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Appendix

A Machine Learning and Forecasting: An Overview

In Table A.1 we provide a brief literature summary of the forecasting literature since 2000. In

this review we focus on articles that try to predict the time dimension of conflict. To provide a

better impression of the part of the literature using machine learning techinques we categorise

the literature along these lines. A recent article using machine learning, Muchlinski et al.

(2016) uses a random forest to select variables for its forecasting model. This paper reports

relatively high AUC but uses fixed characteristics like mountainous terrain to produce the

forecast so that the same set of variables cannot be used in our setting.

Table A.1: Related literature

No machine learning King and Zeng (2001); Rost, Schneider and Kleibl (2009); Gold-
stone et al. (2010); Ward, Greenhill and Bakke (2010); Weidmann
and Ward (2010); Goldsmith et al. (2013); Ward et al. (2013);
Chadefaux (2014); Kennedy (2015); Chiba and Gleditsch (2017);
Chadefaux (2017); Schneider, Hadar and Bosler (2017); Witmer
et al. (2017)

Machine learning Brandt, Freeman and Schrodt (2011); Ward et al. (2012); Bell et al.
(2013); Brandt, Freeman and Schrodt (2014); Muchlinski et al.
(2016); Colaresi and Mahmood (2017)

While we use machine learning, our work relates most closely to work that does not. The

reason is that we use machine learning techniques to summarize the text but then use these

summaries in a way which is more akin to the standard structural part of the literature.

We do this for three reasons. First, we want to compare our results to the existing work

which uses large country panels. Second, because we want to show that text summaries in

topics can, in fact, contribute to our understanding of which factors increase conflict risk.

This is easier to illustrate in classic regression frameworks despite their known weaknesses

in forecasting. The third reason is that the regression framework allows us to analyze which

part of the variation (between or within) does the forecasting. This illustration is less
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straightforward when using machine learning techniques.

B Evaluation Method

In this appendix we discuss the evaluation method we use throughout the article. In the first

step a model is trained by estimating all conflict onsets in t ∈ {1976, 1977, 1978, ..., T} with

the data available until year T .1 Formally, we assume that the policymaker uses a regression

of conflict onset in t + 1 on a set of variables from year xit and fixed effects to train the

model, i.e.

yit+1 = α + βi + xitβ
FE + εit, (1)

where α is a constant and βi is a set of country fixed effects. Note that because only

information until T can be used in this step, the most recent conflict that is used in the

training of the model occurred in year T . To illustrate, assume that a policymaker wants to

forecast conflict in 2016. She would then use conflict outbreaks that happened until 2015 to

train her model.

Once the training is completed the policymaker then uses the trained model to produce

fitted values for T + 1. In this step, the respective estimates for α̂, β̂i, and β̂FE are used

together with the variable values in year T , xiT , to produce the fitted values in T + 1. We

call the fitted values that use the entire model the overall model. Formally, the fitted values

here are given by

ŷoveralliT+1 = α̂ + β̂i + xiT β̂
FE.

We will show that the variation contained in the estimated fixed effects β̂i often dominates the

model xiT β̂
FE in terms of magnitude. For this purpose we also isolate the within variation

1In practice this means that the newest independent variables used are from T − 1 because the idea is to
train a model which is able to forecast T with T − 1.
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in what we call the within model. Formally, the fitted values here are given by

ŷwithiniT+1 = α̂ + xiT β̂
FE.

In the second step, these two sets of fitted values are used to produce forecasts. In

this step, the fitted values are converted into a binary forecast (i.e. we predict peace or

the onset of conflict) depending on whether the fitted value is above a cutoff c or not. For

values below the cutoff no onset, a negative, is forecasted. For fitted values above this cutoff

onset, a positive, is forecasted. These zeros and ones can then be evaluated with the actual

realizations of onset.

These two steps are repeated in several years to get a good impression of the overall

ability of the model to forecast conflict. In our main application, for example, we let T go

from 1995 to 2013 and implement the above steps for all years in between. This means we

first predict conflict in 1996 with information available in 1995. We then predict conflict in

1997 with all information available in 1996 and so forth.

The ROC curves we report evaluate all these predictions together. For this we pool

all the fitted values from each iteration with the sample until T and compare them to the

respective realization for T + 1.

C Discussion of Existing Models

We use five models to forecast conflict. The first model uses two variables provided in the

replication dataset for Miguel and Satyanath (2011), contemporaneous rainfall growth and

lagged rainfall growth for about 40 African countries.

The second model uses six variables from the replication dataset from Besley and Persson

(2011). Their model combines proxies for external economic shocks (membership of the

security council as a measure for an aid shock and natural disasters) together with a dummy

for the post-cold war period and a measure of political constraints in the country. We use
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their measure of good institutions which is based on executive constraints from Polity IV

and generate interaction variables between this variable, the post-cold war variable and the

security council membership. We also include the interaction between the good institutions

dummy and natural disasters. In all of this we follow the replication do files provided with

the data.

The third model we use is from Goldstone et al. (2010). We follow their generation of

the political institutions dummies closely. These measures are based on various dimensions

of the Polity IV data. We also add the newest data on child mortality from the World Bank

and the share of population which is discriminated from the Geographical Research On War,

Unified Platform (GROWup) Girardin et al. (2015). This is a slight deviation from the

original model in Goldstone et al. (2010). However, the discrimination variable is extremely

robust within-sample so that we doubt that this lowers the ability of this model to forecast.

Finally, we add a dummy for armed conflict in more than four neighboring countries.

The final two models are based on news. The fourth model counts the keywords defined

by Chadefaux (2014) in our 700,000 articles. These are the following: tension(s), crisis, con-

flict, antagonism, clash, contention, discord, dissent, disunion, disunity, feud, division, fight,

hostility, rupture, strife, attack, combat, shell, struggle, fighting, confrontation, impasse. To

the keyword count, the word count and their interaction, the model adds the number of

years since the last conflict, the number of years squared and cubed.

