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Abstract

How will better forecasting change policy decisions in high-stakes sce-
narios such as armed conflict prevention? We study the gains of improving
forecasting for a policymaker who faces a recurring risk and has the choice
between preventive early actions and de-escalating late actions. We build a
Markov model where early and late interventions are the solution to an opti-
mal stopping problem and the timing of interventions depends on the ability
to forecast future states. Quantitatively, we study the role of forecasting for
armed conflict prevention using a large panel of countries. The benefits of
prevention are substantial but critically depend on the systematic use of fore-
casting. The information rent of using a forecast is larger than 60% of GDP. In
line with the theory, we find that de-escalation policies reduce the incentives

for prevention, whereas prevention increases incentives for de-escalation.
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1 Introduction

Prediction-policy problems are common. From high inflation, banking crisis, epi-
demics, crime, and climate disasters to armed conflict, predicting the right timing
and targeting of a policy could be as important for overall efficacy as the average
treatment effect of the chosen policy tools conditional on good targeting (Kleinberg
et al. 2015). The last decade has seen an explosion in the capabilities of artificial in-
telligence (AI) to achieve better predictions thanks to model improvements and
new sources of data. However, the use of predictions for policy targeting poses
challenges, and public policies are typically not evaluated in systems that inte-
grate quantitative forecasts based on machine learning. This raises the questions
of what the gains of having a forecast are. Further, we do not know how a forecast
affects trade-offs between late and early action.

This article is an attempt to help fill this gap. It proposes a framework for in-
tegrating forecasts into a dynamic model of decision making that can be solved
with standard optimization tools and applies it to policies concerning armed con-
flict. We build the framework from forecast data which we summarize using a
Hidden Markov Model. The fundamental building blocks of our model are latent
Markov stages, each with a different payoff, and a transition matrix, capturing the
dynamics across stages.!

Picture a benevolent policymaker who decides in the dynamic setting to in-
tervene depending on the observed two stages: the good and the bad stage. We
model policies as costly actions that increase the likelihood of staying in or transi-
tioning to the good stage. More specifically, we define prevention as a reduction in
the probability of transitioning from the good to the bad stage and de-escalation as
increasing the probability of transitioning from the bad to the good stage. Using
the most parsimonious model, we show theoretically that, ceteris paribus, preven-
tion tends to crowd in de-escalation but de-escalation can crowd out prevention.

Then we treat an expansion of this framework as a laboratory to analyze quan-
titatively the role of forecasting in policymaking. A natural application is the pre-
vention and de-escalation of armed conflict. We model forecasts in this framework

as a differentiation of stages into sub-stages with differing probabilities of transi-

!We refer to Markov states as stages rather than states to avoid confusion with nation-states in
the context of conflict.



tioning to bad stages. Under full information the policymaker can differentiate the
true dynamics between stages and can act accordingly. The policymaker under
partial information cannot observe the full set of the true sub-stages. Based on the
different choices resulting from these two information sets, we define an informa-
tion rent as the difference in resulting welfare.

Conflict prevention is regarded as one of the key policy challenges of the in-
ternational community in the 21st century. Increasing evidence in the academic
literature points towards the fact that avoiding or escaping the so-called conflict
trap would have large developmental effects.” But, in his first address at the Secu-
rity Council, the United Nations Secretary-General (2017) emphasized that it had
proven very difficult to persuade decision-makers to make prevention their pri-
ority. In a world experiencing an increasing number of open and intense armed
conflicts, it is difficult to muster the resources for prevention as this means spend-
ing resources upfront to avoid humanitarian disasters in an uncertain future.

In light of the quasi absence of conflict prevention efforts in the real world,
we bring our framework to the data under the assumption that policymakers cur-
rently operate under partial information. Though conflict risk during peace is gen-
erally relatively low, some peaceful stages are characterized by higher conflict risk
than others. We estimate dynamics in the true model using monthly conflict fore-
cast data for 168 countries over the period 2010-2024 in a Hidden Markov Model.?
We use a specific observed conflict de-escalation policy - the adoption of power-
sharing agreements - to calibrate the partial equilibrium model. Power-sharing
agreements are often backed externally through mediation, foreign aid, and peace-
keeping forces and have been shown to be relatively effective in reducing violence.
However, they are almost exclusively implemented in high risk stages with open
or recent armed conflict. This gives us the opportunity to estimate policy effec-
tiveness levels and some aspects of intervention costs from these policy bundles.
To derive an estimate of the prevented conflict damages, we associate the different
conflict risk stages in the model to economic growth, refugees, Overseas Develop-
ment Assistance (ODA), and fatalities. This gives us a full description of stages,
transitions, and damages under partial information.

2See Collier et al. (2003), Rohner and Thoenig (2021) and Margalef and Mueller (2023).

3The webpage https://conflictforecast.org/ provides monthly updates of forecasts with
a yearly horizon.
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We then study the policymaker’s decisions under full information and demon-
strate that, under conservative assumptions about intervention costs, current fore-
casting systems are able to generate cost effective opportunities for early interven-
tion. Benefits from prevention are larger than their costs and approach the benefit-
cost ratio of interventions in open conflict. We also find strong evidence for the
mechanisms we identify in the theory; namely de-escalation in conflict dampens
the incentives for prevention, whereas prevention strengthens the incentives for
de-escalation. Finally, we derive the information rent. The differentiation into low
and high-risk sub-stages increases the incentives to prevent transitions into high-
risk stages with a profound impact on welfare: we find an information rent from
forecasting of 60% of GDP with a standard deviation of 16%.*

Our paper builds on a large literature studying conflict. The first strand is a
literature studying the causes of conflict and derives policy implications for pre-
venting or de-escalating it.” In this sphere our work relates most closely to work
studying the role of political institutions and political power sharing.® In a theo-
retical approach, Laurent-Lucchetti et al. (2024) analyze the informational rent of
democracy in the context of bargaining between ethnic groups. Instead, we evalu-
ate the dividend generated by access to information within the context of conflict
prevention. A second large literature is concerned with forecasting conflict.” We
bring these two branches together and model forecasts to optimally target policies.
The literature most closely in spirit to our work are recent quantitative approaches
that model economic development, policy, and conflict jointly. Couttenier et al.
(2024) focus on the spatial interaction between violence and development. In con-
trast, our focus is on the incentives for prevention versus de-escalation, and how
forecasts interact with these incentives. Thoenig (2023) studies the interplay be-
tween trade and diplomatic negotiations for which strategic behavior is of first

order. Our model contains no strategic interactions but introduces a new model of

4This may be a lower bound given that in terms of conflict damages we do not model the
potential costs a conflict might have on neighboring countries, which have been estimated to be
substantial (Federle et al. 2024).

5For overviews see Blattman and Miguel (2010), Blattman (2023), Rohner (2024).

6See Acemoglu and Robinson (2001), Besley and Persson (2011b), Francois et al. (2015), or
Mueller and Rauh (2024).

’See Goldstone et al. (2010), Chadefaux (2014), Mueller and Rauh (2018), Bazzi et al. (2022),
Hegre et al. (2022).



how forecasts shape the information set and optimal policy.

The calibration of our model and stage space is specific to conflict. Nonetheless,
we believe that the framework can be applied elsewhere. The policy prediction
problem in the context of conflict is similar to those in climate change, macroeco-
nomic policy, and financial crisis management. Weitzman (2007) discusses how
the presence of tail risk calls for earlier rather than later action in the context of
climate change. In macroeconomics, Bernanke and Mishkin (1997) discuss exten-
sively how targeting inflation requires reliable forecasts in order to time policies
correctly.® Similarly, financial regulations aim to preempt crises, while post-crisis
measures often involve costly bailouts and interventions. This dynamic is ana-
lyzed in works by Bianchi (2016) and Jeanne and Korinek (2020), which examine
the balance between crisis prevention and response. One aspect that makes these
problems similar is that the literature is increasingly experimenting with machine
learning when forecasting but the resulting forecasts have to date not been intro-
duced into models to derive optimal policy.” We contribute a dynamic framework
with policy interventions that builds on forecasts derived from machine learning
models.

The prediction model relies on topics derived from six million newspaper arti-
cles.!” The economics literature has long integrated data gained from text to model
expectations and uncertainty. Our project is related to the literature on news shocks
in Macroeconomics.!! Ramey (2011) constructs a government spending indicator
derived from news to capture changes in the present value of government spend-
ing. Auerbach and Gorodnichenko (2012) argue the fiscal multiplier depends on
the general state of the economy. This leads them to model different policy re-

8Beaudry et al. (2023) provide insights into this discourse, underscoring the implications of de-
layed response to persistent inflationary pressures. Acharya et al. (2022) argue that while minor
shocks may be absorbed without aggressive policy measures, more substantial disturbances neces-
sitate preemptive action to avert a transition to an undesirable steady state—a perspective echoed
in the work of Fatds and Singh (2024).

9Central banking, for example, has extremely similar policy debates to armed conflict preven-
tion but forecasting using machine learning is most heavily used in feature generation and forecast-
ing (Joseph et al. 2024, Liu 2024). Existing studies do not typically conduct out-of-sample forecasts
in models that analyze policy effects - a critique that goes back to at least Sims (1980).

10The data is described in detail in Mueller et al. (2024a).

HFor a review see Section 4 of Ramey (2016). See Tetlock (2007), Baker et al. (2016), Hansen and
McMahon (2016), Hassan et al. (2019), Ochs (2021), and Aruoba and Drechsel (2024) for literature
using text to capture risk and uncertainty.



sponses for recessions and expansions.'? Having monthly forecast data from sev-
eral machine learning models based on news text for 168 countries allows us to
model a rich latent space with twelve Markov stages and we can compare what it
means to have access to the news-based forecast which helps distinguish some of
the least risky of the twelve stages.

This paper proposes a new approach to prediction-policy problems through
our model of forecasts as sub-stages. In the terminology of Kleinberg et al. (2015),
our policy experiment is only changing the prediction quality available to the pol-
icymaker, not the available treatments.!> We show that this change in the informa-
tion environment can lead to a dramatic shift in implemented policies and large

economic gains.

2 A Stylized Model of Policy Interventions

In this section, we present a simplified model of policy interventions. This model
mainly illustrates the insights one can gain from using a Markov chain model to
analyze the dynamic benefits of policy interventions.

We start with a two-stage model featuring a “bad” stage and a “good” stage
with dynamics governed by transition likelihoods. The key novelty is to assume
that policies affect the transition likelihoods, i.e. target the dynamics of the sys-
tem. Using a Markov chain allows us to model the stochastic transitions between
more and less desirable stages in a straightforward manner, while also enabling
the simulation of the long-term consequences of policy interventions. Throughout
we will use terminology motivated by our application of civil war prevention. We
conceptualize the bad stage as war and the good stage as peace, reflecting the con-
ditions policymakers seek to influence. Also, we will use the terms state and stage
interchangeably.

We then expand the model to a more general framework suitable for our quan-
titative applications. In Section 2.3 we introduce a model of forecasts in this con-
text and the different information sets this introduces. Forecasts can be modelled

120chs and Roérig (2022) and Goulet Coulombe (2024) use random forests to capture the state-
dependent effects of policies.

