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ABSTRACT KEYWORDS

Do conflict processes exhibit repeating patterns over time?  Civil warconflictmethodolo-
And if so, can we exploit the recurring shapes and structures gyforecastingdynamic time
of the time series to forecast the evolution of conflict? Theory ~ Warpingshapetime series
has long focused on the sequence of events that precedes

conflicts (e.g., escalation or brinkmanship). Yet, current empir-

ical research is unable to represent these complex interactions

unfolding over time because it attempts to match cases on

the raw value of covariates, and not on their structure or

shape. As a result, it cannot easily represent real-world rela-

tions which may, for example, follow a long alternation of

escalation and détente, in various orders and at various

speeds. Here, | aim to address these issues using recent

machine-learning methods derived from pattern recognition

in time series to study the dynamics of casualties in civil war

processes. | find that the methods perform well on out-of-

sample forecasts of the count of the number of fatalities per

month from state-based conflict. In particular, our results yield

Mean Squared Errors that are lower than the competition

benchmark. We discuss the implication for conflict research

and the importance of comparing entire sequences rather

than isolated observations in time.

JLos procesos de conflicto muestran patrones que se repiten
con el paso del tiempo? Y si es asi, ;podemos aprovechar las
formas y estructuras recurrentes de las series temporales para
prever la evolucién del conflicto? Durante mucho tiempo, la
teoria se ha centrado en la secuencia de acontecimientos que
preceden a los conflictos (por ejemplo, la escalada o la politica
suicida). Sin embargo, la investigacion empirica actual es inca-
paz de representar estas complejas interacciones que surgen a
lo largo del tiempo porque trata de comparar los casos en
funcién del valor bruto de las covariables, y no de su estruc-
tura o forma. Por consiguiente, no puede representar
facilmente las relaciones del mundo real que, por ejemplo,
pueden seguir una larga alternancia de escalada y distensién,
en varios 6rdenes y a distintas velocidades. En este articulo,
mi objetivo es abordar estas cuestiones utilizando métodos
recientes de aprendizaje automatico derivados del reconoci-
miento de patrones en series temporales para estudiar la
dindmica de las bajas en los procesos de guerra civil. Me par-
ece que los métodos funcionan bien en las previsiones fuera
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de muestra y, en particular, arrojan Errores Cuadraticos Medios
inferiores a la referencia de la competencia. Se analizan las
implicaciones para la investigacion de conflictos y la importan-
cia de comparar secuencias completas en lugar de observa-
ciones aisladas en el tiempo.

Les processus de conflit présentent-ils des schémas qui se
répétent au fil du temps ? Et si tel est le cas, pouvons-nous
exploiter ces formes et structures récurrentes de la chronolo-
gie pour prédire I'évolution du conflit ? La théorie s'est long-
temps concentrée sur la séquence d'événements qui précéde
les conflits (p. ex. escalade ou stratégie du bord de I'abime).
Pourtant, les recherches empiriques actuelles ne sont pas en
mesure de représenter ces interactions complexes qui se
déroulent au fil du temps car elles tentent d'apparier des cas
sur la base de la valeur brute de leurs covariables, et non sur
celle de leur structure ou de leur forme. Elles ne parviennent
par conséquent pas a représenter facilement les relations du
monde réel qui peuvent, par exemple, suivre une longue alter-
nance entre escalade et détente, dans divers ordres et a
diverses vitesses. Mon objectif est ici d'aborder ces problemes
en utilisant de récentes méthodes de machine learning
dérivées de la reconnaissance des schémas des chronologies
pour étudier les dynamiques des pertes lors des processus de
guerre civile. Je constate que ces méthodes sont performantes
pour les prévisions hors échantillon, et en particulier qu'elles
produisent des erreurs quadratiques moyennes inférieures par
comparaison a leurs méthodes concurrentes. Nous abordons
I'implication pour les recherches sur les conflits et 'importance
de comparer l'intégralité des séquences plutoét que des obser-
vations isolées dans le temps.