The fifth model is based on Ward et al. (2013) and includes events and a range of political

and institutional indicators. We use the ICEWS database, which was assembled using the

Raytheon/BBN Serif/ACCENT coder.2 From this event data, we construct the number

of high-intensity conflict events (for example, protests, fighting, killings) and low-intensity

conflict events (for example, demands or threats) taking place between the government and

opposition groups.3 In addition, we add autocracy and democracy scores, the share of

2Prior to 2012, ICEWS used the Kansas-based TABARI coder (and a Lockheed-produced derivative
called JABARI).

3We also tested a model using dummies for whether there were high or low intensity events and find very
similar results.
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population excluded and the share squared, log child mortality, a dummy for armed conflict

in more than four neighboring countries, and the share of population discriminated against.

For the event data and the keyword counts, we test a model including only these variables,

i.e. excluding institutional variables. For events we use counts of high intensity events of

dissidents, ethnic groups, opposition, or any domestic group versus the government, as in

Ward et al. (2012). For keywords and events we find that focusing on news data improves

the predictive power of the within variation.

We merge these different data with data on battle-related deaths from UCDP/PRIO. In

the construction of our internal war variable we tried to err on the inclusive side, i.e. within

reasonable boundaries of doubt we want to code a year as a conflict year if some violence

took place. We want to be inclusive because we want to consider as much ongoing violence as

possible. We therefore count battle-related deaths in internal and internationalised internal

conflicts. The latter includes, for example, casualties caused by international terrorism and

violence in Afghanistan. We use the best estimates for battle-related deaths and define

armed conflict as a year with at least 25 battle-related deaths and a year of civil war as a

year with at least 1000 battle-related deaths. In addition, we code a year as being in conflict

if the mean between the low and the high estimate crossed these thresholds. We have run

robustness checks in which we both expand and restrict this definition - results always stay

similar.

In order to improve comparability across models we only include countries with more

than 1 million inhabitants, which causes us to drop only about 0.2 percent of the world

population. Summary statistics for all variables in our sample are in Table C.1.
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D Formal Discussion of LDA and the Gibbs Sampler

The LDA generates a stream of observable words, wm,n, partitioned into documents, which

are vectors of words, wm, i.e. the order of words does not matter.4 The model assumes that

for each of these documents, a vector of topic proportions, ηm, is drawn from a Dirichlet

distribution Dir(α). From this, topic-specific words are emitted. That is, for each word, a

topic indicator zm,n is sampled according to the document-specific mixture proportion, and

then the corresponding topic-specific term distribution, ϕzm,n , is used to draw a word. The

topics ϕk are sampled from a Dirichlet distribution Dir(β) once for the entire corpus. The

key in estimating this model is that only the wm are actually observed. Everything else needs

to be backed out. Typically, the elements of the vectors α and β are assumed to be the same

for all documents and topics, respectively. The LDA model can therefore be described by

three parameters α, β and the number of topics K.

For statistical inference we use a Gibbs sampling technique, which is a Markov chain

Monte Carlo method. At the very heart of the algorithm is the likelihood that a word i in

a document m is attributed to topic k in a step of the chain. Denote the term of word i as

t and assume the total number of terms is V . The likelihood of attributing i to k is then

p (zi = k | z−i, w) ∝
n

(t)
k,−i + β

V∑
t=1

n
(t)
k,−i + β

·
n

(k)
m,−i + α[

K∑
k=1

n
(k)
m + α

]
− 1

where n
(t)
k,−i is the frequency by which word i was attributed to the same topic generally and

n
(k)
m,−i is the frequency by which all other words in the same document m are attributed to

the topic. The equation above highlights the role played by co-occurrence. The algorithm

forms topics around terms t that appear together in many documents. The probability(
n

(k)
m,−i + α

)([∑K
k=1 n

(k)
m + α

]
− 1
)−1

ensures that if a lot of terms in a text are attributed

to the same topic then it is more likely that token i in the same text will also be attributed

4The following description is based on Heinrich (2009).
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to the same topic. High values of α imply that each article is likely to consist of a mix of

many topics. Analogously, a high value of β favours a topic to contain a mixture of most

words, whereas low values allow topics to consist of a limited number of prominent words.

We let the chain run for 1000 iterations.5

E Robustness of Main Findings

In this section we discuss the robustness of our main findings.

E.1 Conflict Incidence

In principle, both the prediction of onset and incidence should be of interest. Predicting

onset is a lot more demanding as we have to estimate the parameters of the model from a

reduced sample of years. Incidence is of interest as it produces an overall measure of start,

continuation and end of conflict. However, since most conflicts contain a large number of

consecutive conflict years, findings here are driven to a large degree by conflict continuation

and not onset or end of conflict.

Our topic model performs extremely well when predicting conflict incidence, as can be

seen in Figure E.1. The overall model can predict 90 percent of both civil wars and armed

conflicts correctly at a FPR of only 20 percent. At a false positive rate of 50 percent the

true positive rate is close to 1. A large share of this forecasting power comes from the within

variation. When predicting civil wars the within variation reaches a TPR rate of 80 percent

for a FPR of 20 percent. For armed conflict the within variation of the news model performs

less well but still generates a TPR of above 60 percent for a FPR of 20 percent. The better

performance of the incidence models is driven, to a large degree, by the fact that conflict

follows conflict. Nonetheless, we believe that the fact that topics can pick this up is useful.

5The C++ Gibbs Sampler we use is provided by Phan and Nguyen (2007). We use the default values for
burn-in and thinning. For a detailed and user-friendly description of the usage of LDA for topic modelling,
we refer to Heinrich (2009).
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Figure E.1: ROC Curves for Incidence (Topics Model)
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a) Civil War
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b) Armed Conflict

Overall Model Within Model

Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

E.2 More or Less Topics

One important question is whether the forecasting performance is sensitive to the number

of topics we have chosen. Note that for each topic model we estimate, we need to estimate

the model for multiple final years T . As a consequence the estimation of a topic model with

15 topics takes about ten days. For more topics the time increases considerably. While we

have mostly stuck to standard assumptions, our experiments with different values for α and

β did not reveal any systematic effect on predictions. The number of topics, however, does

affect performance.

