data are fed into a number of so-called random
forest algorithms that learn from historical observations in order to forecast future con�ict.
Random forest is a machine-learning algorithm based on multiple `decision trees', and it has
been shown to be performing very well for forecasting tasks of the type discussed here. When
`training' a model, the random forest uses some data points to identify combinations of a
handful of predictors that are particularly good at predicting armed con�ict for another set
of data points. It repeats this many times, and votes up predictors that always produce good
predictions. It is therefore very useful for identifying the most promising predictors from a
very large number of candidate features. Also, it works well when the relationship between a
predictor and the outcome is non-linear, or when the e�ect of a predictor varies in association
with the value of another, which may often be the case when trying to predict con�ict.

A number of di�erent sub-models are trained, calibrated, and tested by means of the
procedure above, each based on data pertaining to a relevant theme or group of con�ict
predictors that existing literature has deemed important in explaining con�ict (see Section
3). Each of these thematic sub-models allow the forecasting system to address the forecast-
ing problem from a di�erent angle. Sub-models informed by a theme related to water, for
example, re�ect the e�ect of availability of � and access to � water on the risk of con�ict in
the location at hand, while sub-models informed by a theme of natural and social geography
o�er insights into the role of terrain or the proximity to natural resources in setting the scene
for the onset, or continuation of, con�ict in the same location.18

As a �nal step, the outputs from each of the thematic sub-models are combined into two
composite main models that produce the �nal forecasts: one model that is trained to generate
predictions at the country-month level, and one that is trained to produce the sub-national
PRIO-GRID-month con�ict forecasts. This procedure of combining broad collections of sub-
models is known as `ensemble modeling' and is one of the main pillars of the ViEWS system.19

Much like a crowd is wiser than the single individuals composing it, overarching models that
collect forecasts from a suite of smaller thematic sub-models are known to achieve more
accurate predictions. This aspect of the system not only improves how well the prediction
system performs, but also helps in understanding how individual predictors contribute to the
risk assessments described below.20

Another feature of the modeling set-up is that each thematic sub-model is optimized for
a di�erent number of months into the forecasting horizon � the system produces di�erent
predictions when predicting three months into the future than when predicting three years
ahead. Generally, structural conditions such as institutional characteristics and development

17When evaluating how well the system performs, a historical period is used as the test set. When fore-
casting into the future, this is the same as the forecasting window described above. See Hegre and others
(2021b) for more details.

18Please note that the forecasting models are however not able to o�er insights into the causal inference
between the predictors and observed violence � they can point to a relationship between the two, but cannot
con�rm the direction of this relationship, i.e. which causes which.

19The two main models are therefore also known as `ensembles', or `ensemble models'.
20See Page (2007), Montgomery, Hollenbach, and Ward (2012), Ward and Beger (2017), and Hegre and

others (2019) for a discussion.
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factors are more useful in predicting con�ict in the long term, while rapidly changing con-
ditions or shocks such as food price peaks might prove more relevant to predict violence in
the short term. Through a sophisticated system of weights, sub-models that for example
include data on recent con�ict events are therefore given more emphasis in short-term pre-
dictions, whereas structural sub-models informed by institutional factors that change slowly
over time are premiered when forecasting several years into the future. As such, also analyses
of forecasts for di�erent periods into the future can serve as a valuable resource in designing
policy interventions with varying targets, e.g. short-term relief or remedies, as compared to
long-term investments in infrastructure or strengthening of political institutions.

3 The forecasting models

3.1 Country-level models

The main forecasting model that is used to generate predictions at the country-month level
is composed of the thematic sub-models that follow:

Macro theme: Peace and Security

The con�ict history model A con�ict history model capturing di�erent aspects of
each country's con�ict history, as de�ned and sourced from the Uppsala Con�ict
Data Program (UCDP), including the time since the last fatal con�ict event, which
type of violence occurred, and which fatality thresholds were reached each month
and year (at least 1, 25, 100, or 500 deaths).

The con�ict onset model A model drawing upon key features from all sub-models
informing the country-level forecasts, trained speci�cally to predict onset of con-
�ict as recorded by the UCDP. Onset is de�ned as the �rst month that a country
reaches or exceeds 25 battle-related deaths (BRDs) after a period of at least 24
months with less than 25 deaths per month.