Do conflict processes exhibit repeating patterns over time? And if so, can
we exploit the recurring shapes and structures of the time series to forecast
the evolution of conflict? Theory has long focused on the sequence of
events that precedes conflicts (e.g., escalation or brinkmanship). Yet, cur-
rent empirical research is unable to represent these complex interactions
unfolding over time because it attempts to match cases on the value of
covariates, and not on their structure or shape. In other words, it cannot
easily represent real-world relations which may, for example, follow a long
alternation of escalation and détente, in various orders and at various
speeds. Consider for example the sometimes elaborate patterns of guerilla
warfare, in which rebels conduct repeated small attacks before retreating
after a more or less prolonged engagement." Or consider the issue of power
transitions which may take place rapidly or over extended durations, mak-
ing it particularly challenging to measure empirically. Deescalation is also

1A|bright, Cash, and Sandstrum (1970), for example, describe a typical ambush attack by the the Viet Cong.
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rarely linear and can follow complex patterns of decreased violence fol-
lowed by pauses and even re-escalation, as evidenced by the US’s pro-
tracted retreat from Vietnam. Lags of a few orders might be included in a
regression to account for issues of autocorrelation, but they cannot repre-
sent the potentially complex trajectories followed by armed conflicts and
their associated casualties.

Here, I aim to address these issues using recent machine-learning meth-
ods derived from pattern recognition in time series to study the dynamics
of casualties in civil war processes. The novelty is to move away from the
current reliance in the social sciences on covariance structures of the raw
signals and to supplement these typical approaches with methods to extract
shapes and better understand the patterns of escalation into violence.

Methodologically, existing approaches in the social sciences typically rely
on the relationship between individual observations (e.g., country-year).
They do so by matching a given situation with another that shares similar
covariate values. Researchers may, for example, find that countries with a
combination of high ethnic fractionalization, low GDP, and weak institu-
tions are particularly prone to civil war onset. Most of the recent work on
conflict forecasting relies on these methods (Beck, King, and Zeng 2000;
Chadefaux Chadefaux, 2017b; Gleditsch and Ward 2013; Hegre
et al. 2017).

However, this ‘matching’ on the value of covariates does not make use of
time dependence in the sequence. These approaches are unable to incorp-
orate the more complex dynamics of escalation that typically arise (Morrow
1989; Reiter 2003). This is unfortunate, as most real-world interactions can-
not be understood simply as a function of the current state of a variable, or
even of many variables and their interactions. Modeling the type of com-
plex back and forth, up and down, aggression-appeasement—escalation pat-
terns that are common in civil conflicts is difficult.

Some methods (e.g., ARIMA) may include additional components aimed
at modeling temporal dynamics. Lags, first differences, or regression
splines, for example, may account for time dependence. However, even the
most complex lag structure can miss important temporal patterns, for two
main reasons. First, lag structures become increasingly complex as the
number of lags increases. Such models can quickly become unwieldy in
highly nonlinear patterns — ones we expect to be the norm rather than the
exception in complex strategic interactions such as the ones preceding con-
flict. Second, even assuming that we knew the correct autoregressive struc-
ture, these models are unable to deal with accelerations or slowdowns. The
same type of events can take place at different speeds. For example, a pat-
tern of escalation may take place over a few months or an entire year,
even though they are generated by the same underlying process. Lag
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models will still attempt to match observations one-to-one - e.g., the first
lag of the dependent variable for Burundi with the first lag for Rwanda,
even though the relevant comparison may be the first lag for Rwanda and
the third for Burundi.

This inability to incorporate complex nonlinear temporal patterns may
explain why, in existing approaches, the lagged dependent variable is
almost always the best predictor - the immediate past best explains the
current state of the system (Chadefaux 2017a; Doran 1999). These chal-
lenges are likely to be even more pronounced in the context of conflict
dynamics, where the static value of covariates is unlikely to be enough to
predict the evolution of conflict.

Instead, I use here entire sequences of events — and not single observa-
tions — as units of analysis. This makes it possible to extract potentially
complex motifs and highly nonlinear patterns, as opposed to only basic
trends or static values. It also makes it possible to address potentially dis-
torted and time-warped patterns.

To better understand the importance of studying sequences as a whole,
rather than as a set of more or less independent observations, consider a
simple illustrative example. Suppose that we observe a conflict-related pro-
cess, such as the number of casualties in a particular unit-month (top plot in
Figure 1; vertical dotted lines denote the timing of a particular event to be
predicted - e.g. the change in the number of deaths). We are then interested
in finding similar patterns in the future, with the expectation that the simi-
larities will help us anticipate the likely outcome of that sequence of events.