Figures E.2, E.3, and Figure E.4 show the performance with 5, 50, and 70 topics, respec-

tively. When we move to less topics the performance only suffers slightly, whereas the drop

in predictive power is more pronounced with substantially more topics due to overfitting.
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Figure E.2: ROC Curves for Onset (Five Topics)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains five topics as

θit derived using LDA with α = 10 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

E.3 Combining Topics With Other Information

An important question is whether our news model can add to an existing standard model.

This is the approach typically taken by the political science literature, which augments

existing models with news data. As it is the natural benchmark for our analysis, we use

a model which includes four political regime dummies from polity IV, infant mortality, the

share of the population that is discriminated against, and a dummy that captures whether

more than three neighboring countries had an armed conflict. To this we add the 15 topics.

In Figure E.5 we show that, building on this model (based on Goldstone et al. 2010) the

topic shares add forecasting power. For civil war the AUC of the overall model increases

from 0.79 to 0.84 and from 0.77 to 0.78 for armed conflict due to the inclusion of our topics.

The greatest gains are for the within model, with an increase of AUC from 0.64 to 0.78 and

0.61 to 0.69, respectively. However, note that the augmented model performs worse than the

topic model alone across all dimensions, except for the AUC of the overall model for armed

conflict, which stays the same.
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Figure E.3: ROC Curves for Onset (50 Topics)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 50 topics as

θit derived using LDA with α = 1 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

Given that civil war often follows weaker forms of violence, we address the question

whether topics are capable of improving upon a prediction that uses armed conflict to predict

civil war onset. In panel (a) of Figure E.6 we present ROC curves for a prediction model

including country fixed effects and an armed conflict dummy. Therefore, the model basically

is meant to predict conflict escalation. We see that both the overall and the within model

have strong predictive power. However, in panel (b) we see that when we add our topics, the

AUC increases, in particular for the within model. Therefore, topics do not merely provide

information about lower levels of violence, but add substantial information to the prediction

of civil war (such as the disappearance of “peaceful” topics emphasized in Section 7).

In Figure E.7 we report the precision, i.e. the fraction of onset warnings that actually

turn out to be onsets, for the within model using the armed conflict dummy versus combining

the armed conflict dummy with our topics. We see that the within model using the armed

conflict dummy achieves a precision of about 10 percent, while combined with our topics the

precision doubles for most true positive rates.
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Figure E.4: ROC Curves for Onset (70 Topics)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 70 topics as

θit derived using LDA with α = 0.67 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

Figure E.5: ROC Curves for Onset (Economic and Political Model Plus Topics)
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Notes: The Economic and Political is based on Goldstone et al. (2010) and includes four political regime

dummies from polity IV, infant mortality, the share of the population that is discriminated against, and a

dummy that captures whether more than three neighboring countries had an armed conflict to which we

add topics based on 15 topics computed using LDA with α = 3.33 and β = 0.01. The within model is the

overall model net of country fixed effects as presented in equation (3).
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Figure E.6: ROC Curves for Onset of Civil War (Topics Model Combined with Armed
Conflict Dummy)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

Figure E.7: Precision Recall Curves Using Only Within Model (Topics Model Combined
with Armed Conflict Dummy)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. Both lines

are from the within model, which is the overall model net of country fixed effects as presented in equation

(3).
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E.4 Other Conflict Definitions and Other Outcomes

We have also experimented with the type of conflict we predict. To do this we have changed

our conflict definition to include all types of conflict (including external wars). Results

remain as can be seen in Figure E.8. We have also used only battle-related deaths occurring

in internal wars and have used only the best estimate of those. Our within results are getting

slightly stronger under this more restrictive definition of internal conflict. In addition, we

have experimented with a different dataset on political violence used by Besley and Persson

(2011). Here, violence includes purges from the dataset of Banks (2005) and data on armed

conflict from the Armed Conflict Database. Our model is able to forecast both incidence

and onset of political violence in this data (panel (a) in Figure E.9). In particular, the

within and overall model perform similarly. However, the predictive power when forecasting

onset is reduced considerably. This likely reflects the fact that only relatively few onsets

occur in the shorter period of time (1996-2005). We also follow Mueller (2016) and define

conflict as an armed conflict that exceeded an intensity of 0.08 battle-related deaths per 1000

inhabitants. The idea here is that the importance of the event at the country level should

follow a per-capita logic. A conflict with 25 casualties in India, for example, might not be as

newsworthy for national news agencies as if the same event would take place in Venezuela.

Again our topic model exhibits high predictive power using the within and overall variation

as can be seen in panel (b) of Figure E.9.

In Figure E.10 we use the upper bound estimated for battle deaths by PRIO to define

armed conflict and civil war. Compared to using the “best” estimate provided by PRIO as

in Figure 4, there are no notable changes to the AUC. This finding provides further evidence

that our methodology is not sensitive to conflict definitions or any specific type of conflict.

Moreover, we test our predictive power concerning refugees, an outcome closely related

to violence and reported by the UNHCR. We use this data to construct the total number of

refugees who have left their country of origin. In light of the discussion of news biases this

data has the advantage that it is collected using registers, surveys, registration processes and
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Figure E.8: ROC Curves for Onset Including International Conflicts (Topics Model)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

censuses.

The number of refugees is almost uniformly distributed from 1 to several million, which

makes the choice of the right cutoff difficult. We, therefore, take an agnostic approach and

define two cutoffs so that we get ten percent and five percent of country-years with a number

of refugees above the threshold. This gives us cutoffs of 30,000 and 130,000 refugees. The

resulting dummy variables have frequencies comparable to armed conflict and civil war.