13This is a simplification, we discuss how targeting and treatment effects are not strictly separa-
ble.



through the introduction of additional sub-stages as they allow policymakers to
distinguish situations that are indistinguishable without the forecast. Based on
this model we introduce the idea of an information rent.

2.1 Two-stage Model

A country can be in one of two stages s: peace (s = 1) or conflict (s = 2). Transitions
between stages are defined by a Markov chain. If a country is in peace, it may
stay in peace with probability p1; while it might experience an outbreak of conflict
with probability (1 — p11). If a country is in conflict, it may stay in conflict with
probability py> while it might transit back to peace with probability (1 — p22). In
other words, py; is the persistence of peace, and p»; is the persistence of conflict.

The policymaker can engage in interventions I. Interventions during peace
are called prevention (¢; = 1), whereas those during conflict are de-escalations
(¢ = 1). Interventions, summarized by the policy vector (¢), come at cost I;
depending on the stage s.

To capture the idea of prevention we assume that peace is associated with no
damages while conflict is associated with damages which provides a payoff of —D

per period spent in that stage. Summarizing damages in vectors gives

0
—-D

D=

The key assumption of our model is that the policymaker has a model of the
real underlying dynamics of the world which can be described by a Markov chain
model in which transitioning in and out of conflict are stable transition likelihoods.
The likelihoods are given by past conflict dynamics and a forecast system and are
assumed to be fixed.

In a simple two-stage case the transition matrix without intervention T, i.e.,

¢s = 0V s, can be written as

Tn:

pin 1—pn
1—pn pn

As outlined before, we call prevention an action that increases the probability of



peace tomorrow when the country is in peace today. We call de-escalation an action
that increases the probability of peace tomorrow when the country is at war to-
day. A more general way to describe these two different kinds of policies is to say
that prevention moves probability mass from the more costly stage in the future
towards the less costly stage in the present. De-escalation moves probability mass
from the costly stage in the present towards a less costly stage in the future. We
will call both actions an intervention. Formally, we can write the transition matrix
T(¢1 = 1, ¢ = 0) with prevention as follows:

piut+t(l—pn) (1—pn)(1—-1)

T =1 =0 = 1= pxn P22

where 7 € [0,1] denotes the effectiveness of the intervention. Note that we
assume that prevention shifts probability mass proportionally to the existing tran-
sition probabilities without intervention. Specifically, we assume that preventive
action follows the logic of reducing escalation likelihoods proportionally so that if
the risk is higher (1 — pq; is large) more probability mass will be shifted.

This assumption can be justified by the fact that actions are taken before transi-
tions are realized. An action that replaces the lottery of the transition matrix with
the certainty of staying in peace but only works with probability T yields expected
costs (1 —7)(puVi+ (1 —p1)Vo)+7tV1 = (p1tVi + (1 — p11)V2) — (1 — p11) (V4 —
V2) which is illustrating that the effect of 7 is proportional to 1 — p1;. Avoiding the
lottery has larger benefits if it has higher downside risks.

De-escalation increases the probability of stage 1 tomorrow when the system is
in stage 2 today:

P11 I—pn
T =092 =1 = (1=p2)(1+71) po—T(1-p2)|
Note, that this policy also moves probability mass towards stage 1, an asymmetry
which will be important. Again we assume that the intervention has a larger effect
if the baseline likelihood of de-escalation is higher. We also assume that the same
parameter T governs effectiveness. Again, the idea is that de-escalation helps avoid
the lottery of staying in the bad stage and amplifies the probability of moving to

the good stage. We use the normalization of one parameter T linked to the de-



escalation baseline likelihood (1 — p2;) to discipline our analysis.'* This makes
our model sensitive to the relative costs of prevention vs. de-escalation. Overall,
the relative cost-effectiveness of interventions is also governed by the costs of these

two types of interventions given by the vector:

where I} > 0and I, > 0. Write the present discounted value of stage s as
Ve = max{V},V"}, se{1,2},

where Vi and V? are present discounted values conditional on steady-state poli-
cies, i.e. intervention and non-intervention, respectively. Let § € (0,1) be a dis-

count factor. Then we can write:

Vil = B(puVi+ 1 —=pn)V2)

Vi = —h+B((pu+7(1—pu)Vi+0—pn)(1-1)V2)
and
Vi = =D+ B((1—pxn)Vi+pnV)
Vi = -D—L+B((1—pn) A+7)Vi+ (p2—1(1—pxn)) V2)

where we assume that 7 is small enough to ensure that (1 — p2;) (14 7) < 1 and
p2 — T (1 —pxn) >0.

The distribution of probability mass is visible in both intervention scenarios.
Under prevention, the probability mass 7 (1 — p11) is redistributed from stage 2 to
stage 1. Under de-escalation, the probability mass 7 (1 — p2y) is redistributed from
stage 2 to stage 1. Note that the intervention cost is paid before outcomes are real-
ized because decision for interventions is taken before the transitions materialize.
The trade-off is therefore an exchange of a certain cost for changes in probabilities

p11 in preventive action and py; in interventions. This assumption implies that the

14Note, we now apply the intervention effect T as an increase in the likelihood of moving to
peace (1 — pa). We do this because applying the intervention to the persistence of conflict py,
would lead to an unrealistically powerful intervention in practice as py; is very high typically.

8



policymaker enacts policies to change the course of conflicts, instead of reducing
conflict damages (like humanitarian aid).

The assumption that the probability mass redistributed with de-escalation is
proportional to (1 — pp2) and not the persistence of conflict py; merits discussion.
We make this assumption to level the playing field between prevention and de-
escalation effects with many stages. When expanding to many stages, in interme-
diate stages we have both a preventative and a de-escalation effect of interventions.
But stages are also extremely persistent and if policy effectiveness were assumed
to be proportional to this high persistence, the de-escalation effect would always
dominate mechanically. The most intractable conflicts, i.e. those with high per-
sistence would be where de-escalating policy is most effective. Instead, we make
de-escalation more effective where the default already suggests that there are ways

out of the conflict, i.e. where (1 — py) is higher in the two-stage model.

2.1.1 Solution Characterization

Before moving on to our main results it helps to look at the trade-offs posited by the
model. Exploring the value functions, it is easy to show that the decision-maker

wants to prevent, if and only if

L <Bt(1—pn)(V1—W2) (1)

and wants to de-escalate iff
L <Bt(1—pxn)(V1—V). (2)

These conditions illustrate the simple intuition of the model. Policies are im-
plemented if the certain intervention costs I; or I; lead to a change in expected
benefit which is large enough. The expected benefit of interventions is determined
by the change in probability mass (7 (1 — p) in prevention) multiplied times the
change in present value between war and peace (V; — V;). We will assume that it
is always true that (V; — V) > 0, i.e. it is always better to be in peace than in war
regardless of the interventions taken in equilibrium.

Solving for the present values without either de-escalation or prevention and



inserting them into the optimal intervention conditions (1) and (2), we get15

D
L <pt(1- 3
1< BT ( p11)1+[3—p11ﬁ—p22,3 3)
and the necessary condition for de-escalation without prevention is
D
L <pt(l1-pn) 4)

1+ B—pup —pap

The equivalent conditions with prevention and de-escalation are derived in the
Appendix. The intuition is that de-escalation introduces the intervention costs I, in
Equation (3) and reduces the persistence of war. Similarly, prevention introduces
cost I; in Equation (4) and increases the persistence of peace. We will now use
these results to highlight important elements of prevention and de-escalation and

their interactions.

2.1.2 The Role of the Transition Matrix

One could imagine that prevention becomes unambiguously more likely with an
increase in the likelihood of an outbreak of conflict (1 — p11). Yet, the role played
by conflict risk during peace (1 — p11) for prevention in this model is surprisingly
subtle. To see this, note that an increase in (1 — p11) will unambiguously reduce the
difference V; — V; as it makes the present value of peace Vj relatively worse. This
disincentivizes prevention. More intuitively, higher risk also means that preven-
tion moves more probability mass towards peace. If a country has been identified
as high risk, less resources will be wasted on false positives where the forecast
(1 — p11) never comes true. The trade-off between these two forces gives rise to

our first proposition.

Proposition 1. High conflict risk during peace, (1 — p11) makes prevention more likely.
A high baseline likelihood of moving from conflict to piece (1 — paa) makes de-escalation
more likely.

It is straightforward to check this proposition simply from the first derivative
of Equation (3) with respect to p1;, which is always negative and also holds with

15We derive the value functions V; and V, under different intervention policies in the Appendix.
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commitment to de-escalation. The intuition for these results is simply that the
effect of redistributing probability mass always dominates. Under the assumptions
we made regarding the proportional policy effects, a higher risk of an outbreak of
violence (1 — p11) means that more probability mass can be moved by prevention
and it is therefore always more attractive to intervene when risk is higher. Note
that the de-escalation result suggests that a higher baseline likelihood of moving
from conflict to peace leads to increased incentives to de-escalate. This result is
driven by the fact that policy efforts have a higher effectiveness if they are targeted

toward an achievable goal.

2.1.3 Crowding out Prevention

The simple decision rules in Equations (1) and (2) contain the main intuition for
how optimal policies interact dynamically. Prevention will tend to make stage 1
more attractive by increasing persistence in peace p1;. The persistence of peace
increases the distance V; — V;. This in turn will make both prevention and de-
escalation more attractive. The opposite is true for intervention as it will tend to
increase V5, which will reduce the difference V; — V5.

Both these present values are negative, driven by the negative costs of conflict
—D. There is a simple ranking of V; > V, for B < 1. Intuitively, the persistence of
conflict (pp2) makes both present values worse for p1; < 1. This is because being
stuck in conflict for longer leads to higher costs in expectation and as long as there
is a danger of an escalation (p;; < 1) this also affects the present value of peace.
The impact of the persistence of peace pi; is less obvious from the formulas, but
it is easy to show that it positively impacts values. In the Appendix, we insert the
present values under different assumptions regarding prevention or de-escalation
into condition (3) and then compare the resulting conditions for optimality. This

gives rise to our second proposition:

Proposition 2. De-escalation crowds out prevention in the steady state. For parameter
values for which the policymaker wants to engage in intervention in the steady state, there
is a subset of parameters where the policymaker only wants to engage in prevention if there
were commitments not to de-escalate.

The proof of this proposition is intuitive given the previous observations. The

goal of interventions is to reduce (1 — py) and the steady-state value of V; in-

11



creases with reductions in (1 — pp;). This means that conflict becomes a “less ter-
rible” stage to be in and, optimally, the effort to prevent this stage can decrease.
Preventive action becomes less useful if de-escalation is used. The substitution
effect cannot be found in the other direction. If we insert the respective present
values into Equation (4) we get our third proposition:

Proposition 3. Prevention crowds in de-escalation in the steady state. For parameter val-
ues for which the agent wants to engage in prevention, there is a subset where the policy-
maker only wants to engage in de-escalation because he/she knows there will be prevention
in the future.

The asymmetry comes from the fact that a high value of p;; makes being in
peace more attractive - the present value of peace, V1, increases with prevention.
This means that bringing a country from war into peace through de-escalation
leads to a larger change in present values with higher p;;. Formally, the steady
state value of V increases with an increase in p1; and the difference between V; —
V5 also increases. This provides a higher incentive for de-escalation, as countries

that enter peace will remain there longer.