Unfortunately, a correlation-based approach - whether it be a regres-
sion, random forest, neural network, etc. — applied to the data points is
unable to detect any pattern here. This is regardless of the number of
lags, first differences, splines, or “time since the last event” variables we
include (Beck, Katz, and Tucker 1998). The problem is not the model
itself, but rather that we do not treat sequences as the unit of
observation.

If instead we decompose the series into sequences, we then realize that
the same pattern repeats three times, albeit over different durations (second
row). Isolating each one, it then becomes clear that they are all noisy ver-
sions of a general motif, of a form that could be summarized as ‘up 1,
down 1/2, up 1".

Moreover, a correlation-based approach would fail here for another rea-
son, because it requires the same number of observations in each sequence.
This is unfortunate, as the same underlying conflict dynamic may take
place over different time spans - e.g., 3, 6, 12 months - and yet share a
general underlying pattern. That pattern would be missed using stand-
ard approaches.
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Figure 1. One-to-one measures of distance fail to discern patterns

Methods

In line with the ViEWS competition’s guidelines (Hegre, Vesco, and
Colaresi 2022; Vesco et al. 2022), our goal is to “predict substantial change,
upwards or downwards, in the count of the number of fatalities per month
from state-based conflict - as defined by the Uppsala Conflict Data
Program [...] - and within the parameters set by the VIEWS project, over
a subset of the forecasting horizon.” More specifically, the task is to cor-
rectly predict the change in the log of the number of casualties from a
period t to another period t+s. An ‘observation’ therefore refers to the
value of An(Y;;+ 1)), where Y is the number of fatalities recorded in the
UCDP dataset and aggregated to the VIEWS units of analysis. Here we
make forecasts for both country- and PRIO-grid months.” Extending the

2Details of the competition are not reproduced in this short note but are available in the introductory article.
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analysis to the PRIO-grid level has two important advantages: it allows us
to analyze subnational patterns, and it also allows us to avoid the con-
straints of administrative boundaries when the operations of many violent
actors are in fact cross-national in nature.

Comparing Sequences

Each unit (i.e., either country or PRIO-grid) has a total of 378 months of
observations from 1989 to 2020. The first step is to split these 378 observa-
tions into sequences of one year (ie., 12 observations per sequence).” A
particular sequence is denoted by s;;, where i refers to the unit (country or
PRIO-grid) from which this sequence was extracted, and ¢ to the last
month of the 12-month sequence. For example, syjgeria 380 refers to the set
of observations of An(Y;;+ 1)) for Nigeria that starts in Sept. 2010
(month 369) and ends in August 2011 (month 380). That particular
sequence is displayed in Figure 2b.

The next step is to compare these 12-month sequences to each other.
Intuitively, sequences that are similar (discussed below) are expected to
lead to the same outcome (escalation/de-escalation), and dissimilar ones to
different outcomes (see eqn. 1). Practically, each sequence is first z-normal-
ized and then compared to other sequences from the past and other coun-
tries.* More specifically, a distance metric is calculated between each pair
of sequences s;; and sj.; ,«; occurring at times ¢ and u respectively.5 For
example, the 12-month sequence for Nigeria’s casualties discussed above is
compared to the 12-month sequence for Chad from Sept. 2009 to August
2010, as well as to the 12-month sequence for Tunisia from Jan. 1995 to
December 1995, and so on.

Dynamic Time Warping

To compare sequences, I rely on Dynamic Time Warping (Berndt and
Clifford 1994), which is an algorithm that measures the similarity between
two temporal sequences that may vary in speed. These sequences may have
approximately the same shape, but do not line up on the X-axis. To find

*Admittedly, the choice of a sequence of length 12 is arbitrary and driven by computational cost. Future work
could vary this meta-parameter to analyze longer sequences.

“I discuss below what is meant by “compared”. Normalizing is important to avoid matches solely due to similar
raw values, and also because it is known empirically to lead to fewer classification errors (Keogh and
Kasetty 2003).