Macro theme: Governance

The political institutions model A model that describes the political institutions
of a country. From the Varieties of Democracy (V-Dem) dataset,21, this includes
the level of democracy, the degree of enforcement of civil and political rights,
physical integrity as a proxy for freedom from political killings and torture by
the government, freedom of domestic movement, and indicators for rule of law
and access to justice. The model is also informed by data from the CoupCast
project.22

Macro theme: Development

21V-Dem institute (2020)
22CoupCast is based on REIGN data (Bell, Besaw, and Frank, 2021).
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The WDI model A development model broadly capturing the level of development
by country, including the quality of infrastructure and basic facilities, socio-economic
development, national debt, education, unemployment, gender equality, health
care, prevalence of malnutrition and poverty, agricultural dependence, migration
�ows, age structure of the population, and country size. Sourced from the World
Bank's World Development Indicators.23

The growth forecasts model An economic growth forecasts model informed by the
IMF World Economic Outlook (WEO) growth forecasts,24 transformed to the
country-month level of analysis used by the ViEWS system. The WEO data are
published twice per year (in April and October) with values for each metric and
country by year � retrospective data for the previous year, and forecasts for the
current and next two years.

The food prices model A food prices model informed by country-level monthly mar-
ket price averages for wheat, sugar, milk and meat commodities in local curren-
cies, as well as in prices adjusted to current USD. The data are sourced from the
UN Food and Agriculture Organisation (FAO)25 and the World Food Program's
(WFP) Food Price Forecasting and Alert for Price Spikes tool.26

The food security model A food (in)security model informed by all FAOSTAT27

indices on consumer prices, food price in�ation, and food insecurity indicators.
The latter range from access to food and prevalence of malnutrition, to the average
calories intake and nutritional values contained in the average individual diet. The
indices are transformed to the country-month level of analysis used in ViEWS, with
imputation of missing data.

Macro theme: Climate

The water management model A water management model informed by a set of
country-level indicators from FAO AQUASTAT 28 on access to and management
of water resources (disaggregated water conditions are captured by sub-national
models). The selected indicators are based on current hydro-con�ict literature
and Sustainable Development Goals (SDG) reporting on water scarcity measures.
These include total internal renewable water resources (IRWR), total renewable
water resources (TRWR), groundwater �owing to other countries which is not
covered by bilateral or multilateral agreements, total dam storage capacity per
capita, and all indicators included in FAO's monitoring of SGD 6.4 (reducing
water scarcity). FAO AQUASTAT is available for 5-year intervals (the last of
which cover 2013-2017) and missing values are imputed.

Macro theme: Interactions

23WorldBank (2019)
24IMF (2020).
25FAO (2021)
26Seehttps://data.humdata.org/dataset/wfp-food-prices .
27FAO (2021)
28FAO (2021)
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The global multi-feature model A global model drawing upon key features from
all sub-models informing the country-level forecasts, capturing interactions and
non-linearities between the di�erent predictors.

3.2 Sub-national models

The main forecasting model that is used to generate predictions at the sub-national PRIO-
GRID-month level, in turn, is composed of the thematic sub-models that follow:

Macro theme: Con�ict history

The space-time model A con�ict history model capturing both time and space prox-
imity to past con�ict, using con�ict data at the sub-national level sourced from
the UCDP-GED, the geographically disaggregated version of UCDP (Croicu and
Sundberg, 2015).

Macro theme: Human and natural geography

The natural and social geography model A model built on characteristics of the
local terrain, such as cultivated areas, barren lands, forest, mountains, savanna,
shrub, pasture, or urban areas, and social geography features proxying the prof-
itability of each location and its centrality, e.g. the spatial distance to exploitable
resources such as diamonds and petroleum deposits, distance to the capital, the
nearest urban center, and the national border. The model if further informed by
some demographic, socio-economic, and socio-political features, namely popula-
tion density, development variables such as local GDP and infant mortality rates,
and the share of excluded ethnic groups in each location.

Macro theme: Climate and vulnerability

The agro-climatic model An agro-climatic model informed by drought and agricul-
tural features, most importantly the SPEI index of water availability as a mea-
sure of drought (Vicente-Serrano, Beguería, and López-Moreno, 2010), informa-
tion from the MIRCA calendar on the growing season of the main crops, and
Mapspam data on crop harvest and yield. The indicators thus capture not only
the frequency and intensity of droughts but also their impact on the main crops
harvests. It excludes information on vulnerability.

The vulnerability model A model capturing communities' vulnerability to exoge-
nous shocks, such as climate extremes. It includes information on the main drivers
of societal vulnerability acknowledged by the existing empirical literature: the
share of people employed in agriculture as a proxy of agricultural dependence, the
number of excluded ethnic groups as de�ned in the GeoEPR data (Wucherpfennig
and others, 2011), and the average nighttime light emissions as a proxy for eco-
nomic activity. The model excludes the climatic indicators instead captured by
the agro-climatic models below.
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The combined agro-climatic vulnerability model A model informed by the fea-
ture sets from both the agro-climatic model and the vulnerability model in order
to capture how resilience to shocks moderates or exacerbates the negative impact
of climate factors on security. Key features include the SPEI index of water avail-
ability as a measure of drought, information from the MIRCA calendar on the
growing season of the main crops, Mapspam data on crop harvest and yield, and
variables capturing local vulnerability to climate-related impacts, such as socio-
economic and political conditions and the ground, agricultural dependence, and
adaptive capacity in agriculture. Adaptive capacity is a function of how communi-
ties have been exposed to past climate shocks: the higher the variance in climate
conditions in the past, the higher the probability that communities have learnt
how to cope with climate shocks and developed tools/practices to adapt to their
negative impacts.