We then use our topic model to test whether we can predict whether a large number

of refugees will leave the country in the next year. In panel (a) of Figure E.11, we show

that the onset of more than 130,000 refugees can be predicted somewhat with our model.

In panel (b) we predict the onset of 30,000 refugees and results are very similar. What is

striking here is that the overall and within models perform very similarly, with the within

model sometimes exceeding the relatively weak predictive power of the overall model. This

is important as refugee numbers are often reported by local aid agencies and not by news

agencies. News are therefore able to forecast events not mainly collected by news sources
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Figure E.9: ROC Curves for Onset of Repression and Conflict in Per Capita Terms (Topics
Model)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

(as most of the violence is).

We also use our model to forecast conflict onset one or two years before it happens.

The results, displayed in Figure E.12 are qualitatively similar to our main results. However,

an interesting change is that while the overall model performs almost as before, the within

model performs slightly worse. This underlines the difference in the logic between these two

models. Predicting the onset of conflict is harder two years before it occurs if one wants to

predict the timing of it.

E.5 Robustness Across Space and Time

One remaining question is whether topics are capable of predicting conflict consistently across

pace and time or whether the predictions are a very local phenomenon. In Figure E.13 we

present evidence that topics are consistently capable of predicting conflict across regions.

Here we present the results when comparing ranked predictions within Africa and Asia, and

17



Figure E.10: ROC Curves for Onset With High PRIO Estimates (Topics Model)

0
.2

.4
.6

.8
1

T
ru

e
 P

o
s
it
iv

e
 R

a
te

0 .2 .4 .6 .8 1
False Positive Rate

AUC: Overall Model .86, Within Model .83

a) Civil War

0
.2

.4
.6

.8
1

T
ru

e
 P

o
s
it
iv

e
 R

a
te

0 .2 .4 .6 .8 1
False Positive Rate

AUC: Overall Model .77, Within Model .73

b) Armed Conflict

Overall Model Within Model

Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

see that the model maintains predictive power across regions. Breaking the ROC down by

further subregions does not affect this finding.

In Figure E.14 we exhibit the performance of the model for every single year. The

predictive power does not seem to exhibit a time trend or any particularly weak prolonged

interval, i.e. the model seems to be valid across time. This finding is strengthened by Figure

E.15, for which we rank predictions within each year before generating the aggregate ROC

curves. Again, we see that the AUC is high for the overall and within model for both civil

war and armed conflict.

E.6 Comparison to Counts and Events

As explained in the text it is interesting to look at word counts and events without the

additional standard variables and compare them to topics. As most standard variables do

not provide useful within variation this is the much better comparison. There are two views

here. If topics only provide noise through their depth and width then simple keywords and
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Figure E.11: ROC Curves for Refugee Flows
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

conflict events should be more useful for forecasting. If there is actual information contained

in depth and width then topics should help.

In Figure E.16 we first show ROC curves for civil wars and in Figure E.17 we show armed

conflicts. To make the comparison easier we always report the ROC curves for the event and

keyword count models as blue lines and the ROC curve of the topic model as red dashed

lines. We always show the overall performance in panel (a) and the within performance in

panel (b). From this it is clear that events and keywords are better predictors without the

standard variables included in the original model and that topics are still able to forecast

the timing better.

E.7 Robustness Using Logit Without Country Fixed Effects

In Figure E.18 we present the results of a logit model without country fixed effects; a model

which has been popular in the literature due to its prediction bound between 0-1, which

therefore is interpretable as a probability. In each panel we compare the results for a model
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Figure E.12: ROC Curves for Onset Two Years Before Conflict (Topics Model)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

from the literature to the performance of the topic model only for years and countries in

which we have predictions of both models. We add the keyword count model excluding the

variables concerning how many years have passed since the last conflict, as well as the event

model with events only (see Appendix C for more information on the included variables).

Both of these news-based models rely on additional information in the cross-section, which

captures the between variation well, as indicated by the performance drop when removing

these variables and the good performance of the model using only the variables capturing

years since conflict.

This exercise highlights that the predictive capacity of the information captured by our

topic shares is not limited to using a linear probability model with country fixed effects, i.e.

topics can predict conflict whether using a logit or a fixed effect framework. Again topics

outperform all other models. However, we emphasize that using a logit model comes at the

cost of not being able to separate the between from the within variation. Using a conditional

logit model, which is similar to incorporating country fixed effects, is also not a remedy. In
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Figure E.13: ROC Curves for Onset by Region (X-Axis: FPR, Y-Axis: TPR)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as θit derived using

LDA with α = 3.33 and β = 0.01, which are aggregated at the country-year level. The within model is the overall model net

of country fixed effects as presented in equation (3).
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Figure E.14: ROC Curves for Onset by Year (X-Axis: FPR, Y-Axis: TPR)
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Overall Within

Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as θit derived using

LDA with α = 3.33 and β = 0.01, which are aggregated at the country-year level. The within model is the overall model net

of country fixed effects as presented in equation (3).
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Figure E.15: ROC Curves for Onset Ranked Within Year (Topics Model)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains 15 topics as

θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year level. The within

model is the overall model net of country fixed effects as presented in equation (3).

order to predict using a conditional logit model, one needs to make arbitrary assumptions

about the “fixed effect” of a country that either never or always has been experiencing

conflict. These arbitrary assumptions will determine whether countries without conflict will

ever be considered at risk.

By comparing the ROC curves in E.18 to those produced with a linear probability model

with country fixed effects, which are exhibited in Figures I.2 and I.3, we can tell that the

logit model seems to produce a slightly higher AUC. The highest AUC our topic provides for

civil war is 0.92, compared to 0.87 produced using the linear probability model. For armed

conflict, the AUC combining topics with the variables capturing years since last conflict

achieve an AUC of 0.84, which is higher than the 0.77 achieved with topics in the linear

probability model. However, it is now again unclear whether the forecast relies on useful

within variation or simply exploits the between variation.
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Figure E.16: ROC Curves for Onset of Civil War Comparing Only for Overlapping Predic-
tions of News Models (X-Axis: FPR, Y-Axis: TPR)
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Notes: Predictions result from a panel estimated as in equation (2). The variables included for each model

as xit are specified in Appendix Table C.1. The within model is the overall model net of country fixed effects.