*We only compare to past observations for obvious reasons. We also exclude observations from the source
country to avoid any possible contamination (e.g., sequences Syigeria, 380 and Snigeria, 31 Overlap over 11 months.)
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Figure 2. Dynamic time warping. (a) lllustration of the DTW method. Similar shapes are not
aligned in the time axis. As a result, Euclidean distance will lead to a large distance, because it
assumes a one-to-one alignment in the two sequences. Instead, a nonlinear dynamic time
warped alignment (i.e., a Euclidean distance based on the warped series) reveals the proximity
between the two sequences; (b) Point-wise comparison of sequences Syjgeriq, 380 aNd Spagistan, 197-
Alignments are displayed in red; (c) Cost matrix and warping curve (blue). Each cell shows the
Euclidean distance between observation X; and X;. The warping path is the one with the smallest
cumulative distance

their similarity, we will therefore need to first preprocess them by ‘warping’
the time axis of either (or both) sequences in order to better align them.
This is particularly appropriate for the problem of escalation and the ups
and downs of conflict, as these may take place over shorter or longer peri-
ods but still present the same pattern. The basic idea is to match two series
by allowing one observation in series i to be matched with several in series
j. Series are shifted, scaled, or stretched in a way that minimizes their dis-
tance (see Figure 2a for illustration®). This type of problem cannot easily

S|llustration by the Wikimedia Commons, distributed under a CC-BY-SA-4.0 license.
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be addressed by standard approaches to time series, as they fail to detect
patterns that do not match one-to-one.

More precisely, consider two sequences: a query X = (xj, ...,xy) and a
reference Y = (y,...,yn). We calculate a warping curve &(k),k=
1, ..., T as:

d(k) = (bx(k), d,(K)) (1)

Intuitively, the warping functions ¢, (k) and ¢, (k) form a new mapping of
the indices of X and Y - one that allows a distortion in the time axes.
Based on that mapping, an average accumulated distortion is calculated
between the two (warped) series:

3 Y) = 3 d((K), b, (K))m () M,
k=1

where d is the Euclidean distance, mg (k) is a (user-defined) per-step weighting
coefficient and My is a normalization constant to allow for comparisons. In
short, the Euclidean distance is calculated between the two realigned series, as
opposed to the two original series.

Consider for example the initial values of the following two sequences
(the full sequences are displayed in Figure 2b):

SNigeria, 380 — (051, 034, — 195, 195, .. )

SPakistan, 197 = (0.28, — 1.63, —2.08,1.10, ...)

Note that the first observation in both sequences is similar, with a
(Euclidean) distance of only 0.23 between them. On the other hand, the
distance between the second observations is large (d(0.34,1.63) = 2).
However, the second observation of Nigeria and the first of Pakistan are
still close to one another, and so will be paired. In turn, the third observa-
tion for Nigeria is close to the second and third observation for Pakistan,
and so are paired. We continue in this manner until we reach the end of
both series.

Figure 2b, Figure 2c illustrate the process visually. In Figure 2b, we rep-
resent the warping path between the sequbence syjgeria, 380 and its closest
match. The red dotted lines indicate which observations are matched
together. We see, as discussed above, that the first and second observations
for Nigeria are paired with the first observation for Pakistan, and so on.
The cost matrix, displayed in Figure 2c, shows the pairwise distance
between each observation of the two sequences (e.g., 0.2 at the bottom cor-
ner corresponds to the distance between 0.51 and 0.28). The warping path
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is then obtained by aligning each sequence’s indices in a way that mini-
mizes the cumulative distance between the two sequences.”

This process of comparing the distance between two warped series is
repeated for every pair of sequences in our data. This yields a distance dj
between i and j, which is a measure of how dissimilar two sequences are
after aligning them using the DTW algorithm.® I now discuss how these
distance measures d}; are combined to generate a forecast.

From Similarity to Predictions

It will be convenient to define f; ; as the ‘future’ of sequence s; ;. For example,
Jfi,+ for sNigeria, 380 is the observation of the change in the number of fatalities in
Nigeria from month 380 to month 381 (i.e., what we observe in month 381).
Then the uncalibrated predicted change in fatalities for sequence s; ;, which we
denote by f i, 18 simply calculated as the average of the futures of past sequen-
ces, weighted by their similarity (i.e., the inverse of their distance):

4 1 1
fu=y 2 (dwﬁ,tj) 2)

jRi <t \ U

Intuitively, f ;¢ is obtained by comparing sequence s;; to past sequences
Sj,t,<t, and forecasting the future of s;; as a weighted average of the future
of those comparison sequences. Past sequences s;. that are similar (i.e.,
those with a small d}?) are expected to lead to similar outcomes and hence
are assigned a large welght whereas dissimilar sequences (large d};) receive
a low weight (i.e., lfdg-’ is small).