2.2 S-stage Model

Before moving to a quantitative application, we extend our framework to make
it suitable for it. We consider a discrete-time infinite-horizon model environment
with S stages, i.e. weassume s € S = [1,2,..., 5], ordered by how severe the conflict
outbreak is, with s = 1 being the state with the least severe conflict flag and s = S
being the state with the most severe one. Let Ds denote the damage caused by the
risk stage s and let D be the vector of damages across all S stages.'®

Countries transit between different stages s over time and, in the absence of
interventions, the likelihood of moving between stages is governed by a transition

16In the empirical application, we will rank stages based on the estimated long-run discounted
potential damages incurred.
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function in the absence of interventions, T,;, which is defined as follows

P11 P12 - PLs
P21 P22 - P2s
T, = . . . (5)
Ps,s!
Pmi Pmz2 - Pss

In the matrix T, a generic entry p; s denotes the probability of moving to a state
s’ conditional on being in a state s. By construction, each of the entries cannot be
negative, p; + > 0, and each row sums toone, } .y ps = 1,Vs € S.

Implementing an intervention allows the government to modify the transition
function so that probability mass is moved away from more risky states s’, with a
certain degree of effectiveness T € (0,1). In particular, we assume that intervening
stage s lowers transition likelihoods proportionally for higher stages and increases
transition likelihoods proportionally for lower stages. The general idea behind this
proportionality is that policies do not operate in a vacuum but need to work with
the existing transition probabilities. Policies work just as one would steer a boat on
a river - it is easier to navigate the boat in the direction of the current (escalation or
de-escalation paths) than to force it in an unnatural direction. Formally, we assume
that policy interventions change transition likelihoods as follows:

Ps;s + TPs s if s'<s
p;,s’ =\ Pss +T (Zs’>s Ps,s' — Zs’<s ps,s’) if s'=s (6)
Ps,s' — TPs,s if s/ >s

where T denotes again the effectiveness of interventions. In other words, transition

probabilities pf ¢ given policy ¢ can now be written as

The effects of interventions specified in (6) implies that all interventions (except
in stages 1 and S) now can have preventative and de-escalation elements because

they at the same can avoid shifting to a worse stage (prevention) and away from a

13



violent stage (de-escalation). Note, we can have pé/s > Ps,s OF pé/s < ps,s depending
on how much probability mass is moved towards stage s in the preventative part
of a policy and how much is moved to lower stages in the de-escalating part of a
policy.

We assume proportionality for several reasons. First, as explained above, the
model follows the logic of interventions taking place before outcomes are realized.
Interventions in more risky situations with a higher probability mass } ¢ ps ¢
will be able to shift more probability mass. We apply this logic to de-escalation as
well - existing pathways out of peace get amplified by the intervention. Second,
our assumption avoids theoretical solutions where the intervention leads to out-
comes outside the support of the transition matrix without intervention. Third,
our approach disciplines the model through the transition matrix. This way, we
hard-wire the decision model to build on the underlying dynamics determined by
the existing conflict dynamics uncovered by the forecast model.

While interventions have both some preventive and de-escalating effects, the
character of a policy in stage s will vary as it will be driven by how much probabil-
ity mass is in higher or lower stages. In other words, the character of policies that
can be implemented in a stage will be a simple function of the ranking in present
values Vi and the transition matrix. Stages with a lot of probability mass above
them will be more preventative.

Finally, we assume that implementing a policy entails a cost I, which depends
on the stage s. Let I denote a vector of costs.

The problem of the policymaker can be expressed using a recursive formula-
tion. The policymaker compares the discounted expected values of intervening
with a degree of effectiveness 7, against the discounted expected value of not in-
tervening today, i.e.

Vs = max {Vsi, VS”} .
V! is the value of intervening, equal to

Vi=—I+ ) plsl-Dg+pVy]
s'eS

where € (0,1) is the discount factor, while pé// ; are probabilities given by equa-

14



tion (6). V! is the value of not intervening, defined as

‘/sn — Z ps’,s[_DS’ —+ ﬁ‘/sl]
s'eS

Notice that the difference between V! and V! lies in i) the transition matrix,
which varies depending on whether an intervention is implemented or not, and
ii) the cost of intervention, —I; which is incurred conditional on intervention and
reduces the current period’s payoffs. A solution to this problem is an indicator
function for optimal government intervention, ¢, taking value 1 if an intervention
takes place in stage s, and 0 otherwise and a value function, V;, attaining its maxi-
mum when ¢ is implemented. We summarize all intervention decisions in policy
vector ¢. Under optimal policy ¢°, the resulting transition matrix T, = T(¢°) is
obtained by combining transition matrix (5) with the effect of policy on transitions
given by (6).

2.3 The Information Rent from Forecasting

We model the presence of a forecast as the capacity to split stages into sub-stages
through the use of data. We label the information set with the larger number of
stages the full information set, and the information set with fewer stages the partial
information set. We can simulate optimal policies under different information sets
and calculate differences in welfare. We call this the information rent of forecasting.

To illustrate this point, consider the stylized two-stage transition matrix with-
out interventions T,,. With a forecast of conflict outbreaks the policymaker would
gain a richer information set, e.g., observations in peace would be distinguished
between high outbreak risk and low outbreak risk.

In the quantitative application, we will estimate a full information model with
S stages. In the partial information setting, we will instead assume that the policy-
maker cannot distinguish some stages. The transition matrix under partial infor-
mation will only have S < S stages and to notate the partial information treatment
we will call this transition matrix T,. Following the same logic as in Equation
(6), we can compute the optimal policy vector (¢°) resulting from decisions un-
der partial information. This means we can derive two optimal policy vectors -

one optimal policy vector under full information (¢°) and one constrained optimal
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policy vector under partial information (¢°). Across the two simulations, we hold
all other exogenous factors constant (damage vector, intervention costs, discount
factor). What differs are only the (perceived) transition matrices.

As a consequence of not being able to distinguish between some stages, the
policymaker will either always intervene in the merged stages, thereby engaging
in untargeted policies, or never intervene, thereby allowing for some costly false
negatives to occur. Moreover, given that prevention and de-escalation interact, as
shown in Proposition 2, the optimal policies under partial information might differ
from those under full information in other stages as well.

To calculate the information gain from forecasting, we compare the total gains
from acting optimally under full information (¢°) against the optimal policy under
partial information (¢°), in a world where transitions occur according to the true
matrix T, and effects of interventions are given by those in Equation (6). In other
words, we simulate the effect of acting optimally when a policymaker has access
to a forecast (i.e. can differentiate between all stages S) compared to when they do

Vpartial .
s

not distinguish between some stages. Let the true present value in stage s

of decisions (¢°) made under partial information be summarized by
VI = Dy ot 1 (T@)'(-D - 1), ?
We can now formally define the information rent Il given stage s as:
I, =V, — Vspartial (8)

To derive a useful measure, we will normalize the information rent by GDP and
multiply the vector of net present rent II, summarizing the gains for each stage,
with the ergodic stage shares under full information.

3 Application: Armed Conflict

We now set up an application of our framework - the optimal dynamic interven-

tion in armed conflict.!” The application will allow us to expand the state-space,

7Work on this approach was directly motivated by a policy project for the U.K. Foreign, Com-
monwealth & Development Office (FCDO) (Mueller et al. 2022).
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analyze optimal policy under different assumptions and highlight the benefits of
a better forecasting system through the derivation of benefit-cost ratios and the
information rent shown in Equation (8).

In our analysis, we will take the viewpoint of a policymaker that decides on
additional resources to be allocated optimally over the conflict cycle up and above
what already exists. The thought-experiment is one of coordinated policies by lo-
cal actors and the international community with the aim to prevent and de-escalate
armed conflict optimally with the goal to maximize benefits net of costs. We dis-
cuss the policies for conflict prevention and de-esclataion in Appendix F.1.

To take our model of risk stages to the data requires defining and calibrating
all the elements of the dynamic programming problem. We will first define stages
through the forecasting models at https://conflictforecast.org/ and observ-
able conflict dynamics under full information. This will give us a characterization
of stages and a transition matrix T under full information. In light of our theoreti-
cal discussion in Section 2.3, we will also propose an alternative partial information
scenario in which the policymaker does not have the full information that sepa-
rates stages and, instead, acts in a reduced stage space.

Importantly, we will assume that the current policy process operates under
the partial information scenario. We will calibrate the model under this assump-
tion using data on well-researched interventions like power-sharing agreements,
peacekeeping interventions and development aid. The assumption here is that
policymakers behave as if they are constrained by their information set. The cal-
ibrated model can then be used to answer three questions. First, is prevention
cost-effective under the parameters values that best describe the current policy
regime? Second, are our theoretical findings from the two-stage model carrying
through a much more complex stage-space? Third, what is the information rent
from introducing policy targeting with forecasts in peaceful stages?

A central motivation for our analysis is that, currently, forecasts are not used in
policy. The assumption behind our welfare analysis that this is because forecasts
are not available. We make this assumption both part of our calibration exercise
and the policy experiment of introducing the forecast to derive the information
rent. We defend this assumption in Appendix F.2. However, the lack of systematic
use of forecasts in policy targeting also has political economy and organizational
reasons. Our findings should therefore be regarded as offering a normative bench-
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mark of potential gains rather than a positive description of feasible steps towards

the information rent.

3.1 Risk Stages and Full vs Partial Information

We calibrate our model using the assumption that there are no systematic con-
flict prevention policies implemented in peaceful countries because policymakers
cannot distinguish high and low conflict risk situations. We calibrate policy effec-
tiveness and costs for this partial information world but first need to derive the full

information stages.

3.1.1 Conflict Risk Stages

Defining risk stages is part of the decision process. A risk stage is meant to cap-
ture the environment a country is in a given month. Identifying different stages is
pivotal to characterizing conflict dynamics and simulating interventions. Rather
than enforcing arbitrary cutoffs on our risk and intensity forecasts, we use a Hid-
den Markov Model (HMM), which is a statistical model, to detect latent states and
give an ‘optimal description’ of the stages and their dynamics via various data
inputs we provide.'®

What is the optimal number of stages? Theoretically, it makes sense to think
that more stages are always better. However, in practice, we want to derive a par-
simonious description of conflict dynamics that is as valid as possible across coun-
tries. This means we cannot split forecast and conflict data in too many states as
these quickly become unconnected among themselves. In addition, our definition
of conflict risk stages also affects the analysis of conflict damages.”

We settled on twelve stages under full information after experimentation. This
choice is motivated by two criteria, which are 1) allowing sufficient observations
in each stage and 2) differentiating between and within situations of stable peace,
elevated risk, post-conflict, and during violence. Panel (A) in Table 1 shows the

summary statistics of the resulting stages and Panel (B) shows the summary statis-

8This was suggested to us by the former chief data scientist of the FCDO Tom Wilkinson whose
input was extremely useful for the development of the latent space model.

YDamages are estimated using country-fixed effect regressions and these become meaningless
when the number of states is too high. See Section 3.2 for more details.
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tics for the partial equilibrium model where we merged stages 1 to 5 into a new
stage 1.2’ The columns in Table 1 show the variables that underlie the clustering
the HMM uses to identify risk stages. Further details of the derivation of the full
information world are shown in Appendix B.