The combined agro-climatic, natural and social geography model A model com-
bining the feature sets from the natural and social geography model with those
from the agro-climatic model. Informed also by an extensive set of con�ict history
features, this model places less emphasis on drought than the other models that
incorporate such variables. Key variables for this combined model are instead pop-
ulation size and terrain features, particularly the proportions of the given areas
that are cultivated, and the distance to diamond deposits.

Macro theme: Interactions

The cross-level model A cross-level model that interacts features from the sub-
national level with variables at the country level, ensuring that the forecasts at
the sub-national level are informed by those at the country level, and vice versa.

4 Reading and interpreting the forecasts

The ViEWS system draws on hundreds of input variables, all of which contribute to the
forecasts to varying degrees. To arrive at the explanations of the various forecasts like those
presented below, ViEWS makes use of a combination of approaches.

First, the ViEWS system is built on two ensembles of thematic sub-models, each sub-
model drawing on its own related set of con�ict predictors. The relative weighting of the
thematic sub-models into the ensembles is determined by two main approaches: a so-called
EBMA (Ensemble Bayesian Model Averaging)29 approach at the country-month level, and
a simple unweighted average at the PRIO-GRID-month level. Looking at the predictions
from each of these sub-models into the ensembles indicates which variable groups are most
important for a given geographic location or country.

Second, within each of these sub-models, the team inspects which individual variables are
particularly important, as well as how these variables are related to con�ict. For instance,
results from the ViEWS forecasts have shown that risk of con�ict tends to decrease somewhat

29Montgomery, Hollenbach, and Ward (2012)
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when the rule of law variable increases from a very low level, and decrease strongly when rule
of law improves from a moderate level to a fairly high level.

Third, the ViEWS system is complex � many of the input variables are related to each
other, and sometimes the technical results are ambiguous. To guide the overall interpretation,
the ViEWS team also looks to the general academic literature on the causes of armed con�ict
when interpreting new forecasts.30

Last, all predictions come with an uncertainty, or an associated variability around esti-
mates. Uncertainty stems from two main sources: input data and modelling. Input data
capture not only the true, unbiased signal of the actual event but also some random noise;
this is especially the case for data on con�ict events that are prone to errors in data coding.
The construction of forecasting models, in turn, depend on a number of choices ranging from
computational considerations to selection of predictors. Each of these choices can be di�-
cult, and some decisions and adaptions to past events may drive a forecasting model away
from what constitutes the best predictions of outcomes in the future, contributing to the
prediction uncertainty.31 The uncertainties above should be kept in mind when interpreting
results from forecasting systems overall. For a brief evaluation of the how well the ViEWS
system performs, please see Section 6.

5 Forecasts for the UNISS countries of the Sahel, July
2021�June 2024, as of August 2021

5.1 The country-month ( cm ) level

12-month forecasts

The left-hand column of Figure 1 shows the ViEWS forecasts for 25 or more battle-related
deaths per month per UNISS country, for each type of violence. The forecasts were generated
in August 2021 and are based on data up to and including June 2021. The �gure shows
forecasts for June 2022, 12 months after the date of the last available data, but forecasts look
fairly similar for all other months (see Section 5.3).

From the bright red or orange colors in the �gure, we �nd that the risks of reaching such
levels of violence from con�ict between governments and armed groups (state-based violence)
are very high in Nigeria, Mali, Burkina Faso, Cameroon, and Niger. In all of these, the main
model suggests that the 25-deaths threshold will be crossed in more than every second month.
For all �ve of these, such monthly levels of state-based violence has occurred frequently in
recent years.32 Con�ict is also likely in Chad.

30Overall, the results from the ViEWS system are consistent with major conclusions from this literature,
and the interpretation of the predictions are in line with what these studies suggest drive armed con�ict. See
Hegre and others (2019) for a discussion of the relationship to the academic literature.

31For this reason, thorough evaluations of a forecasting system bene�t strongly from looking not only
at the overall performance of the system as a whole, but also at the performance of the many sub-models
that inform it. The ViEWS system has undergone a number of such rigorous evaluations, with subsequent
alterations and improvements to the modeling set-up, presented in e.g. Hegre and others (2021a) and Hegre
and others (2019).

32Unless otherwise stated, all fatality counts and details on con�ict events in this report are derived from
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