Here we only include predictions for country-years where we have predictions for both the comparison and

the topic model.
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Figure E.17: ROC Curves for Onset of Armed Conflict Comparing Only for Overlapping
Predictions of News Models (X-Axis: FPR, Y-Axis: TPR)
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Notes: Predictions result from a panel estimated as in equation (2). The variables included for each model

as xit are specified in Appendix Table C.1. The within model is the overall model net of country fixed effects.

Here we only include predictions for country-years where we have predictions for both the comparison and

the topic model.
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Figure E.18: ROC Curves for Onset Comparing Only Overlapping Predictions Using Logit
(X-Axis: FPR, Y-Axis: TPR)
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Notes: For a description of included variables for each model, we refer to E.7 or Appendix Table C.1.

In contrast to all other estimations presented in the paper, here we use logit instead of a linear probability

model. Here we only include predictions for country-years where we have predictions for both the comparison

and the topic model.
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E.8 Using Neural Networks With Topics to Predict Onset

In order to bridge the gap to the existing machine learning and forecasting literature we also

use a neural networks technique to forecast conflict with topics. We split the sample with

all information until year T into 70% trainings and 30% validation and trained the neural

network with 10 hidden layers. As the following step we predict conflict onset in T + 1

out-of-sample to generate the ROC curves in Figure E.19. The red dashed line reports a

ROC curve of using our topics within a neural network setting. The gains over our within

model in Figure 4 are modest. These moderate gains are in line with findings by Goldstone

et al. (2010) who find little improvement when switching to neural networks from simpler

regression models. In addition, there is no obvious way to investigate whether the forecast

uses the within or the between variation to do the forecast. The blue line adds country

dummies and here the forecast for armed conflicts becomes much worse. We think this is

because of an “overfitting” to the data due to the large number of dummies.

Figure E.19: ROC Curves for Onset (Neural Networks)
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Notes: Predictions result from a neural network with a sample-split of 70% trainings and 30% validation

sample and 10 hidden layers. The topics contain 15 topics as θit derived using LDA with α = 3.33 and

β = 0.01 and are aggregated at the country-year level. The country fixed effects models contain a dummy

for each country.
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E.9 Using Only Conflict Topics to Predict Conflict

In order to evaluate the contribution of conflict topics we run an additional robustness check

in which we include only conflict topics (up to 3) in all years.6 The result of this attempt

are in Figure E.20. The predictive power for both armed conflict and civil war is now lower

indicating that stabilizing topics play an important role.

Figure E.20: ROC Curves for Onset (Only Conflict Topics)
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Notes: Predictions result from a panel estimated as in equation (2). The topic model contains the three

conflict topics as θit derived using LDA with α = 3.33 and β = 0.01 and are aggregated at the country-year

level. We only include the three conflict topics and renormalized so that the three topic shares sum to 1.

The within model is the overall model net of country fixed effects as presented in equation (3).

6We re-normalize the conflict topic shares so they add up to one. Results here are robust to not doing
this.
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F Bias in the Overall Model Against New Onsets

In this section we show that there can be a bias against new conflicts when using country

fixed effects in a forecasting model. We show this first theoretically and then report on a

simulation.

Assume that our entire topic model could be captured by a simple dummy xit ∈ {0, 1}

which we call “conflict news”. High conflict news (xit = 1) are followed by conflict onset with

a (small) probability of η ∈ (0, 1). This is in addition to a baseline probability of conflict

onset ε. Imagine that each country has its own individual probability of generating conflict

news pi ∈ [0, 1]. Given the relationship between conflict and conflict news this implies a

country-specific propensity for conflict onset of ε+ pi ∗ η.

Assume a situation in which we have T years within sample and are trying to forecast

the year T + 1. In the fixed effects regression

yit+1 = α + βi + xitβ
FE + εit (2)

the estimated βFE will capture the relationship between news and onset a year later within

the sample. This relationship is stochastic because η is a probability. In other words, there

will be many years in which there are conflict news which are not followed by conflict.

Depending on the realisations of news and conflict this stochastic relationship generates

different biases in the overall sample compared to the within sample.

Imagine two countries, one with a very low probability of generating conflict news and

one with a higher probability of generating conflict news. Assume further that both countries

did not experience conflict up until T . However, due to constant reporting on conflict in the

country with a lot of news (and higher risk) the estimated fixed effect β̂i will be lower, i.e.

more negative, than in the low risk country. The more news are generated without a conflict

onset, the lower will be the estimated fixed effect.

In the overall model this has the effect of biasing the playing field against the risky
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country. Conditional on a conflict-free history we have that

E
[
ŷoveralliT+1 | xiT

]
low risk

> E
[
ŷoveralliT+1 | xiT

]
high risk

.

However, in the within model we have

E
[
ŷwithiniT+1 | xiT

]
low risk

= E
[
ŷwithiniT+1 | xiT

]
high risk

.

This matters because our evaluation of the forecast relies on the relative ranking between

countries in a given year. In the overall model the high-risk country will be ranked lower

than the low-risk country for the same true risk. Naturally, the reverse is true for histories

with conflict realisations. The overall fitted value will attribute a higher risk in these cases.

How important is this problem in practice? In order to get an idea of the size of the

problem we have run 100 iterations of the above model with random realisations of conflict.

In each iteration we pick values of pi and η to match the likelihood of a conflict onset at the

country level i in the actual data. We first assume a value for η and then calculate

pi = ȳi/η

for each country.7 For every year we then draw a news shock and if xit = 1 we use the

likelihood η to generate random onsets in the next year. In addition to this we add some

completely random conflict onsets with a small probability of ε.8

We then implement our forecasting methodology on the 100 different simulated samples

and calculate for each sample the average ranking in country-years followed by conflict which

are generated by the two models ŷoverallit+1 and ŷwithinit+1 .