One of the key insights from Mueller and Rauh (2022) is that armed conflict
risk becomes very hard to detect when the last conflict is sufficiently long ago.
This is true for stages 1 to 5 in the full information stage model which (on aver-
age) have no recent violence. This is where the risk forecasts of armed conflict
outbreaks and conflict intensity play a crucial role. From stage 1 to stage 9 the
outbreak model increases up from less than 10% to over 80%. This is because the
outbreak model treats ongoing conflicts as extremely high risk for outbreaks but is
not able to further distinguish different situations of risk. The predicted intensity
of armed conflict reinforces the ordering while adding information that helps dis-
tinguish stages 1 to 7 from the later stages. Note, for example, that stage 9 features
a very low observed number of fatalities but a very high-intensity forecast in the

full information model.

20We order the stages according to our present value of costs without intervention, consistent
with the model in Section 2. In Appendix Figure B2 we show for the full information model that
we hardly sacrifice any predictive performance for the onset of armed conflict by reducing the
continuous predicted conflict probability to twelve risk stages.
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Table 1: Summary statistics for risk stages

(A) Full information
1) (2) 3) 4 ) (6)
Predictions Past realizations
Likelihood of armed conflict Battle deaths Battle deaths Months since Share of
Full model Text model per Imn per Imn lastarmed  observations (%)
Stage inhabitants  inhabitants conflict
1 0.01 0.04 0.05 0 321 34.4
2 0.03 0.11 0.03 0 239 15.8
3 0.09 0.18 0.08 0 114 16.3
4 0.16 0.21 0.18 0 143 6.0
5 0.16 0.25 0.46 0 144 2.7
6 0.40 0.29 1.13 0 9 6.1
7 0.47 0.34 2.00 0 17 2.7
8 0.68 0.38 10.00 4 0 1.9
9 0.81 0.49 7.83 0 3 49
10 0.90 0.52 24.69 2 0 44
11 0.91 0.61 101.42 12 0 3.9
12 0.90 0.62 481.99 131 0 1.0
(B) Partial information
1) 2) 3) 4 ®) (6)
Predictions Past realizations
Likelihood of armed conflict Battle deaths Battle deaths Months since Share of
Full model Text model per Imn per Imn lastarmed  observations (%)
Stage inhabitants  inhabitants conflict
1 0.05 0.10 0.08 0 239 75.2
6 0.40 0.29 1.13 0 9 6.1
7 047 0.34 2.00 0 17 2.7
8 0.68 0.38 10.00 4 0 1.9
9 0.81 0.49 7.83 0 3 49
10 0.90 0.52 24.69 2 0 44
11 0.91 0.61 101.42 12 0 3.9
12 0.90 0.62 481.99 131 0 1.0

Notes: Columns (1) to (5) display the means of the variables indicated in the headings. The stages are the result of an
HMM based on these inputs. Predictions, available at conflictforecast.org, are derived using a random forest with
past violence and topics from six million newspapers summarized using the Latent Dirichlet Allocation as predictors.
Predicted and realized battle deaths are transformed as log+1 and months since the last armed conflict using a polynomial
of degree specified in Appendix B. The distributions of the inputs are presented in Appendix Figure B1. Column (6)
indicates the share of observations in each stage. Entries in the table represent the means at given stages. Stage 1 in
partial information is a weighted average of full information stages 1 to 5 where weights are given by the distribution of
country and months across stages.

Table 1 also reports the average number of months since the last armed conflict
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for the different stages. A low number means that the country suffered from re-
cent conflict. High numbers mean a long period of peace indicating stability. This
column helps us summarize the stages in three broad groups in full information.
We call stages 1-5 pre-conflict. Stages 6, 7, and 9 are very high risk and typically
post-conflict which is why we call the post-conflict risk. Stages 8 and 10 represent
relatively low-level violence, while stages 11 and 12 exhibit higher levels of ob-
served fatalities. Stage 12 is capturing the top 1% of risk and violence - the worst
possible situation from a humanitarian perspective.

The idea of our information treatment is that without a systematic forecast, it
would be difficult to distinguish stages 1 to 5 with the precision of our machine
learning model. If such a forecast is not available, the policymaker is therefore
not systematically aware of transitions between stages 1 to 5. To simulate this in-
formation set we merge stages 1 to 5 under what we call partial information. This
generates a new super-stage 1 which absorbs 75% of all our observations. In terms
of average likelihood, intensity, and months since the last conflict armed conflict,
this stage is close to the old stages 1, 2, and 3 because of the higher share of obser-
vations these stages have in the full information model. To illustrate the difference
between the full and partial information treatment we first turn to the respective

transition matrix.

3.1.2 Transition Matrices

The transition matrices and full and partial information, T,, and T,,, are at the heart
of our model. They capture the true dynamics and perceived dynamics between
stages in a simple way that allows us to simulate possible futures for each stage
under different assumptions.

Figure 1(a) shows a visualization of the transition matrix with no interventions
under full information. The y-axis denotes the stage number in month t and the
columns denote stages in month t + 1. The shades of red mark the size of prob-
abilities with the darkest colors indicating probabilities over 90% and light red
indicating probabilities below 1%. The most obvious feature is that all stages, ex-
cept for stage 8, are very stable. The diagonal of the matrix can be seen in dark
red.

Under partial information, shown in Figure 1(b), there is no forecast in coun-

tries without recent violence so that the policymaker cannot distinguish between
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Figure 1: Transition matrices

(A) Full information, T}, (B) Partial information, T},
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NOTES: In both panels the y-axis depicts the stage in month t and the x-axis the stage in
month t + 1. Entries represent the likelihood of moving from a stage in month t to another
stage in month t+1. The darker the shade of red, the higher the probability. Panel A shows
the transition matrix under full information in the absence of interventions. Panel B shows the
perceived transition matrix under partial information in the absence of interventions.

situations of stable and relatively high-risk peace. The figure shows transition ma-
trix T;; under the assumption of no interventions. The new super stage 1 is visible
as a darkish red diagonal with an extremely high persistence and very low risk of
escalation into stages 7 and 8.2! This is a crucial contrast to the full information set
in Figure 1(a) where the likelihood of a transition to stages 7 and 8 goes from less
than 0.1% in stages 1 and 2 to over 1% in stages 3 to 5.

A common feature in both transition matrices is the asymmetry and the strong
variation in the connectedness of the stages. If a country suffers an outbreak by
transitioning from stage 6, for example, to stage 10 or 12 there is no way to transi-
tion back directly. This is the essence of the conflict trap. Transitioning to higher
stages changes the distribution for further transitions dramatically towards worse

ZNotice, that in stages 6 and 7 there exists a non-zero probability of moving back to any of stages
1 to 5. In the partial information transition matrix, we redistribute this probability according to the
weight of each stage in the ergodic distribution of the full information transition matrix without
intervention displayed in Appendix Table D.1.
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outcomes. In stages 6 to 8 there are very broad possibilities of what could happen,
i.e. these are situations of extreme danger of escalation but also provide chances
for de-escalation. If an information rent arises from full information this is be-
cause the policymaker under full information notices a change in the underlying
dynamics where stages 3 to 5 under full information are much more connected up-
ward. However, the presence of an information dividend is not a given. The risks,
even in full information, are still relatively minor when compared to the extreme

connectedness of stages 6 to 10 with the conflict stages 11 and 12.

3.2 Damages

We focus on four components of conflict damages: the cost of lives through con-
flict fatalities, the damage to the economy through the reduction of growth in con-
flict, the cost of humanitarian aid through the stock of refugees that have to leave
the country, and official development assistance (ODA) spending on emergency
response and peace/security which are directly related to armed conflict. It is im-
portant to keep in mind that this is an extensive, yet not exhaustive list of costs
and that the overall costs are likely larger. Specifically, we can neither quantify the
distress of refugees themselves nor the full costs and benefits to the host commu-
nities. Some of these costs, however, are captured by the GDP loss as displacement
and economic decline have strong overlaps. This is why we focus on the cost to
the UN system from displacement.

We discuss the data sources and the derivation of the damage vectors in Ap-
pendix C.1, where we also explain how we translate and summarize damages into
monetary terms. Note that our starting point is a panel of 176 countries for which
conflict risk predictions are generated and a subsequent risk stage can be assigned.
However, our sample is reduced to 168 countries due to missing GDP data.??2 Qur
results confirm findings in the literature according to which ongoing conflict is
extremely damaging to the economy. Stages 11 and 12, in particular, are asso-
ciated with significant reductions in the growth rate. On average, a country in
these stages can expect to experience a yearly loss of GDP per capita equivalent to
5.3% and 9.6% respectively. Importantly, the post-conflict stages (8, 9, and 10) are

22Countries which are missing GDP data in our sample period are Bermuda, Hong Kong, Puerto
Rico, North Korea, Palestine, Taiwan, Venezuela and Kosovo).
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not associated with economic booms so economic damages persist and compound.
When simulating countries’ trajectories, we draw from damage distributions given
by the estimated coefficients and standard errors shown in Appendix C.1.

We split the analysis here by GDP per capita levels. The average static damage
for all countries below the median GDP per capita for partial information can be
seen in panel a of Figure 2. The equivalent figure for all countries above the median
GDP per capita can be seen in panel b. We show the total costs broken down into
four categories. First, note the differentiation in the damage composition across the
two income groups, particularly in stage 12. For low-income countries, a signifi-
cant proportion of the damages are driven by fatalities. For high-income countries,
damages are driven almost entirely by GDP losses. Irrespective of income group
and stage, refugee costs play a minor role. In summary, according to the static
view, damages mostly occur in stages 10 to 12. The total monthly cost of conflict
spent in stage 12 is close to 16 billion US$ for low-income countries compared to
80 billion US$ for high-income countries.

Figure 2: Perceived static damages by stage, partial information

(A) Below median GDP per capita  (B) Above median GDP per capita
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NOTES: Both panels show the average damages D; in a given period for panel (A) countries
with below median GDP per capita and (B) above median GDP per capita. Note that in the
partial information case shown here, the perceived future damages in stages 1-5 are always
equal since the policymaker cannot distinguish these stages. Therefore, we modify the static
damage vector for stages 1-5 to be a weighted average of the static damages in the full infor-
mation case, according to the in-group ergodic distribution of the full information transition
matrix in the absence of interventions.
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3.3 Policy Effectiveness and Costs

Effectiveness and costs are two sides of the same coin so that we simply derive a
single number of effectiveness which we then hold constant across the entire pol-
icy vector. We then discuss different cost functions and conduct robustness checks
with these. To have a starting point for 7 in the model, we take the estimated
treatment effects of power-sharing agreements from Mueller and Rauh (2024) and
simulate the implementation of a policy in the stages in which power sharing typ-
ically takes place.

Power sharing agreements stand for a larger engagement which is coupled
with foreign aid promises, the deployment of peacekeeping forces, and institu-
tional changes. These sorts of interventions are focused on countries with ongoing
or recent violence and, accordingly, power sharing agreements are concentrated in
stages 9 to 12. In our simulations, we target the average treatment effect of a reduc-
tion of 45% in the violence intensity within 18 months (Mueller and Rauh 2024).
Our calibration method is discussed in Appendix E. As a result of this, we get an
estimate for T of 16%.