Figure 3 illustrates the process of estimating a forecast for Egypt,
Mozambique, and Cameroon (country-level). As described above, the
source data (in black) is compared with past sequences. Sequences that
are similar - i.e., those with a low time warped distance — are assigned
a large weight (in black), whereas dissimilar ones receive a low weight.
Predictions for October 2020, for example, are a weighted average of the
first “future” point in the dotted line on the red graphs (as well as those
of hundreds of other sequences that cannot be included in the figure).

Finally, we obtain a calibrated version of f ¢ by regressing by OLS f; ; on
f ¢ for all £ < 2014. Using the estimated coefficients, we then calculate fit-
ted values for ¢ € [2014,2016], and so on for all relevant forecast sets.

A good review of DTW is Rabiner (1993, ch. 4).
8For more on the DTW algorithm, see (Berndt and Clifford 1994).
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Figure 3. Sample predictions and best matches. Source sequences (in black) are matched with
past sequences. Best matches (i.e., those with small time warped distances) are displayed in red.
Predicted values for Oct. 2020-March 2021 (black dashed lines) are obtained as the weighted
average of the future of other past sequences (red dashed lines), weighted by their similarity.

Results

By applying these methods to all sequences, we can make true forecasts for
the period that immediately follows the competition (i.e., October
2020-March 2021), as well as ‘backward’ looking forecasts for the 2017-19
sample (ie., using information until, for example, Dec. 2016 to predict
Jan. 2017).

We predict a small overall increase in the number of casualties over the
period Oct. 2020-March 2021 (Figure 4a). More deaths are expected in
November and December than in February or March, and we expect a rise
in the number of deaths in Mozambique, but a decline in Egypt and
Cameroon (Figure 4b). Maps of our predictions broken down by country
and PRIO-grid, are also displayed in Figure 5. For October 2020, for
example, the largest expected increase is in Benin and the largest decrease

in Egypt.
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Figure 4. Predicted change in violence, Oct. 2020-March 2021

To estimate the quality of our forecasts and compare them to other
approaches, we also calculated the mean-squared error (MSE) for both
country-month and PRIO-grid month forecasts over the period 2017-19
(Africa only). We report results for three models for each step.” The three
models are: (i) our DTW model described above (also referred to as
‘shape’); (ii) a simple constant model, where f; ; is simply estimated to be a
constant (equal to the past average change in casualties); and (iii) the
benchmark model reported in the VIEWS paper.

Overall, the results are encouraging. Qualitatively, we find that 83% of
the actual outcomes fall within our 25%-75% prediction range (obtained by
bootstrapping). In other words, there is an 83% chance that the outcome
will indeed be within the given range. More generally, the MSE for the
Dynamic Time Warping model significantly improves upon both the
benchmark and the constant models (Figure 6). This is true for all values
of ‘step,” and at both country-month and PRIO-grid month level. Similarly,
we also find that the Pseudo-Earth Mover Divergence score for our
approach significantly improves upon the benchmark (Appendix table 2?)."°
The Targeted Absolute Distance With Direction Augmentation (TADDA)
score also significantly improves upon the benchmark, but is worse than
the ‘constant’ model (Appendix Fig. 2?). This is likely due to the fact that
the constant model is very conservative in its estimate (i.e., it always fore-
casts a change close to zero), and therefore never crosses the threshold
needed to trigger any penalty (see introductory chapter for details on the

°As a reminder, ‘step 2' means for example using data up to January to forecast March

HEMDiv scores were obtained from the work of the VIEWS team and are as reported in the introductory article
to this journal's issue.
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Figure 5. Prediction maps for October 2020 and March 2021, country- and PRIO-grid months
(courtesy of the VIEWS team)

TADDA score). Finally, for illustration purposes, we also report in the
appendix the prototypes of the most common shapes observed in the over-
all data and in the observations with the highest expected (de-)escalation
(Appendix Fig. 22).