Finally, we separate onsets which take place in country-years without previous onsets

7As far as we can tell the values assumed for η do not change our results. In any case, we want to use a
low probability to generate a lot of noise in the model. We report results for η = 0.1.

8For simplicity we treat every conflict onset as an onset even if it is right after an onset in the previous
year. Since conflict in the simulated data is iid this is not a problem.
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and those that followed other onsets. The results of this exercise are striking. The overall

model almost completely fails to spot first onsets. The average ranking of first onsets in the

model is around 100 out of 146 compared to under 70 in the within model. This changes for

repeated onsets where the overall model becomes relatively better and produces an average

rank of 34 compared to 39 in the within model.

Note, that here we assumed that the true model is one where there is useful within-

country variation, i.e. that xit = 1 is a useful predictor. This is what makes the within

model powerful.

G Conflict and Non-Conflict Topics

In the robustness section we have shown that even when we exclude conflict topics in our

forecasting exercise, our model maintains a good share of its forecasting ability. In this

section we demonstrate that the separation of conflict and non-conflict topics means that

conflict topics will capture all potential information directly linked to fighting events. We

are therefore left with variation which is unlikely to be linked to fighting. We will do this

in two steps. First, we illustrate how topics help to summarize text through probability

distributions across tokens. The nature of those tokens differs dramatically across topics so

that different parts of the text are captured by conflict topics and non-conflict topics. Second,

we show that, consistent with this, the share of non-conflict topics falls before conflict onset

and falls further (with one exception which we discuss) once conflict starts.

G.1 How Topics Deal with Text

First, we turn towards how the topic model categorizes text into different topics. Take the

example of a randomly chosen piece of text published in the NYT on March 29th 1991 on

Libya presented in Figure G.1a. After throwing out stop-words and lemmatizing, the piece
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of text looks as displayed in Figure G.1b.9 These words (and their two- and three-word

combinations) are fed into the Gibbs sampler to generate the topics.

We then use the topics, i.e. the probability distributions over tokens, to identify what topic

a text is written on. We now illustrate this step by displaying the probability distribution

of two topics in the text. We start with our “tourism” topic which is negatively correlated

with conflict. The darker a token in Figure G.1c, the more likely it is to be drawn when

the journalist writes about tourism. The most likely tourism tokens in the text are “new”,

“american” and “year” which are rather generic tokens that are likely in many topics. It is

therefore no wonder that our classification method attributed only 4 percent of the text to

tourism (i.e. less than if it were random).

However, the picture changes dramatically when we overlay the probability distribution

of one of the conflict topics in the Figure G.1d. Now tokens like “forc”, “armi”, “troop”

or “combat” become darker. In general, many more tokens are displayed in darker shade

now. This means that the text is much more likely to be generated by a journalist writing

on conflict. Not surprisingly, the text has a higher share conflict (27 percent) .

This is a general feature of the topic model we estimate. Conflict topics are identified

by a different set of tokens than non-conflict topics. This means that topics use very long

lists of terms with particular weights but the lists differ significantly across topics. For

an illustration we plot the use of terms in two different topics in Figure G.2. The figure

shows the cumulative probability distribution of a conflict topic with respect to the 10,000

most likely phrases in the topic as a red line. The conflict topic needs more than 2,000

top terms to reach 80 percent of its probability mass and has not reached 90 percent at the

10,000th term. Other topics consist of different lists of terms. To make this clear, we plot

the cumulative distribution of the justice topic (as a green dashed line) over the same terms.

As the distribution of probabilities in this topic differs markedly the cumulative distribution

9We additionally try to remove names of people, identified by a library of names and the usage of
titles, such as “Mr” or “Mrs”. We use the Natural Language Toolkit dictionary of names for males
“names.words(‘male.txt’)” and females “names.words(‘female.txt’)”.
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Figure G.1: Transforming Raw Text Into Topics

(a) Raw text

The exiled Prince Idris of Libya has said he will take control of a
dissident Libyan paramilitary force that was originally trained by
American intelligence advisers, and he has promised to order it into
combat against Col. Muammar el-Qaddafi, the Libyan leader. The
United States’ two-year e↵ort to destabilize Colonel Qaddafi ended
in failure in December, when a Libyan-supplied guerrilla force came
to power in Chad, where the original 600 commandos were based.
The new Chad Government asked the United States to fly the
Libyan dissidents out of the country, beginning a journey that has
taken them to Nigeria, Zaire and finally Kenya. So far, no country
has agreed to take them permanently. The 400 remaining
commandos, who have been disarmed, were originally members of
the Libyan Army captured by Chad in border fighting in 1988.
They volunteered for the force as a way of escaping P.O.W. camps.
”Having received pledges of allegiance from leaders of the force,
Prince Idris has stepped in to assume responsibility for the troops’
welfare,” said a statement released in Rome by the royalist Libyan
government in exile. It was overthrown in 1969.

(b) Without stop words and lemmatized

the exil princ idri of libya has said he will take control of a dissid
libyan paramilitari forc that was origin train by american intellig
advis and he has promis to order it into combat against col
muammar el qaddafi the libyan leader the unit state two year e↵ort
to destabil colonel qaddafi end in failur in december when a libyan
suppli guerrilla forc came to power in chad where the origin 600
commando were base the new chad govern ask the unit state to fli
the libyan dissid out of the countri begin a journey that has taken
them to nigeria zair and final kenya so far no countri has agre to
take them perman the 400 remain commando who have been
disarm were origin member of the libyan armi captur by chad in
border fight in 1988 they volunt for the forc as a way of escap camp
have receiv pledg of allegi from leader of the forc princ idri has step
in to assum respons for the troop welfar said a statement releas in
rome by the royalist libyan govern in exil it was overthrown in 1969