To carry this estimate of policy effectiveness into our model we take the esti-
mates of T and the transition matrix in Figure 1(b), i.e. under partial information,
and apply the shift formulas from Section 2.2. We visualize the resulting shifts in
probability mass in Figure 3 in which red squares indicate reductions in probability
and green ones indicate increases.

Policies in the conflict trap, i.e. in stages 8 to 12, move most of the probability
mass. Their high probabilities above and below the diagonal lead to strong ef-
fectiveness. One interpretation of stages with strong transition tendencies toward
de-escalation or prevention is that they have an identifiable ‘momentum,” and pol-
icy interventions can exploit this momentum to either counter and address it in
prevention or to re-enforce and help it in de-escalation. This also demonstrates
the realism of the assumption of proportional policy effectiveness. Interventions
in high stages will be attractive because of the very concrete dangers of further
escalations and the urgency for de-escalation they are associated with.

Little is known about the cost of interventions. In one of the few studies Chalmers
2007 that contrast intervention cost estimates with their benefit the numbers vary
widely. Chalmers proposes, for example, an intervention package of financial as-

sistance for sustainable governance for Sudan with an estimated cost of 1.3 billion
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USD spent over 15 years, i.e. 7.2 million USD per month. This contrasts with the
estimated cost of the US intervention in Afghanistan which stands at 2.26 trillion
USD over 20 years (SIGAR 2021), i.e. 9.4 billion USD per month.

To give a realistic estimate of intervention costs we model two main elements
of the cost function. The first element is the cost per GDP which we treat as the
baseline expenditure necessary to build a relation with local actors and leave an
impact on the local economy. The crucial assumption here is that we assume that
the costs of a policy intervention scale with the GDP in the target country. Inter-
ventions in all stages are more expensive the higher is its GDP per capita. To get an
idea of what is realistic as a baseline cost we consider the total of “economic” and
“government and civil society” official development assistance (ODA) spending.
As these categories target economic and institutional dynamics they could also be
used to try and affect conflict dynamics (Rohner 2024). Since ODA data is yearly,
we divide by twelve to get the monthly ODA expenditure on these two categories.
We then divide by total GDP to get a per GDP spend. We then take the average
ODA per GDP spent across all observations where ODA expenditure on these two
categories exceeds 0. As a result, we assume a fixed monthly intervention cost in
each stage of approximately 0.1% of GDP. In addition to this baseline cost, we de-
rive a cost per fatality, capturing the fact that interventions becomes more expensive
with ongoing violence. We find that peacekeeping budgets increase by 14.956mn
USD for a one unit change in the log of fatalities per Imn inhabitants. This estimate
is then applied to the mean log of fatalities per Imn inhabitants by stage. For ex-
ample, in stage 12, the average log of fatalities per 1mn inhabitant is 4.38, meaning
that an intervention costs an additional 66mn USD per month in this stage. Figure
3 shows the resulting cost levels across stages and for different levels of GDP. We
observe that GDP is one of the main drivers of costs.
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Figure 3: Intervention effect and costs

(A) Impact of interventions (B) Intervention costs
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NOTES: Panel A shows the impact of interventions with effectiveness T = 16% on the partial
information transition matrix. The y-axis depicts the stage in month ¢ and the x-axis the stage
in month t + 1. Red indicates reductions in probability masses, green an increase. Panel B
shows the monthly intervention costs for each of the 12 stages. The blue solid line shows
the monthly intervention costs for a country with a total GDP of US$10bn across stages. The
orange dashed line shows the intervention costs for a country with a total GDP of US$100bn
and the green dotted line for a country with a total GDP of US$1 trillion.

This concludes the estimation and calibration of damages, transition likelihoods,
policy effectiveness, and costs using the partial information model. We now take

this estimated model and analyze optimal policies under full information.

4 Results

To derive results, we move from the transition matrix under partial information
to the transition matrix under full information, keeping policy effectiveness T and
intervention costs the same. Importantly, this changes the usefulness of policy
tools in stages 1 to 5 as the degree to which they can be timed according to the
underlying risk.
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4.1 From Static to Dynamic Damages

The damages from armed conflict are one of the key factors leading to poverty and
low average growth in affected countries. Grouping observations into stages al-
lows us to estimate contemporaneous damages Ds associated with a stage s. The
dynamic model allows us to look ahead through simple interactions with the tran-
sition matrix T,. The present value of damages in each stage is given a stream of
future discounted damages in which intervention never takes place. Formally, dis-
counted future damages in stage s with intervention never taking place anywhere

DIV are given by:

DIV =D, + i B (TyD), 9)
t=1

where (T!,D); represents the expected damages at time step ¢, starting from state s,
after applying the transition matrix, Ty, t times. Note, that for low discount values
all dynamic values will be very close to each other as the starting position matters
less and less. In what follows we will contrast the dynamic view derived from our
model to the static view which follows the contemporaneous damages D;.

Figure 4 contrasts static and dynamic damages. In panel (A) we report static
damages for the full information model. In panel (B) we report dynamic damages
as defined in equation 9. There is a striking contrast in worldview that can be
derived from this. If a policymaker is driven by static damages she will put much
more attention to countries in stages 11 and 12. When looking ahead, through
the perspective of connected stages and the resulting dynamic damages, relative
attention shifts away from the conflict stages and instead becomes a continuum.??
We show in section 4.3.1 that the incentives for prevention naturally fall with the
discount rate.

4.2 Optimal Policy under Full Information

We are now ready to report our first main result - the discussion of optimal policies
under full information using the calibrated model from partial information. The
main question here is whether interventions in lower stages are ever cost-effective

in full information for parameters that have been calibrated on policies that are

Z3Notice the relatively low dynamic damages in stages 1 and 2 which are driven by their close
association, persistence and disconnect with the other stages.
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Figure 4: Static vs dynamic damages by stage, full information
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NOTES: The left panel shows the damages in a given period Ds, while the right shows D!V
defined by Equation (9), which is the present value including all future damages discounted
using an annual rate of 4% and assuming a 1% annual GDP growth. Damage estimates in both
panels represent the average across all countries in our sample.

common in higher stages.

The results in this section are reported as benefit-cost ratios (BCR), which can
be interpreted as the net present value of the long-run return per $1 spent today.>*
Importantly, the BCRs capture the idea of a one-period deviation. We calculate the
net gains as the value function difference between intervening in stage s and not
intervening in stage s, while always maintaining optimal behavior in the future.
In other words, we take into account what a rational policymaker would do in a
future in which the situation might escalate. This ensures that the policy benefits
are optimal, even under the assumption that the failure to prevent can be partially
offset by later, optimal de-escalations. To calculate gross gains we then add the

intervention costs of intervening in stage s. To get to the BCR we then divide this

24The benefit-cost ratio is computed as gross gains divided by intervention costs. Future
gains/losses are discounted using a rate of 4% per year.
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sum by the intervention costs. So formally, BCR; in stage s is given by

Vit I, — VI

BCRs = i
S

A BCR less than 1 implies that the intervention is not cost-effective. Remember
that the calculation of the BCR takes into account the low predicted risk in coun-
tries with no current violence and that policies are not guaranteed to be effective.
For low stages for which the predicted risk is very low, large dynamic benefits of
prevention need to compensate for low escalation risks to bring the BCR over 1.

To capture uncertainty in our BCR estimates, we take into account the uncer-
tainty from the estimation of the conflict stage model and the OLS regressions used
to estimate damages. When estimating the Hidden Markov Model the Viterbi algo-
rithm computes the most probable path and assigns a stage to each country /month
observation based on this most likely sequence. However, the Hidden Markov
Model also outputs a posterior probability distribution over the stages. In other
words, there exists some uncertainty over what stage the country is assigned to.
We can therefore sample a stage, for each country/month observation, from the
posterior distribution 10,000 times. This gives 10,000 draws of the sequence of
stages for each country, from which we can compute 10,000 different transition
matrices.”> We pair each of these transition matrices with a damage vector drawn
using the coefficients of the OLS regressions and their respective standard errors.?
Together, these simulations yield standard deviations around the BCR, driven by
the uncertainty of stage assignment and damages incurred.

We have in total 10,000 BCR estimates across all stages for the 168 countries in
our sample. First, we compute the average BCR by stage across all countries for
each draw. Figure 5 displays the distribution of these mean benefit-cost ratios by
stage. To avoid distributional assumptions, we show the 2.5th percentile, mean,
and 97.5th percentile. Under full information, it turns out to be beneficial to in-
tervene in all stages except for stage 1. The point estimates of the BCRs turn out
to be hump-shaped with respect to stages, with the highest BCR peaking at 15 in

BIn Appendix D, Figure D1 we show the standard deviations around each of the estimated
transition probabilities.

26We sample 10,000 times from the parameter estimates of the OLS regressions, assuming a
normal distribution where the mean is equal to the point estimate and the standard deviation is
equal to the standard error.
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stage 8. The point estimate for intervention in stage 1 is close to 1, while in stage
12 the return is still higher than $5 per dollar spent. The high relative return to in-
terventions in stage 8 is driven by the high uncertainty about the pathways of this
stage. Note that uncertainty regarding the categorization of this stage is also high
so that a risk averse policymaker would not regard it as particularly attractive to

intervene in stage 8.

Figure 5: Benefit-cost ratios
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NOTES: Panel A shows reports benefit cost ratios (BCRs) from 10,000 simulations across all
countries by stage calculated from equation (4.2). For each simulation we draw a transition
matrix and damage vector, calculate the BCR for each country, and average across countries.
Point estimates are the mean BCR score. Bars represent the 2.5th and 97.5th percentile of the
10,000 means. Panel B shows BCRs of different policy bundles (indicated by rows). Interven-
tions in white cells are switched off, i.e. the policymakers is not allowed to intervene. The
calculation of BCRs does not account for the uncertainty of stage assignment and damages
incurred as previously described. Instead, the point estimate of OLS regression coefficients is
used to generate D, and the full information transition matrix in Panel A of Figure 1 is uti-
lized. Darker shades of green indicate higher BCRs.

Crucially, the point estimates for the BCRs of stages 4 to 7 are not too dissimilar
to the BCRs of stages 11 and 12. This is partially a result of the assumptions regard-
ing intervention cost increase with fatalities. But it is to a large degree driven by

the dynamic benefits of preventing a fall into the conflict trap. Here is where stage
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8 is particularly interesting. When we run community detection algorithms on our
full information transition matrix they detect a connected community going from
stage 9 to 12 but excluding 8 when we force few communities.”” This means stage
8 is more connected to stages below it than stages above it. It is just outside the
conflict trap but right before it. Figure 5 shows that intervening in this situation

maximizes expected prevention benefits.

4.2.1 Complementarity versus Substitutability

We now turn towards analyzing the spill-overs identified in our theoretical results.
To investigate this we switch off the possibility to intervene in some stages and re-
optimize to find the new BCRs for higher and lower stages.