Discussion

The results are overall encouraging and underline the importance of incor-
porating more complex temporal dynamics into existing forecasting efforts.
Methods that allow temporal matching on the basis of distorted or warped
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Figure 6. Mean squared error for country-month and PRIO-grid-month predictions of the
change in log fatalities (test partition: 2017-19, Africa). ‘Shape’ is the model based on dynamic
time warping; ‘Constant’ forecasts the past average value of casualties (i.e., regression on a con-
stant). Benchmark estimates are represented by a single line. Lower values indicate better pre-
dictions. All pairwise differences are significant at p < 0.01 using either a t-test or
Wilcoxon test

sequences offer a flexible approach to time series that may allow to uncover
dynamics that would otherwise remain undetected.

In addition, the current results arise only from the use of the shape-
based approach. The predictive gains are achieved without adding new
information or data to the model - simply by using fluctuations in the
dependent variable itself. Combining the predictions obtained here with
models with additional covariates would further improves the result. One
way to do this is to incorporate the predictions made here into an ensem-
ble model of other predictions. The results of so doing are reported in the
introductory chapter of this issue. They show that the forecasts that arise
from the present shape-based approach do contribute to improve upon
other methods.

There are, however, limitations to the current approach. First, we have
limited ourselves to the comparison of sequences of the same size
(12 months). This still lets us compare dynamics that may take place at dif-
ferent speeds — e.g., a few months vs. an entire year. However, it does not
allow us to compare potentially much slower processes (e.g., taking place
over 2 years) that may exhibit the same pattern. Ideally, we would therefore
first vary the 12-month window. Furthermore, we could compare windows
of different sizes to each other - e.g., sequences of 12 months to others of
24 or 37 months. However, one issue with varying the duration of the
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sequence is the computational cost. At the moment, we are already apply-
ing dynamic time warping to millions of pairs of series. One obvious solu-
tion for the future would be parallelization, to which this problem lends
itself well since our unit of analysis — the sequence-pair - is small and each
pair of sequences can be analyzed on a different core.

Another technical limitation of the approach taken here is our choice of
the weight to apply to past sequences in determining the likely future of a
sequence of interest. Sequences are weighted by their proximity to the
‘query’ sequences using a simple inverse function. This may result in stron-
ger predictions being washed out by other predictions, and may explain
our narrow set of predictions, which is closely centered around zero. Risky
predictions are rarely made. While this leads to good results in terms of
out-of-sample metrics such as the Mean Squared Error, the approach may
be poor at identifying radical changes. In future work, we will therefore
aim to change the weights assigned to past sequences. For example, it may
be best to simply assign a weight of one to the most similar sequence, and
zero to all the other sequences. This would likely result in more extreme
predictions, though possibly at the cost of lower accuracy.

Finally, we plan in future work to complement this approach with others
that incorporate geography more explicitly. In particular, dynamic space
warping would allow us to compare geographic patterns by warping them
to match others. Other avenue of future research include the temporal clus-
tering of patterns. For example, do patterns in the early 1990s differ from
those of the late 2020s? Such temporal disaggregation would potentially
allow us to weigh past sequences by their temporal distance, as well as to
possibly understand how patterns evolve over time - possibly as a response
to the systemic or structural environment, or to changes in military tactics
and technology or policy preferences. Patterns may also vary not only tem-
porally, but also by type of violence, by actor, or by tactic.""

Overall, the method presented here offers a number of advantages in the
present case, but also for further applications. First, it is radically different
in its approach to existing correlation-based approaches. As such, it is likely
to add information to existing forecasts. Furthermore, it requires little in
terms of data. In fact, all we use here is the variable to be predicted itself.
No additional covariates are needed. This is not to say that covariates are
not useful, as shown in the introductory article of this journal’s issue, but
rather that covariates are not necessary. This could prove particularly useful
for policy-makers who may not have access to the right socio-economic
data at the relevant level of prediction.'” Intuitively, we all already perform

| thank an anonymous reviewer for this suggestion.

2| am grateful to an anonymous reviewer for this suggestion.
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similar mental forecast based on existing patterns. People on the field may
‘expect’ things to get worse when they recognize a familiar pattern of escal-
ation and deescalation. The advantage of the present method is to formalize
such intuitions in a way that takes advantage of more data and aggregates
it more effectively.
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