(c) Tourism topic intensity (4%)

the exil princ idri of libya has said he will take control of a dissid
libyan paramilitari forc that was origin train by american intellig
advis and he has promis to order it into combat against col
muammar el qaddafi the libyan leader the unit state two year e↵ort
to destabil colonel qaddafi end in failur in december when a libyan
suppli guerrilla forc came to power in chad where the origin 600
commando were base the new chad govern ask the unit state to fli
the libyan dissid out of the countri begin a journey that has taken
them to nigeria zair and final kenya so far no countri has agre to
take them perman the 400 remain commando who have been
disarm were origin member of the libyan armi captur by chad in
border fight in 1988 they volunt for the forc as a way of escap camp
have receiv pledg of allegi from leader of the forc princ idri has step
in to assum respons for the troop welfar said a statement releas in
rome by the royalist libyan govern in exil it was overthrown in 1969

(d) Conflict topic intensity (27%)

the exil princ idri of libya has said he will take control of a dissid
libyan paramilitari forc that was origin train by american intellig
advis and he has promis to order it into combat against col
muammar el qaddafi the libyan leader the unit state two year e↵ort
to destabil colonel qaddafi end in failur in december when a libyan
suppli guerrilla forc came to power in chad where the origin 600
commando were base the new chad govern ask the unit state to fli
the libyan dissid out of the countri begin a journey that has taken
them to nigeria zair and final kenya so far no countri has agre to
take them perman the 400 remain commando who have been
disarm were origin member of the libyan armi captur by chad in
border fight in 1988 they volunt for the forc as a way of escap camp
have receiv pledg of allegi from leader of the forc princ idri has step
in to assum respons for the troop welfar said a statement releas in
rome by the royalist libyan govern in exil it was overthrown in 1969

Notes: The text in panel (a) was published in the NYT on March 29th 1991. Panel (b) shows the text

after removing stop words and lemmatizing. Panel c) shows darker shades for tourism words and panel d)

for conflict words.
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of the justice topic does not even reach 40 percent of its probability mass in the 10,000 terms

most likely in the conflict topic, i.e. the justice topic is composed by a different set of terms

among the 800k terms we use.

Figure G.2: Cumulative Overlap Between Tokens in Conflict and Justice Topic
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Notes: This figure displays the number of tokens (x-axis) ordered by probability (from high to low) within

the conflict topic. The y-axis displays the cumulative density of the conflict topic (red solid line) and the

justice topic (green dashed line) covered.

The rapid increase in both cumulative densities towards the left of the graph is due to

common, generic tokens such as “american” in the example above. The top terms which

appear in both the justice topic and the conflict topic are listed in the left column of Table

G.1. The top shared terms are are words like report, american or use, none of which suggest

any fighting or even preparation for armed struggle. For comparison we also display the joint

words with the other conflict topic in the right column. The list contains words like attack,

kill and bomb which are directly linked violence.

This feature of the topic model allows us to exclude the variation most related to conflict

by excluding the conflict topics. Another way to see this is to look at the token lists that

our non-conflict topics rely on. We report these in Table I.1. Nothing here indicates that

these topics are used to describe fighting events.
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Table G.1: Joint tokens between topics

Joint tokens of conflict2 Joint tokens of conflict2
and justice and conflict1

offici attack
report kill
offic offici

american report
unit bomb

govern secur
oper offic
say citi

accord govern
use today

Note: The table displays overlapping words amongst the 50 most prominent words in the
conflict2 and justice topic (left column) and the conflict1 and conflict2 topic (right column).

G.2 Non-Conflict Topics and Conflict

Next we show how writing on non-conflict topics changes before and in conflict. To do so

we run fixed-effects regressions of topic shares on the left hand-side. On the right-hand-

side we put a dummy for conflict years and, importantly, a dummy that indicates a year

before the onset of conflict. If non-conflict topics would capture violence indirectly then we

would expect there to be a significant and positive relationship between their topic share

and indicators of conflict.

In Panel A of Table G.2 we report the relationship between armed conflict and our topic

shares. We find no positive significant relationship between the year before onset and topic

shares. In addition, most coefficients are negative and one, on justice, is significant. In Panel

B we report the relationship with civil war. Here the picture is even more pronounced now

with three topics falling before the outbreak of civil war.

In addition, we find that conflict years, both armed conflict and civil war, are strongly

and negatively related to the share written on non-conflict topics. The only exception is

the topic int.relations2 which increases significantly with both armed conflict and civil war.
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Note, however, that the share of this topic only increases significantly after conflict has

started. This means it does not predict conflict. From Appendix Table I.1 we can see that

the topic contains country names and tokens like “soviet” or “european” but no token that

would indicate fighting. We can therefore potentially interpret the positive correlation with

fighting as diplomatic actions taken in the face of internal violence.

These negative relationships stand in sharp contrast to the positive association between

conflict topics and conflict as shown in Table G.3. All three conflict topics in the 2013 topic

model increase before conflict starts and get an additional boost in conflict years. This

further highlights how effective topics are in capturing the realities in the respective country.

Given that conflict topics contain tokens which would be used to describe fighting and the

positive relationship with the conflict year dummy, we cannot rule out that some fighting

takes place before PRIO/UCDP code an armed conflict. However, this would not explain

the findings of Section 7.

In summary, we have demonstrated that topics are an effective way to exclude tokens

which might relate to fighting events. We have shown that this is because the large number

of tokens used to define conflict topics are different from the ones used to define non-conflict

topics. Finally, if anything, non-conflict topics fall before conflict onset so that a direct

relationship between non-conflict topics and fighting events can be ruled out.
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Table G.3: Relating conflict topics to conflict

Dependent variable: Conflict topic shares
Armed conflict Civil war

(conflict1) (conflict2) (conflict3) (conflict1) (conflict2) (conflict3)
One year before 0.016*** 0.012*** 0.006** 0.010** 0.035*** 0.019***

(0.003) (0.004) (0.003) (0.004) (0.006) (0.004)
Conflict year 0.013*** 0.053*** 0.029*** 0.006*** 0.060*** 0.035***

(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)
Country FE Yes Yes Yes Yes Yes Yes
R2 0.010 0.075 0.056 0.002 0.067 0.056
Observations 5367 5367 5367 5367 5367 5367

Notes: The results stem form an OLS regression including a constant with a single topic share
specified in the heading as dependent variable. One year before is a dummy taking the value
one one year before conflict and zero otherwise. Conflict year is a dummy taking the value
one during conflict and zero otherwise.