In Figure 5(B) we simulate the returns to different policy bundles around stage
7 to see whether the BCR for interventions in stage 7 is affected and by how much.
We start with row A where interventions are only permitted in stage 7. Row by
row we allow more interventions in lower stages to join till policy bundle G where
interventions are allowed to take place in stages 1 to 7. We then check how incen-
tives to intervene change in stage 7 as we add substitutes in higher stages.

In policy bundle A, the return to intervening stage 7 is $7 per $1 invested. This
increases with every additional lower stage in which interventions are permitted -
as predicted by our theory. In other words, prevention in stable peace is comple-
mentary to interventions in intermediate risk stage 7. This is because lower stages
become even better when intervening in them so incentives to shift to these stages
from stage 7 increase. Notice the significant increase in BCRs from 7 to 7.96 when
we allow for more preventative policies.

In contrast, allowing for de-escalation in higher stages reduces the BCR in
stage 7. This crowding out is substantial, reducing the BCR to below 5 in row
L when allowing for interventions in all higher stages. Incentives to intervene in
stage 7 fall by close to 33% with interventions in conflict. As outlined in the theory
model, the rationale is that if one de-escalates during high risk and raging conflict,
violent situations become less of a burden, reducing incentives to prevent them in

the first place.

?Calculations available from the authors. The algorithms we used were the Leiden Algorithm
and the hierarchical Girvan-Newman. The Girvan-Newman algorithm first separates stage 1 from
all other stages, then stage 2, and then makes 4 communities 1, 2, 3-8, 9-12
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4.3 Information Rent

We now turn to our main policy experiment: the withdrawal of the forecast. Imag-
ine that there is no forecast in countries without recent violence so that the poli-
cymaker cannot distinguish between situations of stable and relatively high-risk
peace, i.e. between stages 1 to 5. In Equation (8) we defined the information rent
from providing this policymaker with a forecasting module. According to our def-
inition, an information dividend is generated if having the full information leads
to different decisions than under partial information.

In panel A of Figure 6 we show the distribution of gains from 10,000 simulation
draws to assess the outcomes of implementing the optimal policy under partial in-
formation in a hypothetical full information world and comparing those outcomes
to the optimal full information outcome. The x-axis shows information gain (rela-
tive to GDP) for the countries included in the sample. The average gain is 62.2% of
GDP (standard deviation of 15.8). Less than 1% of simulations yield a gain of zero.

Given the BCRs in Figure 5 it should be clear that the information rent is coming
mostly from the low stages which are generating interventions under full informa-
tion but little interventions under partial information. Panel B of Figure 6 analyzes
the differences in policy choices across stages under full and partial information.
Under full information, the policymaker optimally intervenes in over 60% of cases
where it would not optimally intervene under partial information. This figure rises
to almost 100% in stages 2 to 5. 2

This dramatic increase in intervention incentives with the information set is
surprising. Why are interventions in stage 1 suddenly optimal despite this being
the lowest stage? The reason is that stage 1 is most closely connected to stages
2 to 5. This creates the incentive to implement preventative policies in stage 1 to
prevent escalation into these stages under full information. Under partial infor-
mation, this incentive is completely gone as stages 1 to 5 cannot be distinguished.
This finding suggests that the finer information granularity generates incentives
for policy interventions that are completely absent otherwise. Put differently, hav-
ing a forecast helps the policymaker formulate policies because it provides new

policy targets for conflict prevention in situations that are very far away from con-

28 Appendix Figure D3 shows that in the partial information case, a policymaker would inter-
vene just 1% of the time in stages 1-6 across all countries and draws. In both partial and full
information, it is almost always optimal to intervene in any of stages 6-12.
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Figure 6: Distribution of information rent
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of each heatmap shows the share of times a policymaker optimally intervenes in full informa-
tion, but not partial information, across all countries and draws. The right column shows the
share of times one optimally intervenes in partial information, but not in full information.

flict.

We have held the policy tools available to the policymaker constant. In the
terminology of Kleinberg et al. (2015), our policy experiment is only changing the
prediction quality of the policymaker, not the available treatments. This change
in the information environment leads to a dramatic shift in implemented policies
and large economic gains. One way to understand this is by contrasting the ergodic
distributions with full and partial information. The main change is in the share of
countries that are in stage 1 in the long run which increases from 32% under partial
information policies to 46% under full information. Some of this change comes
from other peaceful stages but the total weight on stages 1 to 7 goes up by close
to 4 percentage points and the share of countries in conflict falls by a percentage
point. This is despite the fact that we use a pseudo-out-of-sample forecast with
realistically low performance in stages 1 to 5 and policy treatments that fail most

of the time, i.e., in more than four out of five cases. The information environment

34



has profound welfare implications.

4.3.1 Robustness and Additional Results

We run two sets of robustness checks and present these results in Table 2. First, we
analyze countries above and below median GDP per capita. This shows that, in
relative terms, a substantial information dividend arises regardless of the income
group we focus on. In absolute terms, the return is greater for richer countries
given that there is more at stake. Second, we study the sensitivity of the result to
a change in the discount rate. An increase in the discount rate from 4% to 10%
yields an information rent in excess of 12% of GDP on average, which is a lot
lower than the benchmark rent of 62%. However, the relationship here is to a large
degree mechanic where stronger discounting leads to lower present values. It is
still optimal to intervene in stages 2 to 5 under full information - even with a 10%

discount rate.

Table 2: Robustness checks

Country sample Discount Information rent (% of GDP)

rate (%) mean standard deviation

Benchmark 4 62.2 15.8
Above median GDP per capita 4 57.5 11.8
Below median GDP per capita 4 66.8 17.8
Benchmark 10 12.5 3.4

Notes: The mean and standard deviations and the information rents are computed us-
ing 10,000 simulations.

However there is the possibility that the policymaker uses extreme levels of
discounting for political economy reasons.”” A drastic increase of the discount
rate to 50% would lower BCRs across the board, and even decrease them below 1
for lower risk stages given that so little value is placed on (potential) future events.
The policymaker acts more according to the static damage model shown in Fig-
ure 4(A) above. Only some preventative incentives, especially in stages 4 and 5,

survive even such extreme levels of discounting under full information.

2For recent examples see Aguiar and Amador (2011) or Besley and Persson (2011a).
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Optimal policy also changes dramatically when we disregard the development
incentives for donors altogether, i.e. when we don’t treat damages to GDP growth
as costs from conflict. The withdrawal of the main driver of damages reduces
the returns to interventions dramatically. As expected, in panel (B) of Appendix
Figure D2 we see a dramatic decrease in intervention incentives with BCRs even
dropping below 1 for stages 1 to 5 under full information. Conflict prevention
in our model is, to a large extent, motivated by developmental gains, i.e., by the

economic welfare of conflict-affected countries.

5 Conclusion

This article presents a dynamic decision model to analyze the trade-offs involved
in deciding whether to engage in early action (prevention) and/or late action (de-
escalation) in the face of recurring risks such as armed conflicts. The Markov
model has brought to light that prevention tends to encourage subsequent de-
escalation actions, while de-escalation can, in certain contexts, deter preventive
measures. This interdependence highlights the complexity inherent in crafting
policies for conflict management and resolution.

A critical revelation of our model is the transformative role of forecasts in pol-
icymaking. Their integration fundamentally reshapes the approach to risk man-
agement. By applying our framework to a global dataset of armed conflicts span-
ning from 2010 to 2022, we have highlighted the existence of an information rent
in armed conflict policies, currently overlooked or underutilized by governments
and international organizations. Our analysis of status quo policies suggests that
this rent could be realized through systematic use of forecast and the potential
long-term benefits of such a strategic policy are significant and far-reaching.

But, the implications of our findings extend well beyond the sphere of armed
conflicts. Similar frameworks might help shed light on other policy challenges
as well, ranging from public health crises, inflation, financial crises, and climate
change policy decisions. Future research could explore these avenues, examining
the role of forecasts in dynamic decision-making across diverse domains. More-
over, empirical research focusing on the practical application of these models in
real-world policy settings could yield valuable insights into the challenges and ef-
ficacy of forecast-based prevention and de-escalation strategies.
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But there is also a long tradition within the political economy literature that
underpins preventative policies in several areas. For example, institutional frame-
works like the European stability pact can be traced back to academic contributions
to fiscal debt.> Similarly, one of the arguments for central bank independence has
been that short-cited politics or commitment problems would get in the way of a
more preventative approach to inflation.>! Accordingly, central bankers counter
inflation not only when it arises.

Two shortcomings are that the analysis ignores uncertainty around the fore-
cast and policies that are already being implemented. The forecast system does
not explicitly take into account the implemented policies but we know from the
literature on conflict that effective preventative policies have been implemented
in many cases in the past. This means that our forecast model relies on data that
includes attempts to counter risk. Unraveling the mix of policies and other risk
tactors will be crucial to understand risk better and at the same time, get a better
understanding of the effectiveness of preventative policies. This is also crucial for
implementing a policy system based on forecasts as systematic, effective policies
will make forecasts obsolete. A systematic collection of data on policies is crucial
here but, at this point, we also lack the econometric and machine learning tools to

integrate forecasting and causal inference.
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A Model Appendix

A.1 Preliminaries for Proof of Propositions 1 and 2

In this section, we solve for steady-state values in the two-stage model. Let V; and
V, be the present discounted value of stages 1 and 2 when the optimal intervention
policies are implemented. With a slight abuse of notation, denote V;(¢1, ¢») and
Va(¢1,¢2) the present discounted values in stages 1 and 2 conditional on imple-
menting policy ¢; € {0,1} in stage 1 and ¢ € {0,1} in stage 2.

Therefore, the values of stages 1 and 2 conditional on not implementing any

policy in both states, (¢1 = 1,¢, = 0) are equal to:

Vilgr =0,42=0) = p(puVi+(1-pu)V2) = 5%
Va1 = 0,02 =0) = —D+B((1—-pn)Vi+qVa)= D+ [i (_118_07?22) Vi
which yields

B(1—p1)(=D)
(1-B)(1+B—pup—ap)
(1-pnp) (=D)
(1-8)(1+B—pup—ap)

The values of stages 1 and 2 conditional on implementing only prevention policy,

Vi(¢r =0,¢2 =0)

Va1 =0, =0) =

(¢1 =1,¢2 = 0), are equal to:

Vilgr =1,¢2=0) = —L+B(pu+7(A—pu)Vi+1A—pu—1t(1—pn))V2)
—h+BA—(put+tt(l—pn))) V2
1-B(puu+t(1—pn))
—D+‘3(1—;’)22)V1
1—pq

Va1 =1,¢2=0) =



or

BA—(pu+t(1—pn))(=D)+(1—-pq) (—h)
1-B)A+B—(pr1+7(1—p1n))p—4qp)
(1-=B(pn+7(1—pn))) (=D)+B(1—px)(-h)
1-B)A+B—(pun+7t(1—pn))B—qp)

The values of stages 1 and 2 conditional on implementing only de-escalation policy,

Vilpr =1,¢2=0) =

Va1 =1,¢2=0) =

(1 =0,¢2 = 1), are equal to:

Wil =02 =1) = pU b

Va1 =0,¢2p=1) = —D—-DL+B((1—pr+t(l-p2)V1+(@—1)V)
—D-—DL+B(1—po+t(1-—p2)WV

1-Bg—T1(1—p2n))

so that

B(l—pun)(=D—-Dh)
1-B)A+B—puB—(—t(1—p2))p)
(1—Bp1u) (=D — D)
1-B)(A+B—puB—(q—t(1—p2))p)

The values of stages 1 and 2 conditional on implementing both prevention and

Vilg1=0,¢p=1) =

Vapr =0,2=1) =

de-escalation policies (¢ = 1, ¢, = 1), are equal to:

B(l—(pu+7(1—pn)))(-D—DL)+ (1 —-B(g—7(1—pn)))(—h)
1-B)A+B—(pu+7)B—(9—7(1—p2n))B)
(I-B(pu+7(1—pn))(=D—h)+B(1—B(p2—T(1—pn))) (—11)_

Vilgr =1,¢2=1) =

Va1 =1¢=1) = 1-B)(A+B—(pu+1)B— (po—7(1—pn))B)

If we insert the present values without de-escalation and without prevention into

the optimal intervention conditions (1) we get

D
14+ B —pupf —p2rp

L < ‘BT (1 — pll)

and the necessary condition for de-escalation without prevention is

D
1+ B—pup —pap

2

Iz < ﬁT (1 — pzz)



A.2 Proof of Proposition 1

Proof. Prevention with de-escalation is optimal, iff

I < Bt(1—pn)(V1—W)
L < ,BT(l—Pn)(

D+1D )
1+ B—pup— (p2—1)B

which is harder to satisfy than prevention without de-escalation if

( D—+1, )<( D )
1+B—puf—(p2—t(1—pxn))B 14+ B —pup — p2p

or
D

1+pB—pup —p2p

which is the condition for de-escalation without prevention. This completes the

L < IBT (1 — PZZ)

proof that de-escalation crowds out prevention. O

A.3 Proof of Proposition 2

Proof. De-escalation without prevention if

D
L < Bt(1—pn) <1 +B—pup— Pzzﬁ)

and with prevention

D—1L
L < Bt(1—pn) <1+[3_ (p1+7)B— Pzzﬁ)

This is easier to satisfy if

D-1 y D
I+B8—(pun+t(l—pn))B—p2p  1+B—puf—pr2p

or
D

>
14+ B —pupf —prp

which is the condition for prevention. This completes the proof that prevention

[exs) I

crowds in de-escalation. O]



B Hidden Markov Model

We opt to use a Hidden Markov Model (HMM) that describes five panel series
through twelve latent states. We use five different panel series in order to capture
different measures of conflict risk and intensity. The five panel series are two fore-
casts of armed conflict risk (the “full model” uses past violence and newspaper text
and the ‘text model’ relies on newspaper text only), the intensity forecast (based
on past violence and newspaper text), observed current log(1+ fatalities per 1 mil-
lion inhabitants), and an indicator of the outbreak of armed conflict regressed on
a polynomial of degree three of the number of months since the last conflict.! The
latter input reinforces the high risk in the months following armed conflict that
decays exponentially.

The HMM assumes that these five observable variables are generated by a se-
quence of internal hidden states S which we call risk stages. The hidden states are
not observed directly. The transitions between hidden states are assumed to be a
(tirst-order) Markov chain. They can be specified by a start probability vector and
a transition matrix T. In our case, the emission probabilities (i.e. the probability
of an observation being generated by a stage s;) are assumed to be Gaussian. The
state space of the HMMs is discrete, hence the key hyperparameter is the number
of states. We estimate the model on the entire data from 2010m1 to 2024m?2.

We solve the dynamic programming problem involved in backing out the states
through the combination of two algorithms called the Viterbi algorithm, a Forward-
Backward algorithm, and an Expectation-Maximization (EM) algorithm, known as
the Baum-Welch algorithm. We use the PyHHMM package in Python. For more
technical details see the PyHHMM documentation and Moreno-Pino et al. (2022).

IThe values are derived from the following model:

_ |max(Bo + B1x + B2x? + B3x3,0), if the country is not in armed conflict,
L if the country is in armed conflict.
where x represents the number of months since the country last experienced armed conflict. In the
OLS regression used to derive the f, the dependent variable is a binary indicator for the onset of an
armed conflict within the next twelve months. The point estimates for BO, ﬁl, Bz, and ,[33 are 0.2853,
-0.0028, 9.401e-06 and -1.057e-08 respectively. Note that where a country is deemed to be in armed
conflict in that month, we set § equal to 1.



(A) Predicted outbreak risk (full model)

Figure B1: Distributions of variables entering HMM
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NOTES: Figure shows the distribution of the features conditional on the stage. The box plots
display the minimum, first quartile, median, third quartile, and maximum and outliers are
shown as individual points beyond the whiskgrs. Panel (D) shows fitted values OLS regres-
sions with armed conflict in the next month as the dependent variable of the OLS. The func-
tional form is § = max(Bo + B1x + B2x + B3x3,0) if the country is not in armed conflict,
where x represents the number of months since the country last experienced armed conflict,
and 7 = 1 if the country is in armed conflict.



Figure B2: Predictive performance
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(TN). Panel A summarizes predictive performance in terms of the false positive rate (Fpi%)

on the x-axis and true positive rate (Tpi%) on the y-axis. In Panel B recall on the x-axis is the
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C Calibration

C.1 Damages

In Figure C1 we summarize all four damage categories. In the regression of GDP
per capita on stage dummies we control for country-fixed effects and a one-year
lag of GDP per capita levels. For ODA, fatalities, and refugees we do not include
country-fixed effects as these are directly linked to conflict, so identification is less
of an issue.

For the translation of fatalities to monetary costs we use a cost per life of 0.9
million US$ (Leén and Miguel 2017). Refugees per capita are indicating huge dis-
ruptions for stages 11 and 12 with 4% to 13% of the entire population leaving their
home country on average in a year. We use a study from Tan et al. (2016) to trans-
late refugee costs into a monetary equivalent. They report a cost of $623 in 2011
prices which we convert to $660 in 2015 prices. This will be an underestimate of
the true costs of displacement which entail human suffering, the loss of mental and
physical health, and reduced education.

Economic losses from GDP are a key dimension of our loss calculation. Note
that we need to weigh the growth loss by the level of GDP to get to a total number.
This means that our estimates of the total damages from conflict will be a function
of the level of GDP. Furthermore, we need to translate growth numbers into static
damages. As there is no significant recovery from conflict these damages need to
take into account the reduced capacity of GDP in the future. We therefore calculate
the discounted GDP reduction from now to up to 10 years. In this calculation, we
do not assume large GDP baseline growth which would increase the total cost
significantly.



Figure C1: Estimated damages across risk stages
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NOTES: The figure shows coefficients from regressing damages on dummies for each stage
with 95% confidence intervals. GDP growth loss regressions include country-fixed effects and
a one-year lag of GDP per capita levels together. Standard errors are robust and clustered
at the country/year level. The data sources for fatalities are UCDP (Sundberg and Melander
2013, Davies et al. 2023), World Bank for GDP growth and population statistics (World Bank
2022), UNHCR for refugees (UNHCR 2022), and the OECD for ODA (OECD 2022).

C.2 Intervention Costs

We rely on a dataset from 2010 to the end of 2023 which contains monthly fatali-
ties (UCDP), the average monthly peacekeeping budget (UN), and power-sharing
agreements (PA-X version 8). First, we subset to all country/month observations

8



where there is an agreement. We then compute the average peacekeeping spend in
the 18 months of an agreement (so the month of the agreement and the following
17 months). We then regress this 18 month average of the peacekeeping budget on
the log of fatalities per 1 million inhabitants + 1.> Our coefficient estimate indicates

The table shows the regression to derive our cost per fatality estimate for the
intervention cost function. This cost is supposed to capture the fact that meaning-
ful policy implementation becomes much more expensive with ongoing violence.
We rely on a dataset from 2010 to the end of 2023 which contains monthly fatali-
ties (UCDP), the average monthly peacekeeping budget (UN), and power- sharing
agreements (PA-X version 8). First, we subset to all country/month observations
where there is an agreement. We then compute the average peacekeeping spend
in the 18 months of an agreement (the month of the agreement and the following
17 months). We then regress this 18-month average of the peacekeeping budget on
the log(1+fatalities per Imn inhabitants).

Table C1: Costs in terms of peacekeeping budget per fatality

1)
Log (1-+fatalities per Imn) 14.956"**
(2.583)
Time FE No
Country FE No
Observations 343
R? 0.090

Notes: Notes: The dependent variable is
average 18 month peacekeeping budget.
*p<0.1; **p<0.05; ***p<0.01. Standard er-
rors in parentheses.

2 Appendix Figure C1 shows the estimated coefficients.



C.3 Static and Dynamic Damages by GDP per Capita

Figure C2: Static vs dynamic damages by stage, full information
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NOTES: The left panel shows the damages in a given period Ds, while the right shows DIV
defined by Equation (9), which is the present value including all future damages discounted
using an annual rate of 4% and assuming a 1% annual GDP growth.
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D Additional Figures

D.1 Transition Matrix

For each country/month observation, we sample a stage from the posterior dis-
tribution 10,000 times. This gives 10,000 draws of the sequence of stages for each
country, from which we can compute 10,000 different transition matrices. Figure
D1 shows the resulting standard deviations. Note that in the partial information,
any stage draw of 1-5 is assumed to be equivalent to a draw of the super-stage 1.

Figure D1: Standard deviations of transition matrices
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D.2 Additional Results

Figure D2: Benefit-cost ratios of interventions with full information

(A) Including GDP damages (B) Excluding GDP damages
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NOTES: Figure shows reports benefit cost ratios (BCRs) from 10,000 simulations across all
countries by stage calculated from equation (4.2). In panel (A) GDP damages are included and
in panel (B) GDP damages are excluded. For each simulation we draw a transition matrix and
damage vector, calculate the BCR for each country, and average across countries. Calculations
include GDP damages. Figure reports the distribution of the mean BCR’s as a violin plot,
where the Scott method is used to compute the kernel bandwidth. Inner lines represent the
25th, 50th, and 75th percentile respectively.
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Figure D3: Intervention shares by stage and under partial and full information
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NOTES: The left column of the heatmap shows the share of times countries optimally intervene
in partial information across all draws. The right columns show the share of times countries
optimally intervene in full information across all draws.
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Table D.1: Ergodic distributions across stages under full and partial information

(%)

Information

Stage Full Partial
1 4576 31.56

2 16.02 15.26
3 16.01 19.42
4 5.72 8.30
5 1.96 3.49
6 5.20 7.86
7 1.78  2.70
8 1.28 1.94
9 2.61 3.95

10 1.82 275
11 148 224
12 036 054

Notes: The percentages
represent the ergodic
distributions across
stages resulting from
optimal policy under
the two information
environments.
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E Approximating Effectiveness T Using Power-Sharing

Agreements

The purpose of this appendix is to outline our methodology for calibrating our
policy effectiveness parameter 7. We start with our panel of risk stages for 168
countries from Jan 2010 to Feb 2024, monthly UCDP fatalities, and the PA-X power-
sharing agreements dataset version 8 (Bell and Badanjak 2019) which contains data
from 1990 to the end of 2023. We consider all available power-sharing agreements
in the dataset, only filtering out those that are not signed. In total, there are 514
instances of a signed power-sharing agreements in our dataset.