38



H Case Study

In Table H.1 we report the 5 countries with the highest risk of conflict onset in the following

year according to the within and overall model. We report this list for the years 2010, 2005

and 2000. Estimates for 2010, for example, are out-of-sample predictions for onset in 2011.

We chose 2010 as it precedes particularly many onsets in 2011. We then chose 2005 and

2000 to provide equally spaced alternative years. As can be seen in Figure E.14 the AUCs in

the selected years are slightly higher than average for civil wars but around the average for

armed conflict. The table also reports onsets which were not among the first five countries

with their respective rank in that year.
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Table H.1: Case study

Panel A: Civil war
Overall model Within model

Rank Country Rank Country
Year 2000

1 Tajikistan 1 Eritrea
2 Ethiopia 2 Lebanon
3 Uganda 3 Albania
4* Rwanda 4 Sierra Leone
5 Sierra Leone 5 Ethiopia

19* Rwanda
Year 2005

1* Chad 1* Sudan
2 Uganda 2 Congo
3 Angola 3 Cote d’Ivoire
4 Philippines 4 Burundi
5* Sri Lanka 5* Sri Lanka
6* Sudan 6* Israel
43* Israel 58* Chad

Year 2010
1 Chad 1 Central African Republic
2 Sri Lanka 2 Mauritania
3 Uganda 3 Guinea-Bissau
4 Colombia 4 Uzbekistan
5 Philippines 5* Yemen

11* Yemen 32* Libya
111* Libya

Panel B: Armed conflict
Overall model Within model

Rank Country Rank Country
Year 2000

1 Cambodia 1 Eritrea
2* Somalia 2 Togo
3 Niger 3 Albania
4 Yemen 4 Lebanon
5 Congo 5 Congo

109* Central African Republic 19* Somalia
111* Central African Republic

Year 2005
1 Angola 1 Congo
2* Somalia 2* Central African Republic
3 Senegal 3 Cote d’Ivoire
4 Tajikistan 4 Togo
5 Congo 5 Lebanon
7* Pakistan 10* Somalia
18* Central African Republic 24* Pakistan
21* DR Congo 52* DR Congo

Year 2010
1 Angola 1 Lebanon
2 Sri Lanka 2 Mali
3* Senegal 3 Kyrgyzstan
4 Indonesia 4 Sri Lanka
5 Niger 5 Guinea-Bissau

15* Nigeria 7* Syria
30* Cote d’Ivoire 12* Cote d’Ivoire
51* Syria 15* Nigeria
108* Libya 32* Senegal

38* Libya

Notes: Asterisk (*) indicates an onset in the following year. Panel A contains civil war, whereas panel B armed conflict. The
top five countries in terms of risk in the following year are displayed for predictions in T = 2000, 2005, 2010 according to the
topic model. The left columns are based on the overall model, whereas the right columns are based on the within model. The
table also displays countries with an onset that were not amongst the five highest risk predictions. For these countries the
rank is listed as
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I Additional Figures and Tables

Figure I.1: ROC Curves for Onset (X-Axis: FPR, Y-Axis: TPR)

(a) Civil War
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(b) Armed Conflict
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Notes: Predictions result from a panel estimated as in equation (2). The variables included for each model

as xit are specified in Appendix Table C.1. The within model is the overall model net of country fixed effects.
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Figure I.2: ROC Curves for Onset of Civil War Comparing Only for Overlapping Predictions
(X-Axis: FPR, Y-Axis: TPR)
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(b) Within
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Notes: Predictions result from a panel estimated as in equation (2). The variables included for each model

as xit are specified in Appendix Table C.1. The within model is the overall model net of country fixed effects.

Here we only include predictions for country-years where we have predictions for both the comparison and

the topic model.

42



Figure I.3: ROC Curves for Onset of Armed Conflict Comparing Only for Overlapping
Predictions (X-Axis: FPR, Y-Axis: TPR)
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Notes: Predictions result from a panel estimated as in equation (2). The variables included for each model

as xit are specified in Appendix Table C.1. The within model is the overall model net of country fixed effects.

Here we only include predictions for country-years where we have predictions for both the comparison and

the topic model.
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Figure I.4: Topic Shares of Economics, Justice, and Conflict in the Universe of Articles when
Risk Is High vs Low
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Notes: Shares represent average topic shares of all articles (not aggregated at the country-year level). High

risk is defined as a predicted fitted value of onset above 0.05.
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Table I.2: Area under Curve of ROC

Area under Curve
Model Complete Within ∆

Civil War
Economic and Political 0.79 0.64 -19%
Keyword Count 0.76 0.46 -39%
Fixed Effect 0.81 0.46 -43%
Shocks and Institutions 0.81 0.60 -26%
Rainfall 0.85 0.56 -34%
Events 0.76 0.65 -14%

Average -29%
Topics 0.87 0.82 -6%

Armed Conflict
Economic and Political 0.77 0.61 -21%
Keyword Count 0.76 0.56 -26%
Fixed Effect 0.75 0.47 -37%
Shocks and Institutions 0.71 0.46 -35%
Rainfall 0.74 0.62 -16%
Events 0.70 0.68 -3%

Average -23%
Topics 0.77 0.73 -5%

Notes: The area under the curve (AUC) is computed using the curves exhibited in Figures 1
and 4. Predictions result from a panel estimated as in equation (2). The variables included
for each model as xit are specified in Section 3.3 and Appendix Table C.1. The within model
is the overall model net of country fixed effects.
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