Simulating expected violence with and without policies in place is possible as
it requires multiplying the transition matrix with the average fatalities by stage.
Every additional multiplication gives the expected number of fatalities for the next
month. We first simulate the model without policies in place by multiplying the
transition matrix with the damage vector.

We then simulate violence reduction from policy by imposing policies of effec-
tiveness T in all stages for which we see power-sharing agreements in the data.
Denote the transition matrix with interventions as T; and the transition matrix
without interventions as T and take the distribution across stages at the moment
of an agreement as Sy, and the damage vector (fatalities in different stages) to be
D.

Then we calculate at each time step the distributions across stages in the post-
treatment period t > 0 as

Sit =St 1(T;)

and without treatment S, ;:
Sn,t - Sn,t—l(T)t

If we multiply these two changing distributions by the damage vector we arrive
at the simulated average of fatalities with and without treatment. To calibrate T we
target the value of

(Sit*D—S;,*D)/(Spt*D)

which is the relative reduction in violence with treatment.
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(A) Stages in which power-sharing agree-

ments take place

Figure E4: Approximating effectiveness
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NOTES: Panel A shows the distribution across stages at the moment of a power-sharing agree-
ment. For example, we see that 30% of power-sharing agreements take place in stage 11. Panel
B shows the percentage reduction in violence over 18 months, assuming a 7 of 2, 5, 10, 16, and
20%. The optimal policy vector is assumed to take a value of 1 where the distribution across
stages at the moment of a power-sharing agreement exceeds 5%. In practice, this means the
simulation is conducted under the assumption that a policymaker intervenes in stages 9, 10,

11, and 12.

F Prevention in Practice

E1 Conflict Prevention Policies

The framework we propose offers a dynamic model of both targeting of policies

and their effect. A central pillar for this is the huge body of work on conflict pre-

vention and de-escalation policies and their effectiveness. However, we will argue

in this section that data and, hence, quantitative research on conflict prevention

policies, as we define them, are essentially missing.

An important policy document published on conflict prevention was the joint

UN/World Bank report Pathways to Peace. The report stresses that affecting conflict

outcomes means addressing both short-term triggers of conflict and more struc-
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tural factors. Examples are changing incentives for violence through institutional
reform or by directly changing incentives for specific actors, power-sharing agree-
ments, reforms that equalize spending patterns across regions, mediation and pro-
moting of peaceful narratives. Countries stay peaceful if they ensure broad access
to political power and representation, natural resources (in particular, land and
extractives), security and justice, and basic services. A lot of this is backed by the
academic evidence.’.

However, when searching both policy reports and the academic literature it
becomes clear that there is very little work on policies targeting armed conflict
prevention in situations without previous violence. Measured policies related to
conflict are typically implemented in the context of ongoing or recent violence.
At the same time, there are few well-identified studies in the conflict literature on
preventative policies like diplomacy or civil society work. There is, for example,
little quantitative work on prevention programs against radicalization despite its
relevance (Jugl et al. 2020) or studies that analyze how leaders could be prevented
from playing the ethnic card despite the fact that this is an extremely well-researched
mechanism for internal armed conflict (Montalvo and Reynal-Querol 2005, Este-
ban et al. 2012, Yanagizawa-Drott 2014a). At the cross-country level there is no
systematic data on prevention policies of this sort.

This is not to say that there are no researched ways to make societies less sus-
ceptible to armed conflict. We know, for example, that economic development and
high state capacity are associated with more stability across countries (Besley and
Persson 2011a, Acemoglu and Robinson 2012). This suggests that the simple idea
that helps on these two fronts might be an effective conflict prevention strategy.
And indeed, there is a significant level of foreign intervention in prevention stages
with an economic focus like development aid or IMF programs. However, foreign
aid has very mixed support as a preventative measure and IMF programs target
sound fiscal policies, not violence prevention. The evidence for development aid
preventing conflict is mixed at best.* However, some of the contradictory effects

can be explained by theory. For example, aid will contribute to instability if it leads

3See, for example, Depetris-Chauvin et al. (2020), Fetzer and Kyburz (2022), Mueller and Rauh
(2024), Rohner (2024)

4See De Ree and Nillesen (2009), Berman et al. (2013), Crost et al. (2014), Nunn and Qian (2014),
and Crost et al. (2016) for some encouraging and discouraging examples.
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to the generation of rapacity effects or displaces the local population through high
demands on land.”

Targeting the human capital channel seems more promising. Studies have
found that productivity-boosting policies such as employment programs, voca-
tional training, school construction or health-promotion programs have led to a
drop in fighting.® Given the role attributed to political institutions and state capac-
ity it could well be that aid support for building non-exclusive institutions with
strong checks and balances and fiscal capacity have a positive effect on robustness
but it is hard to establish clean treatment effects here.”

However, many of these policies cannot be implemented fast enough. What
would be needed is an approach that builds a long-term prevention strategy with
short-term safeguards for emergencies which can be targeted based on forecasts.
Given the latest research on the importance of communication for protest and con-
flict outcomes® ethically justifiable policy experiments on this front seem an essen-
tial pillar of the fast deployment strategy. The introduction of special financial in-
struments by the IMF and World Bank and rethinking of how to measure fragility
is very promising in this regard. We discuss these initiatives in more detail in a
companion paper.

Many of these policies have prevention as a side product. We do not have suf-
ticient quantitative research on fast-to-deploy conflict prevention. But we argue in
Appendix F.2 that some of the evidence is simply not there because situations for
prevention are not systematically identified. This highlights the problem posed by
the absence of targeting methods - the formulation of systematic prevention poli-
cies is hindered significantly by the absence of an effective targeting mechanisms.
This motivates our approach of calibrating our model under the partial informa-
tion and then using this to explore the viability of a more preventative approach
even the detailed formulation of this approach is lacking.

5See Dube and Vargas (2013), Berman et al. (2017), Falcone and Rosenberg (2022), Sonno (2024)

%See, for example, Blattmann and Annan (2016) and Fetzer (2020). See Rohner (2024) for a
theory-led review.

7See Besley and Persson (2011c) for a cross-country study and for a detailed discussion of fiscal
policies see Besley and Mueller (2021).

8See, for example, Yanagizawa-Drott (2014b), Manacorda and Tesei (2020), Miiller and Schwarz
(2021).
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F2 The Role of Forecasting in Prevention Policy

The size and robustness of prevention benefits and the information rent derived
suggest that significant rents could be generated by basing policy on systematic
quantitative forecasting, as, for example, in Central Banking. But for this argument
to have any relevance, we need to argue that these preventative policies are not
already implemented.

The international organization with the most direct mandate to engage in pre-
ventive action is the Department of Political and Peacebuilding Affairs (DPPA). Its
Mid-year report for 2022 states:

With US$9.4 million received from 11 donors, DPPA supported peace processes, medi-
ation, and elections, throughout the world. From Ethiopia, Libya, and Myanmar to Syria
and Yemen, we continued to advance political solutions in some of the most challenging
crises, provided mediation between parties at odds, and encouraged preventive action for
lasting peace.

This is a revealing statement for two reasons. First, the five countries men-
tioned spent the entirety of 2022 in one of stages 9, 10, 11, or 12. Syria and Myan-
mar spent the entire year in stage 11, Yemen spent 9 months in stage 11 and 3
months in stage 12, while Ethiopia spent 6 months in stage 11 and 4 months in
stage 12. Second, the budget is extremely small for an organization that deals with
conflict worldwide. For comparison, the UNHCR budget in 2022 was US$10.714
billion. The small DPPA budget seems to be completely absorbed by attempts to
de-escalate the most violent ongoing conflicts.

The World Bank has a much larger budget and it is making fragile and conflict-
affected situations (FCS) one of its main priorities. The Bank has an FCS coun-
try list and special funding and policy instruments in place for countries on the
list. This suggests a big focus on prevention as fragility is a concept that is inti-
mately connected to forecasting - the word is capturing an uncertain, risky future.
However, to enter the FCS list, countries need to have a) a Country Policy and In-
stitutional Assessment (CPIA) rating of 3.2 or less or b) the presence of a United
Nations and/or regional peace-keeping or peace-building mission. This second
aspect very obviously targets the aftermath of armed conflict - not its prevention.
The first element has preventive elements but the data underlying the CPIA is re-
leased with significant delay and is heavily affected by armed conflict. The result
is largely a list of countries with recent or ongoing conflicts and has very little pre-
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dictive power beyond the, admittedly strong, persistence of conflict. This means
that the FCS policy response by the World Bank and other actors using the list will
be largely directed away from prevention and towards the trap stages of 9 to 12.

Most organizations working in this area are separated into development and
conflict departments and the conflict specialists are only allocated to countries
when a country lands on one of the lists, i.e. when there are substantial levels of
violence. In addition, conflict-specific programs are withdrawn relatively quickly
when violence stops. This is clearly visible in the data if we look at average re-
sponses across stages. We have conducted a systematic analysis of existing policy
variables and everything points towards a late policy response in high stages 9
to 12. Sanctions and mediation for power-sharing agreements both clearly react
to violence and therefore accumulate in the highest stages - so do peacekeeping
missions and UN resolutions.

A summary of the cross-sectional variation of the allocation of different re-
sources is presented in Figure F1. Power-sharing agreements are shown in panel
A. We see that there are relatively few agreements below stage 10 and almost none
below stage 8 - stages which the model identified as crucial. A similar pattern
emerges in panel B for peace and security spending. Government and civil society
ODA spending in panel C shows slightly more attention to lower stages but the
dominance of stages with actual conflict persists. Only economic ODA in panel D
paints a more nuanced picture. Economic aid, typically not explicitly associated
with conflict prevention, is relatively strong in preventative stages. In Mueller et
al. (2024b) we show the same pattern for IMF macro programs.

The documented allocations of resources reinforce the impression that there
are little to no systematic conflict prevention policies in place at the global level.
Generally, there is substantial engagement in countries at high risk but the engage-
ment is focused on economic development and fiscal aspects.” The intuition could
be that what is good for economic development is automatically reducing conflict.
However, the literature documents some counter-examples, e.g. Dube and Vargas
(2013), Berman et al. (2017), Sonno (2024).

In summary, our analysis suggests that there are attainable information gains.

%It should be mentioned that there is country heterogeneity by donor country here with the UK
more heavily engaged with a different policy mix in preventative stages. Our conversations with
the FCDO clearly indicate an awareness of the problems pointed out here.
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Status quo policies are reacting to violence or not directly addressing conflict risk.
This is despite a large literature in economics analyzing causal factors for risks and

showing that there are interventions that can help address conflict risks.!’

0For a recent review see Rohner (2024).
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Figure F1: Allocation of resources across stages
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NOTES: In Panel A an observation is defined as a country/month. The figure shows the share
of observations, conditional on the stage, in which power-sharing agreements took place in
the period 2010-2020. Panels B, C, and D show average monthly expenditure (US$mn) on
specific ODA categories by stage, sourced from the OECD. Panel B shows the ODA spending
on peace and security, panel C shows ODA spending on government and civil society, and
panel D shows ODA spending on economic aid.
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